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Abstract: As new technologies rapidly evolve and consumer habits and lifestyles change, there is a
noticeable shift toward online shopping and services among customers. Consequently, there has been a consistent
surge in the volume of customer data. A significant portion of these data revolves around consumers’ perceptions
and opinions regarding organizations’ products or services. This study aims to develop a novel hybrid CNN-LSTM
model to analyze customer sentiment and satisfaction with e-commerce platforms. By integrating deep learning
techniques with sentiment analysis and natural language processing, this approach offers a comprehensive system
capable of understanding consumer feedback with greater accuracy. The purpose is to create a robust tool for
precision marketing that not only captures customer sentiments, but also enhances decision-making in e-commerce.
These data are of considerable importance for market intelligence collectors operating in areas such as marketing,
customer relationship management, and customer retention. Sentiment analysis is employed to scrutinize customer
sentiment, marketing campaigns, and product evaluations, thus assisting e-commerce companies in acquiring a
more profound understanding of their customers’ viewpoints and satisfaction with a product or service. This
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valuable insight can help managers improve their decision-making regarding future products and services,
marketing strategies, promotional channels, and customer service improvements. By harnessing artificial
intelligence techniques, such as deep learning, sentiment analysis, and natural language processing, it becomes
possible to create and implement systems capable of analyzing consumer satisfaction and feedback on e-commerce
platforms. The novelty of this study lies in its innovative combination of CNN and LSTM architectures, which
allows the model to effectively capture both spatial and temporal patterns in textual data, providing deeper insights
into consumer behavior than traditional methods. A case study was conducted using authentic data from an e-
commerce enterprise in Ghana to demonstrate the practical application of our approach. The research findings
revealed that the suggested model yielded positive results. The proposed hybrid CNN-LSTM model is applied to
target marketing to obtain precise consumer profiles and enhance decision-making, with the aim of increasing
enterprise revenue.

Keywords: artificial intelligence; decision-making; deep learning; natural language processing; e-
commerce
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1. Introduction

In recent years, the consumer market has undergone
a notable transformation owing to the rapid expansion
of digital networks and the proliferation of information
technology [1]. This transformation has led to the
widespread adoption and advancement of various
technologies, including the internet, mobile devices,
logistics solutions, and secure payment systems.
Concurrently, there has been a notable evolution in
consumer behavior and preferences, with an increasing
number of people embracing online shopping as their
primary method for purchasing goods and services. The
development of e-commerce has been propelled by

technological advancements and shifting consumer
trends [2]. What started as a niche market has now
become a global phenomenon, with online shopping
emerging as a preferred mode of commerce for
consumers worldwide. This transition has been
facilitated by the convenience, accessibility, and variety
offered by e-Commerce platforms. Furthermore, the
rise of e-commerce has been significantly propelled by
the COVID-19 pandemic, as the imposition of
lockdowns and social distancing measures has led more
consumers to rely on online platforms for their
shopping needs [3]. This surge in online shopping has
underscored the resilience and adaptability of e-
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commerce businesses, further solidifying their position
as key drivers of economic growth. As e-commerce
continues to mature and innovate, it is poised to play a
more significant role in shaping the future of retail and
commerce. Investments in emerging technologies such
as artificial intelligence, augmented reality, and
blockchain are expected to further enhance the online
shopping experience, driving continued growth and
expansion of the e-commerce sector.

The emergence of online services and e-commerce
platforms has led to the generation of vast amounts of
data on customer behavior, preferences, and sentiments
[4]. Through every interaction, a user makes valuable
data on these platforms, whether it is browsing
products, making purchases, leaving reviews, or
engaging with customer support. These data encompass
a wide range of information including demographic
details, browsing habits, purchase history, feedback,
and social media interactions. With the advent of
sophisticated tracking tools and analytics platforms,
businesses can effectively gather, process, and analyze
data to gain deep insights into customer preferences
and trends [5]. Through the use of sophisticated
algorithms and machine learning methods, businesses
can uncover patterns, correlations, and predictive
models that help them understand what drives customer
behavior and satisfaction. This wealth of data not only
allows businesses to customize their products and
marketing approaches according to the unique
preferences of each customer but also facilitates the
development of personalized recommendations,
targeted promotions, and seamless user experiences.
Moreover, the continuous accumulation of customer
data allows companies to iteratively refine their
products and services, adapt to evolving market trends,
and stay ahead of competition in the fast-paced world
of online commerce.

Client comments and feedback on e-commerce
platforms are invaluable resources for understanding
customer needs and measuring user satisfaction, which
in turn enhances decision-making in marketing [6].
These comments offer direct insights into the
experiences, inclinations, and challenges faced by
customers, providing businesses with a clear
understanding of what drives customer satisfaction [7].
By systematically analyzing feedback, companies can
recognize patterns, trends, and opportunities for
enhancement, allowing them to adjust their products,
services, and marketing strategies to meet customer
expectations more effectively. Moreover, monitoring
sentiment in client feedback allows businesses to gauge
overall user satisfaction levels and prioritize initiatives
that most effectively strengthen customer loyalty. By
incorporating insights from client feedback into
marketing decision-making processes, businesses can
develop more targeted and effective campaigns,
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address customer concerns, and ultimately achieve
sustained success in a competitive e-commerce
landscape. Sentiment analysis is a branch of computer
science that examines sentiments expressed in text with
a focus on extracting opinion data. Also known as
opinion mining or emotion Al, this technique employs
natural language processing (NLP) to assess whether
text data conveys positive, negative, or neutral
sentiments. It is widely utilized to analyze textual data,
particularly to assist companies in monitoring customer
feedback for brand and product insights. Understanding
customer preferences, including the products that they
are likely to recommend, poses a significant challenge
for e-commerce businesses.

The integration of deep learning methods with
sentiment analysis plays a pivotal role in analyzing
client satisfaction and enhancing decision-making in
precision marketing. Deep learning algorithms, with
their ability to process large volumes of complex data
coupled with sentiment analysis techniques, offer a
powerful tool for extracting valuable insights from
client feedback and sentiment-expressed text. This
combined approach allows businesses to attain a more
profound comprehension of client sentiments,
including subtle nuances, such as sarcasm or implicit
emotions, which traditional methods might miss. By
uncovering hidden patterns and correlations within
client feedback data, businesses can personalize their
marketing strategies more effectively, ensuring that
messages resonate with individual clients at a deeper
level. Ultimately, the integration of deep learning and
sentiment analysis empowers businesses to make more
precise and informed decisions for accurate marketing,
leading to improved client satisfaction and loyalty.

This study aims to enhance decision-making in
accurate marketing. To achieve this goal, this study
introduces a hybrid (convolutional neural network -
long short-term memory) CNN-LSTM model based on
sentiment analysis to analyze client satisfaction and
comprehend client needs. By leveraging the advantages
of both the CNN and LSTM networks, the proposed
model excels in extracting nuanced sentiments from
textual data and capturing temporal dependencies
within the sequence of sentiments. This innovative
approach allows for a comprehensive understanding of
consumer sentiment, allowing businesses to acquire
profound insights into customer preferences and
behavioral trends. By applying the proposed method to
precision marketing, businesses can generate precise
portraits for consumers and identify their preferences,
interests, and pain points with high accuracy. Based on
these insights, businesses can effectively tailor their
marketing  strategies,  delivering  personalized
experiences and targeted offerings that resonate with
individual consumers. Ultimately, the proposed method
empowers businesses to make well-informed decisions,
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allocate resources efficiently, and improve customer
satisfaction in the dynamic landscape of accurate
marketing.

2. Literature Review

With the rapid rise in competition within the online
market, enterprises face a pressing need to develop
targeted and precise marketing strategies. Precision
marketing aims to help companies create effective
strategies that meet customer desires while maintaining
market competitiveness through low cost, rapid
implementation, and optimized resource use. To
address this challenge, artificial intelligence methods
are specifically selected for their powerful capabilities
to enhance accurate marketing efforts. In the ever-
changing online market, where competition is fierce
and consumer behavior complex, deep learning excels
in recognizing and analyzing intricate patterns. These
algorithms can adapt to and learn from new data,
ensuring that marketing strategies remain flexible and
responsive to shifting market trends. By utilizing deep
learning and sentiment analysis, enterprises can
efficiently analyze client satisfaction and improve
decision-making in accurate marketing. Deep learning
algorithms can process large volumes of complex data
and, when combined with sentiment analysis
techniques, provide a robust toolset for extracting
valuable insights from client feedback and sentiment-
expressed text. This combined approach allows
businesses to gain a deeper understanding of client
sentiments, including subtle nuances, such as sarcasm
or implicit emotions that traditional methods might
overlook. By uncovering hidden patterns and
correlations within client feedback data, businesses can
personalize their marketing strategies more effectively,
ensuring that messages resonate with individual clients
at a deeper level. Ultimately, integrating deep learning
and sentiment analysis enables businesses to make
more precise and informed decisions in precision
marketing, resulting in improved client satisfaction and
loyalty.

Research on predicting customer preferences by
analyzing feedback to enhance marketing decisions has
resulted in the creation of various techniques, with a
particular emphasis on artificial intelligence methods.
An extensive study on Arabic sentiment analysis
models was presented in [8] with an emphasis on deep
learning applications in e-marketing. This study
evaluated current methodologies and performance
metrics while exploring potential enhancements in
preprocessing techniques. To detect polarity-based
sentiment features and calculate sentiment scores for
products, a novel automatic recommender system was
introduced that employs hybrid deep-learning
techniques for sentiment analysis across different levels
[9]. This system enables product ranking based on
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positive attributes and utilizes visualization tools such
as dashboards to support decision-making for
marketers and consumers. Validated through an
analysis of smartphone reviews from various e-
commerce platforms, the method demonstrated
promising results and significantly improved the
effectiveness of recommender systems. Raju et al. [10]
addressed the problem of customer evaluation on e-
commerce platforms by proposing an advanced
sentiment analysis model designed to enhance
consumer experience. The model utilizes Fejer Kernel
filtering for accurate data estimation, and employs
fuzzy dictionary-based semantic word feature
extraction. Feature extraction optimization was
achieved through Simulated Annealing, and customer
opinions were classified using the BERT deep-learning
model. Additionaly, to assess customer reviews and
assist patrons in making safe dining decisions during
the COVID-19 pandemic, a model was proposed that
combines Bidirectional LSTM with Simple Embedding
and Average Pooling for evaluating customer opinions
[11]. A case study involving 112,412 restaurant reviews
from Yelp.com in the first half of 2020 was used to
simulate the proposed model. A methodology for
sentiment analysis and opinion mining aimed at
tackling the intricate challenges of automating
sentiment detection in texts across multiple languages
was introduced in [12]. Their approach employs a
machine learning framework that vectorizes textual
documents to train a polarity classification model. The
experiments were performed on datasets consisting of
online user reviews in both Greek and English.
Additionally, a comparative analysis of various deep
learning models and input features, demonstrated the
increasing effectiveness of deep learning in sentiment
analysis [13]. According to [14], a proposed novel sales
forecasting method combines sentiment analysis with
the Bass/Norton model, utilizing both historical sales
data and online review content. They validated their
approach by using real-world data from the automotive
industry and associated online reviews. Some studies
have compared various deep learning models, such as
LSTM, CNN, and K-NN, to evaluate customer
sentiments on social media in the context of English
language evaluation [15, 16]. Therefore, according to
[17], a hybrid model that combines BiLSTM and CNN
was proposed for predicting e-commerce sales by
incorporating customer reviews into the forecasting
process. This approach illustrates how the combination
of product attributes and comment sentiments can
accurately forecast sales. The SLCABG model was
proposed to extract principal sentiment and contextual
features from reviews in a Chinese-language dataset
gathered from an e-commerce site [18]. A proposed
approach for sentiment analysis [19] focuses on text
from various Internet and social media platforms, and

Page | 62



Journal of Hunan University (Natural Sciences)

recognizing it as a crucial form of unstructured data.
Their technique encompasses a thorough process
including data collection, preprocessing, feature
encoding, and classification using three variations of
long short-term memory (LSTM) models. This study
aims to address the challenges of accurately detecting
the polarity of consumer reviews based on large
volumes of data. By applying their method to different
textual datasets, they demonstrated that their approach
not only produced better or comparable results but also
reduced computational complexity. This study
highlights the significance of sentiment analysis in
extracting meaningful insights from consumer reviews
and social media content. According to [20], a deep
neural network model is designed to extract meaningful
features from the review characteristics matrix,
effectively addressing challenges such as sparsity,
ambiguity, and redundancy. To manage the massive
influx of textual content generated daily from sources,
such as social media, e-commerce sites, and news
websites, a consumer review summarization model
utilizing NLP techniques and LSTM was developed
[21]. This model aims to provide businesses with
concise summaries of customer feedback, helping them
to better understand consumer behavior and
preferences. Additionally, a method for evaluating
service quality in e-commerce was proposed in [22] by
analyzing customer reviews, offering a quicker
alternative to traditional sampling methods. They
employed sentiment analysis to classify online reviews
into positive and negative sentiments using machine
learning techniques. Xu et al. a proposed continuous
Naive Bayes learning framework improves sentiment
classification of product reviews from e-commerce
platforms [23]. The authors introduced methods to fine-
tune the learned distributions based on three types of
assumptions, thereby enhancing the model adaptability
to various domains. A Hindi-based sentiment analysis
method was tailored for e-commerce applications in
[24] using Twitter as a key data source for customer
opinions on products. Recognizing the complexity of
sentiment analysis in Hindi, they utilized an LSTM
model combined with a continuous bag of words
(BoW) approach.

Based on the literature review, we observed that
studies combining deep learning and sentiment analysis
for the Arabic language to enhance decision-making
and develop targeted marketing are rare. Most studies
focus on other languages, such as English and French,
whereas those addressing Arabic primarily aim to
detect customer churn. In this study, we propose a
decision-making framework that integrates deep
learning with sentiment analysis. This system involves
the development of a hybrid CNN-LSTM model
applied to accurate marketing to obtain accurate
consumer profiles and enhance decision making. The

Vol. 51 No. 8, August 2024

proposed system can analyze consumer satisfaction and
feedback on e-commerce platforms. These valuable
insights can help managers improve decisions related
to future products and services, marketing strategies,
promotional  channels, and customer service
enhancement.

3. Materials and Method

In this section, we describe the components of the
proposed system, which include six essential phases, as
shown in Figure 1. These steps include data collection,
exploration, preprocessing, splitting, modeling, and
strategic marketing decision-making. Initially, data
were collected from a Ghanaian E-commerce business
containing general information about clients and their
opinions. The data were examined to extract and
analyze customer opinions and gain a clearer
understanding of the sentiment frequencies associated
with each service provider. Subsequently, these data
were pre-processed using advanced methods to obtain
precise insights. It was then divided into three classes
for training, validation, and testing. Subsequently, a
powerful deep-learning model was created to support
the training and prediction processes. This was
followed by a performance evaluation. Ultimately, a
suitable marketing decision was made based on the
results of the prior phases.

Figure 1. The proposed system architecture (The
authors’ elaboration)

3.1. Data Collection

Data collection primarily involves gathering
valuable information from the initial transactional data.
For this study, data were collected from a real-world
omni-channel business in Ghana. This business
typically sells products in four categories: Beauty,
Organic Food, Health (including gluten-free, dietary
supplements, and sugar-free products), and Eco-
friendly Household Products. This business operates
both a local store in Ghana and an e-commerce
platform for product sales. In this study, we used a
dataset from an e-commerce platform. Additionally, we
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developed a form through which we requested
customers to provide feedback after purchasing
products. This form requests general information, such
as Name, Age, City, Gender, and comments about the
provided products in the four categories.

3.2. Data Exploration

The aim of data exploration is to analyze client
feedback, specifically focusing on understanding
sentiment frequencies related to individual service
providers across four product categories: Beauty,
Organic Food, Health, and Eco-friendly Household
Products. By exploring these sentiment frequencies, the
authors can improve their capacity to analyze and
interpret data more effectively. First, sentiment
frequencies for business product categories, including
beauty, organic food, health, and eco-friendly
household products, were analyzed. Each product
category featured three sentiment categories: negative,
neutral, and positive, representing varying degrees of
customer satisfaction ranging from dissatisfaction to
satisfaction. The degree of client satisfaction for the
four product categories is shown in Figure 2. As
depicted in Figure 2(a), the frequencies of each
sentiment category for beauty products were 5063
(positive), 1524 (neutral), and 233 (negative).
Similarly, in Figure 2(b), the frequencies of each
sentiment category for Eco-friendly Household
products are 1400 (positive), 4300 (neutral), and 6270
(negative). In Figure 2(c), the frequencies of each
sentiment category for health products are 6100
(positive), 5000 (neutral), and 580 (negative). Finally,
in Figure 2(d), the frequencies of each sentiment
category for Organic Food products are 3640
(positive), 7020 (neutral), and 2330 (negative).

EEEEsEE IR EREEE]

Figure 2. Degree of client satisfaction regarding
product categories (The authors’ elaboration)

Second, Figure 3 depicts the degree of client
satisfaction regarding the four product categories by
gender.
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Figure 3. Degree of client satisfaction regarding the
our product categories by gender (The authors’
elaboration)

Figure 4 illustrates the degree of satisfaction of
clients regarding the four product categories by
urbanity of residence, which was extracted from the
city column.

=
Feedback Frequency by urbanity of residence- Organic Food Fee: quency by urbanity of residence- Eco-friendly Household Products

Woan
-l -l
== giurban == anurban

ol , || - |

positive. neutral negative Fositive. nevtral negative
Feedback Feedback

Figure 4. Degree of client satisfaction regarding the
four product categories by residenceurbanity (The
authors’ elaboration)

Figure 5 shows the degree of client satisfaction
regarding the four product categories by age class.
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Figure 5. Degree of client satisfaction regarding the
four product categories by age class (The authors’
elaboration)

The incorporation of bigrams is crucial to bolster
Arabic machine translation, linguistic models, and
sentiment analysis. Bigrams function as invaluable aids
in comprehending Arabic linguistic  structures,
elucidating the organization and importance of words,
and emphasizing the relationships between adjacent
terms. They play a pivotal role in text analysis and
NLP, enabling the scrutiny of Arabic bigrams through
frequency, co-occurrence, and contextual analyses.
Various applications, such as sentiment analysis,
language modeling, and machine translation, depend on
recognizing positive, negative, or neutral sentiment
patterns, and understanding language-specific
dependencies and word combinations.

3.3. Data Preparation

Data preparation served as the cornerstone of our
project, guaranteeing the quality and consistency of the
collected data. The efficient processing of raw data is
not only fundamental but also critical in any data-
related task, particularly in the context of sentiment
extraction methods. The extraction of high-quality text
is not just a preference, but also an absolute necessity
for accurate analysis and meaningful insights.
Therefore, meticulous attention to data processing is
paramount as it lays the foundation for robust
sentiment analysis and the generation of valuable
insights across various applications and scenarios. Our
dataset comprises two primary types of data: structured
data containing essential customer information, and
unstructured data consisting of customer comments.
The cleaning process begins by eliminating missing
values, incorrect records, incomplete entries, outliers,
and noise within the data. This initial step ensured that
the subsequent analysis was based on reliable and
consistent data. For comment data specifically, we
employed additional cleaning steps to further refine the
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text. This included the removal of French words,
emojis, hashtags, English words, links, mobile
numbers, and symbols. By eliminating these elements,
we ensured that the text was clear and free from any
extraneous information that could potentially skew the
sentiment analysis results. By meticulously preparing
and cleaning our data, we established a foundation for
precise sentiment analysis that can vyield valuable
insights into customer opinions and preferences. This
thorough data-processing approach improves the
reliability and validity of our findings, enabling us to
make well-informed decisions and recommendations
based on the insights obtained from our analysis.

In our study, we utilized tokenization, an essential
step in preprocessing text data that converts
unstructured text into a format compatible with
machine-learning models. This process entails breaking
down the text into smaller tokens to facilitate a more
efficient analysis. Each token is assigned a vocabulary
or word index by the tokenizer, with common tokens
assigned to lower indices. Once the vocabulary is
defined, tokenizers transform text sequences into
sequences of word indices that are suitable for
machine-learning algorithms. The adoption of
tokenizers empowers developers to leverage deep-
learning models for tasks such as language generation,
sentiment analysis, and text classification. By
tokenizing words across texts, it becomes easier to
recognize patterns and extract insights from the textual
data. Furthermore, we employed various preprocessing
techniques on our dataset to refine Arabic text to its
fundamental linguistic components. This improved
dataset provides opportunities for model training and
evaluation in areas, such as sentiment analysis,
machine translation, and named-entity recognition.

To improve the organization, quality, and
compatibility of categorical classes with various
applications, this study focused on converting them
into numeric values. Data transformation is a key
aspect of this process, involving tasks such as
reformatting, validating, and restructuring data. We
also address issues such as null values, redundant
duplicates, inaccurate indexing, and inconsistent
formats. By systematically refining and meticulously
validating the data, we significantly improved their
overall integrity. This process ensures that data can be
effectively utilized across different systems and serves
as a safeguard against potential issues arising from
flawed or incompatible data representations. The data
transformation conducted in this study is exemplified
as follows (for example, gender: women >0, men > 1).

3.4. Data Splitting

To evaluate the performance of our prediction
model, it was vital to partition the data into two sets:
training and testing. Nonetheless, given the complexity
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of our data, additional considerations were necessary
during the evaluation. Various validation techniques
can also be employed. The most straightforward
method involves dividing the data into two segments:
training and testing sets. Sometimes, when refining the
hyperparameters of the prediction algorithm, a third set,
known as the validation set, is employed. This
facilitates fine-tuning and enhances the performance of
the model. In this study, data were partitioned into
three distinct segments: training, testing, and validation.
Specifically, 80% of the data were used for the training
phase, whereas the remaining 20% were set aside for
validation and testing purposes. This approach was
undertaken to assess the performance of the proposed
model’ on unseen data and ascertain its ability to
generalize beyond the training samples. By evaluating
the effectiveness of the model on a separate test set, the
researcher determined its suitability for real-world
applications.

3.5. Prediction Model

After completing the data preparation stage, we
turned our attention to developing a prediction model
by carefully considering the unique features of our
dataset. First, we propose a model that combines two
neural networks, CNN and LSTM. We conducted this
fusion to explore how well the CNN adapts to LSTM,
considering that LSTM is renowned for its
effectiveness in sentiment analysis. By merging these
two architectures, CNN-LSTM models offer a blend of
spatial feature extraction and sequential modeling
precision, making them suitable for tasks such as
sentiment analysis and text classification that require
both spatial and temporal data processing. While CNN
focuses on extracting spatial features from the input
data, LSTM Excel was used to handle sequential
dependencies.

Each component of the model architecture included
several key parameters. The model is capable of
handling inputs up to the length of the tokenizer’s
index-word dictionary plus an additional unique word
or token. Each input word or token was represented by
a dense vector with 64 dimensions, encapsulating its
semantic meaning. The ConvlD layer, equipped with
128 filters, functions as a feature detector and analyzes
patterns in the input data. It processes blocks of five
words or tokens using a kernel size of five, and
employs the ReLU activation function to efficiently
capture complex data patterns. The LSTM layer, with
64 units, establishes hidden state dimensions and
number of memory cells, which are vital for
understanding intricate temporal dependencies. Three
units in the dense layer produce output probabilities for
multiclass classification using the Softmax activation
function. These parameters collectively shape the
’architecture of the model, thereby influencing its data
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processing and learning capabilities. The model is
trained with the Adam optimizer and utilizes a
categorical cross-entropy loss function to assess the
discrepancy between the predicted probabilities and
true class labels. was used to assess the model’
performance. The training process involved a batch
size of 256 samples over 50 epochs specifically
designed for a three-class output scenario. Figure 6
illustrates the model’s architecture for analyzing
sentiments in customer satisfaction from an e-
commerce platform.

Conv 1D
Filter: 128
Kemnel size: 5
Activation:RelLU

|

‘ Maxpooling |

LSTM Unites: 64

Dense activation:
softmax

Output

Figure 6. CNN-LSTM model (The authors’
elaboration)

To compare and evaluate the performance of the
models in the sentiment classification task against our
model, we developed four additional models: LSTM,
CNN, BiLSTM, and GRU.

The LSTM model was constructed with an
architecture comprising the input, hidden, and output
layers. The LSTM architecture, which is a variant of
RNNs, was created to address the difficulties in
capturing long-term dependencies within sequential
data. LSTMs use specialized memory cells and gating
mechanisms to selectively maintain and modify
information over multiple time-steps. Each LSTM cell
includes four fundamental components: cell state, input
gate, forget gate, and output gate. The LSTM
architecture was designed to address the vanishing
gradient problem, allowing it to effectively store and
retrieve long-term dependencies. The integration of
LSTMs has significantly enhanced various NLP tasks,
including language modeling, machine translation,
sentiment analysis, and speech recognition.

Moreover, the CNN model, which is known for its
versatility in processing both text and audio signals,
was introduced, making it highly beneficial for NLP
applications.  One-dimensional CNNs efficiently
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manage sequence data such as word embedding or
character-level encoding. Parsed sentences and
documents are transformed into  numerical
representations that can be interpreted by neural
networks. In the convolutional layer, one-dimensional
filters or kernels move across the input data and
execute convolutional operations along the sequential
dimensions. The pooling layer then reduces the feature
maps produced by the convolutional layer, while the
fully connected layers proceed to process and learn
relevant feature combinations. One-dimensional CNNs
perform tasks, such as text classification, sentiment
analysis, named-entity recognition, and speech
recognition. Architectural modifications have enhanced
the performance of 1D CNNs in NLP tasks, improving
their ability to model one-dimensional sequential data
and effectively extract features.

Furthermore, a BILSTM model was developed.
BiLSTM networks incorporate both past and future
data, enabling them to process sequential data
proficiently with contextual information from both
directions. The input sequence is first transformed into
numerical representations and then sequentially
processed by a forward LSTM layer to capture the
historical context, whereas a backward LSTM layer
simultaneously processes it to capture the future
context. By integrating both forward and backward
LSTM layers, bidirectional LSTM networks can gain a
comprehensive understanding of the input sequence at
any given point. Although BiLSTM networks incur
higher training and inference costs, they are frequently
preferred for sequence modeling because of their
enhanced performance and ability to capture
dependencies in both directions.

Finally, a gated recurrent unit (GRU) model is
developed. The GRU network, a type of recurrent
neural network architecture, is designed to process
sequential data in tasks such as NLP and speech
recognition. It addresses the limitations of the original
RNN structure and offers an improved performance.
The GRU nodes serve as both update and reset gates
within the network, determining the retention and
forgetting of information when computing the current
hidden state. GRU networks excel in modeling long-
term dependencies owing to their streamlined
parameter structure, enabling the efficient processing of
longer sequences. GRUs have shown strong
performance across a range of fields, including
machine translation, speech recognition, sentiment
analysis, and language modeling.

3.6. Performance Evaluation Metrics

In this study, we selected a set of performance
metrics to assess the effectiveness of the proposed
model. These metrics include accuracy, sensitivity,
specificity, precision, and the F1-measure.
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3.6.1. Accuracy
Accuracy represents the proportion of correct
predictions relative to the total number of predictions
made by the classification model.
TP +TN

TP+ FP+TN+FN

Accuracy =

(1)

3.6.2. Sensitivity (Sen)

Sensitivity calculates the proportion of actual
positive cases that a classification model correctly
identifies [25]. This measures the effectiveness of the
model in detecting positive instances.

Sen = —— 2

3.6.3. Specificity (Spe)

Specificity represents the accuracy with which a
classification model correctly identifies negative
instances. This provides insight into the *ability of the
model to avoid false positives.

(3)

3.6.4. Precision

Precision measures the accuracy of positive
predictions made by a classification model by
calculating the proportion of true-positive predictions
among all positive predictions [26].
Precision = P

TP+FP (4)

3.6.5. F1-Measure

The F1-measure, which is derived as the harmonic
mean of precision and recall, helps balance these two
metrics [27]. This is particularly useful for evaluating a
model’s performance in cases where the class
distribution is imbalanced.

F B (2 X Precision X Recall) 5
measure = (Recall + Precision) ®)

4. Results and Discussion

In this investigation, we utilized real-world data
collected from an Omni-channel business in Ghana to
validate and illustrate the advantages of the proposed
system. This business operates both a local store in
Ghana and an e-commerce platform for product sales.
Our focus is specifically on e-commerce. We designed
a feedback form to appear after clients had completed a
purchase from any product category offered by the
business. The form requested basic information, such
as name, age, gender, and city, along with feedback in
the form of comments about the purchased products.
After meticulously analyzing the provided data, we
undertook a thorough data-cleaning process, which
involved two main types of data: structured data
containing  essential customer information and
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unstructured data consisting of customer comments.
This cleaning process included the removal of missing
values, outliers, and noise. Furthermore, we employed
advanced techniques to refine the text of the customer
comments and eliminate irrelevant elements. Our
meticulous preparation ensured high-quality data for
accurate sentiment analysis, thus providing valuable
customer insights to support informed decision making.

An initial analysis of the data was conducted,
focusing particularly on three key factors: age, gender,
and urbanity of residence, to gain a comprehensive
understanding of the studied population. Figures 3, 4,
and 5 visually depict the findings. Men emerged as the
primary purchasing demographic. Regarding age
distribution, the highest proportions were observed
within the 26-39 and 18-25 age groups. In terms of
urban residence stratification, urban and suburban
populations represented the majority. These insights
emphasize the importance of precise control over
gender, geographic location, and age when
implementing accurate marketing strategies.

After preprocessing and splitting the data, we
developed the proposed model. The performance
evaluation, as shown in Figures 7 and 8, revealed that
our model achieved an accuracy of 0.8501 and a mean
squared error of 0.1931. These results indicate a
promising performance, suggesting that our model
effectively captures and predicts the underlying
patterns in the data.

1 . [l
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0.7 4 /
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f
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Figure 7. CNN-LSTM accuracy (The authors’
elaboration)
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Figure 8. CNN-LSTM loss (The authors’
elaboration)
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Subsequently, we compared the performance of our
proposed model with that of four other models based
on selected performance metrics including accuracy,
sensitivity, specificity, and F1 score. Table 1 and Figure
9 present the results of the models. Based on the
results, our proposed CNN-LSTM model outperforms
the other models across multiple metrics. In terms of
accuracy, the CNN-LSTM model achieved the highest
value of 0.8501, indicating its superior ability and
performance compared with the LSTM, CNN,
BiLSTM, and GRU models. Similarly, the CNN-LSTM
model demonstrated the highest sensitivity score of
0.8132. Moreover, the CNN-LSTM model exhibited
the highest specificity score of 0.8674, highlighting its
effectiveness. Additionally, the CNN-LSTM model
attained the highest F1-score of 0.8378, which serves
as a comprehensive metric for model evaluation.
Overall, these results suggest that the CNN-LSTM
model offers the best overall performance compared to
the other models.

Comparison of models performance

. Accuracy
Em Sensitivity
m— Specificity
Emm Fl-score

LST™M CHNN BiLSTM™ GRU CNN-LSTM

Figure 9. Comparison of model performance (The
authors’ elaboration)

We compared the profits of Ghanaian e-commerce
businesses studied as a case study before and after the
implementation of accurate marketing. Our analysis
reveals a significant increase in profitability. According
to the average annual data, the monthly income from
target marketing is 0.852, compared to only 0.621 for
traditional marketing strategies.

Table 1. Performance of models (The authors’
elaboration)

Models Acc Sen Spe Fl-score
LSTM 0.842 0.810 0.863 0.821
CNN 0.848 0.811 0.865 0.827
BiLSTM  0.836 0.795 0.856 0.811
GRU 0.845 0.810 0.864 0.826
CNN-LSTM 0.850 0.813 0.867 0.837
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5. Conclusion

This study introduced a novel hybrid CNN-LSTM
model that effectively analyzes customer sentiment and
satisfaction in the e-commerce sector, outperforming
traditional models such as CNN, LSTM, BiLSTM, and
GRU in terms of accuracy, sensitivity, specificity, and
Fl-score. The main findings highlight the model’s
superior performance in generating precise consumer
profiles, which is crucial for effective precision
marketing, particularly in emerging markets such as
Ghana. Compared with previous research, this study
uniquely combines CNN and LSTM architectures,
offering enhanced sentiment analysis capabilities.
These implications are significant for e-commerce
businesses, providing a powerful tool to improve
marketing strategies, customer satisfaction, and loyalty
through better decision-making. We recommend further
research to validate this model across different
languages and markets and to explore the integration of
additional techniques to further enhance performance.
Future studies could also examine the ’applicability of
the model in other industries where customer feedback
is critical, such as hospitality, retail, and financial
services.
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