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ABSTRACT This study examines laptop user sentiments across developed and developing countries using
aspect-based sentiment analysis (ABSA) on social media data. Employing a mixed-methods approach,
the research combines large-scale sentiment analysis of 1,467,535 tweets with expert insights gathered
through a Delphi panel of ten industry professionals. The study analyzes user opinions on 16 key laptop
features, revealing distinct preferences and pain points between users in developed and developing nations.
Findings show that consumers in developing countries express higher overall satisfaction, while those in
developed countries demonstrate more critical views, particularly regarding performance-related features.
Universal concerns include battery life and cooling efficiency. The research identifies key priorities for each
market: high performance and advanced features for developed countries, and affordability, durability, and
reliability for developing nations. Based on these insights, the study proposes tailored strategies for laptop
manufacturers, including differentiated product lines, universal charging solutions, and market-specific
innovations in cooling systems and warranties. The methodology incorporates data preprocessing, ABSA
implementation using the PyABSA framework, and a three-phase Delphi process for expert analysis. This
comprehensive analysis provides valuable guidance for product development and marketing strategies in
the global laptop industry, emphasizing the importance of market-specific approaches to enhance user
satisfaction and maintain competitiveness. The study also acknowledges limitations and suggests directions
for future research, including multi-source data analysis and longitudinal studies.

INDEX TERMS Notebook computers, consumer behavior, customer preferences, social media analytics,
laptop industry.

I. INTRODUCTION
The global electronics industry is undergoing a transforma-
tive period, with laptops and notebooks emerging as critical
tools that shape modern work, education, and lifestyle pat-
terns across diverse global demographics [1], [2], [3]. This
transformation is particularly significant due to an unprece-
dented convergence of three key developments: the evolution
of laptops from optional devices to essential productivity
tools, the emergence of social media as a rich source of
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consumer insights, and the increasingly distinct needs of
developed versus developingmarkets. As digital technologies
become more deeply embedded in daily life, laptops have
transcended their traditional role as computing devices to
become fundamental enablers of global connectivity, remote
work, distance learning, and digital innovation [2], [4],
[5], [6].
This evolution in laptop usage coincides with a revolution-

ary change in how consumers share their experiences and
preferences. The exponential growth of social media plat-
forms has created an unprecedented ecosystem of real-time,
unfiltered consumer feedback about technology products [7],
[8], [9].
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This massive volume of user-generated content presents
a unique opportunity to understand consumer behavior at a
scale and depth previously impossible with traditional market
research methods [3], [10]. By applying advanced senti-
ment analysis techniques to this rich data source, researchers
and manufacturers can now uncover subtle patterns and
preferences that were previously invisible, leading to more
informed product development decisions [11], [12], [13].
However, the laptop market is not homogeneous, and con-

sumer needs and expectations can vary significantly across
different user segments [14], [15]. One key differentiating
factor is whether consumers reside in developed or devel-
oping countries [16], [17]. The profound economic, infras-
tructural, and cultural distinctions between these contexts
fundamentally shape how users interact with and evaluate lap-
top products [18], [19]. For instance, while users in developed
countries might prioritize advanced performance features and
seamless ecosystem integration, those in developing nations
often focus on durability, reliability, and long-term value.
Understanding these nuanced differences is vital for man-
ufacturers seeking to optimize their product offerings, yet
current research lacks a comprehensive framework for ana-
lyzing and addressing these distinct market needs.

This study makes several significant contributions to both
academic literature and industry practice. First, it introduces
an innovative methodological framework that combines
large-scale aspect-based sentiment analysis of social media
data with expert validation through a structured Delphi
method. This hybrid approach transcends the limitations of
purely quantitative or qualitative methods, providing a more
comprehensive and reliable understanding of consumer pref-
erences across different economic contexts.

Second, this research significantly extends the current
understanding of technology adoption patterns by developing
a systematic comparison of user sentiments between devel-
oped and developing nations. While previous studies have
examined laptop features or user preferences in isolation, our
work is the first to provide an empirically grounded analysis
of how economic, infrastructural, and cultural factors influ-
ence consumer expectations and satisfaction across markets.
This contribution is particularly valuable given the increasing
importance of emerging markets in the global technology
sector.

Third, this study advances the field of sentiment anal-
ysis by applying sophisticated aspect-based techniques to
a complex, multi-feature product category. The research
demonstrates how advanced natural language processing
methods can be effectively combined with domain expertise
to generate actionable insights, establishing a methodologi-
cal template for future studies in consumer electronics and
related fields.

Fourth, the research bridges the crucial gap between
data-driven analysis and practical implementation by devel-
oping specific, market-tailored recommendations for man-
ufacturers. By identifying distinct preference patterns and

pain points across different economic contexts, this study
provides manufacturers with concrete guidance for product
development, feature prioritization, and marketing strategies.

To systematically address these contributions, this research
examines the following key questions:
1. How do user sentiments toward specific laptop features

differ between developed and developing countries, and
what underlying factors drive these differences? This
question explores the nuanced relationships between
economic context and consumer expectations.

2. What are the critical pain points and satisfaction drivers
for laptop users across different economic contexts,
and how do these influence product requirements? This
investigation reveals how varying infrastructure, usage
patterns, and economic conditions shape user needs.

3. How can manufacturers effectively adapt their product
development and marketing strategies to address the
distinct needs of users in developed versus developing
markets? This question bridges theoretical insights with
practical applications.

These questions are particularly relevant given the increas-
ing globalization of the laptop market and the growing
importance of emerging economies. The findings from this
research not only contribute to academic understanding but
also provide manufacturers with evidence-based guidance for
market-specific product optimization.

The remainder of this article is structured as follows:
Chapter 2 provides a review of relevant literature. Chap-
ter 3 outlines the research methodology employed. Chapter
4 presents a detailed analysis of the study’s findings. Chapter
5 discusses the results in relation to the research questions and
explores potential managerial implications. Finally, Chapter
6 offers a summary and conclusion of the research.

II. LITERATURE REVIEW
Sentiment analysis is a computational method used to iden-
tify and categorize opinions in text, particularly in terms
of polarity (positive, negative, or neutral). Its applications
span diverse industries, from marketing to politics, and have
expanded significantly with the growth of social media
platforms. Traditional techniques, such as lexicon-based
approaches, have evolved into machine learning and deep
learning models that handle the complexity of unstructured
data on platforms like Twitter, Facebook, and Instagram [20],
[21]. Social media offers an unprecedented volume of user-
generated content, making sentiment analysis invaluable for
deriving insights from consumer behavior [22]. Analyzing
this data provides a clear understanding of public opinion and
is applied in numerous fields, including marketing, health-
care, and customer service [23].

A. SENTIMENT ANALYSIS MODELS, TECHNIQUES, AND
ASPECT-BASED SENTIMENT ANALYSIS (ABSA)
Sentiment analysis (SA) has advanced significantly over the
past two decades, evolving from traditional lexicon-based
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TABLE 1. Overview of sentiment analysis models and techniques for ABSA in previous studies.

methods to sophisticated machine learning (ML) and deep
learning (DL) approaches. This progression has enhanced
both the accuracy and granularity of sentiment classification,
especially for Aspect-Based Sentiment Analysis (ABSA),
which provides a fine-grained view of sentiments tied to
specific product aspects.

In its early stages, sentiment analysis predominantly relied
on lexicon-based approaches, using resources such as Sen-
tiWordNet [24], [25] to classify words into predefined
sentiment categories (positive, negative, neutral). Although
effective for basic sentiment detection, these methods strug-
gled with nuanced language, such as sarcasm and mixed
sentiments within a single sentence [26]. With the intro-
duction of machine learning, models like Support Vector
Machines (SVM) and Naive Bayes (NB) improved senti-
ment classification by learning from labeled data, though
they required extensive feature engineering, which limited
flexibility and scalability [27], [28].

Machine learning techniques, including Random Forests
and Logistic Regression, enhanced sentiment analysis by
leveraging statistical learning. These models identified pat-
terns based on word frequencies and text relationships but
faced challenges in capturing the complexity of human
language [29]. The shift to deep learning marked a sig-
nificant advancement. Deep learning models, particularly
Convolutional Neural Networks (CNNs) and Recurrent Neu-
ral Networks (RNNs) such as Long Short-Term Memory
(LSTM), enabled automatic feature extraction and a deeper
understanding of textual data by capturing both syntactic
and semantic features without extensive feature engineer-
ing [30], [31]. CNNs became widely adopted for sentiment
analysis due to their ability to identify local patterns, while

LSTMs excelled in understanding sequential dependencies.
More recently, transformer-based models like BERT (Bidi-
rectional Encoder Representations from Transformers) have
set a new standard in sentiment analysis and natural language
processing (NLP) tasks. BERT’s bidirectional nature allows
it to capture contextual relationships effectively, significantly
improving sentiment classification accuracy [32].

Aspect-Based Sentiment Analysis (ABSA) extends tradi-
tional sentiment analysis by focusing on specific components
or ‘‘aspects’’ of a product, rather than general sentiment.
ABSA performs two essential tasks: aspect extraction, iden-
tifying specific elements of a product mentioned in text (e.g.,
CPU, RAM, battery in laptops), and sentiment classification,
determining the polarity (positive, negative) of the sentiment
associated with each aspect [33], [34]. This level of detail
makes ABSA highly valuable in domains like electronics,
retail, and hospitality, where customer feedback often targets
specific product features [35], [36], [37], [38]. ABSA ini-
tially used traditional machine learning techniques like SVM
and NB, which required manual feature engineering. How-
ever, deep learning models such as LSTMs and CNNs have
enabled automatic aspect extraction and sentiment classifica-
tion, improving both accuracy and scalability [39], [40], [41].
Advanced models integrating transformers, such as BERT
with attention mechanisms, have further enhanced ABSA’s
effectiveness, achieving high accuracy in aspect extraction
and sentiment classification across diverse applications [42],
[43], [44].

By isolating aspect-specific sentiments, ABSA provides
actionable insights for industries reliant on customer feed-
back. In the laptop industry, for instance, ABSA can reveal
user opinions on distinct features such as battery life or
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TABLE 2. Summary of ABSA applications in previous studies.

display quality. This fine-grained understanding allows man-
ufacturers to prioritize product improvements and better
align with consumer needs. ABSA is particularly effec-
tive when combined with real-time applications like social
media monitoring and customer feedback analysis, where the
depth of insights into individual product aspects can inform
targeted product development and marketing strategies
[45], [46].

As demonstrated in Table 1, several studies have explored
various sentiment analysis models and techniques, including
the evolution from traditional machine learning approaches
to more advanced deep learning models such as CNNs,
LSTMs, and hybrid methods, all contributing to the
ongoing development of Aspect-Based Sentiment Analysis
(ABSA).

B. APPLICATIONS OF SENTIMENT ANALYSIS AND ABSA
1) GENERAL APPLICATIONS OF SENTIMENT ANALYSIS
Sentiment analysis is applied in a variety of domains, includ-
ing healthcare, politics, finance, and customer reviews [47],
[48], [49], [50], [51]. It plays a key role in understanding pub-
lic opinion during significant events or assessing customer
satisfaction with products [52], [53], [54]. The use of senti-
ment analysis in social media platforms provides industries
with valuable insights into customer preferences, facilitating
the development of targeted marketing strategies [6].

2) APPLICATIONS OF ABSA IN SOCIAL MEDIA ANALYSIS
ABSA has been widely applied in social media to extract
detailed insights from consumer reviews [26], [55], [56],
[57]. Its ability to classify sentiments based on specific
product aspects provides valuable feedback for product devel-
opment. For instance, ABSA has been used to analyze
user-generated reviews for mobile phones and laptops, offer-
ing companies insights into which features are most valued
by customers [58], [59]. In social media marketing, ABSA
has proven effective in identifying trends and consumer pref-
erences, which is essential for crafting targeted marketing
campaigns [60], [61]. In the notebook and laptop industry,
ABSA has proven to be an effective tool for extracting
valuable insights from user reviews. By focusing on spe-
cific aspects such as processing power, display quality, and
battery life, ABSA provides manufacturers with a clearer
understanding of customer preferences [62], [63]. The appli-
cation of ABSA in this domain allows companies to prioritize
product features that matter most to consumers, leading to
better product designs and higher customer satisfaction [64].
Table 2 provides a summary of the applications of ABSA and
sentiment analysis in various domains as explored in previous
studies.

This research advances both methodological rigor and
practical applicability through several significant innova-
tions in the application of Aspect-Based Sentiment Analysis
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FIGURE 1. Research methodology.

(ABSA) to the notebook industry context. Our approach
represents a substantial technical advancement over previous
studies through its comprehensive integration of multiple
analytical layers and sophisticated processing techniques.

The technical innovation of our work is manifested in the
development of a robust three-layer validation framework that
uniquely combines machine learning, expert verification, and
cross-cultural analysis. We have developed a sophisticated
data preprocessing pipeline capable of handling multiple lan-
guages and regional variations, while implementing advanced
ABSA techniques to process an unprecedented volume of
over 1.4 million tweets. This scale significantly exceeds pre-
vious studies in the field. Our framework further incorporates
geolocation-based market segmentation with sentiment anal-
ysis, enabling precise regional comparisons through custom
modifications to the PyABSA framework for multi-language
processing.

From a methodological perspective, our research intro-
duces several notable contributions to the field. We have
pioneered the combination of large-scale sentiment analysis

with structured expert validation through the Delphi method,
while developing a comprehensive feature categorization
system specifically tailored to laptop components. This
approach enables systematic comparison of consumer senti-
ments across economic contexts, supported by rigorous data
cleaning protocols that ensure high-quality input for senti-
ment analysis.

While previous studies have applied ABSA across various
domains such as mobile phones, restaurants, and general
product reviews, our research distinguishes itself through
its innovative technical framework. This framework pro-
cesses and analyzes user-generated content across multi-
ple languages, employing advanced translation algorithms
and region-specific sentiment dictionaries. Furthermore, our
methodology incorporates sophisticated geo-tagging and
economic classification systems, enabling precise segmen-
tation of user feedback between developed and developing
markets.

The technical robustness of our approach is enhanced
through several key elements. We implement systematic
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validation of sentiment classifications through expert panel
review, alongside advanced noise reduction techniques
specifically designed for social media data. Our custom
preprocessing algorithms handle regional language varia-
tions with high precision, while statistical validation methods
ensure result reliability. The integration of temporal analy-
sis accounts for evolving consumer preferences, providing a
dynamic view of market trends.

Our research extends beyond traditional single-market
or feature-specific analyses by implementing a comprehen-
sive analytical framework that addresses multiple dimen-
sions of consumer sentiment. This framework processes
multi-language content while maintaining semantic integrity,
accounts for regional variations in expression and sentiment,
and incorporates economic and infrastructural contexts into
the analysis. The validation of findings occurs through both
quantitative metrics and expert assessment, ensuring robust
and reliable results.

The integration of expert input through the Delphi method
adds another layer of technical validation, distinguishing this
study from purely data-driven approaches. Our panel of ten
industry experts, selected through rigorous criteria, provides
crucial validation of the sentiment analysis results and helps
ensure the practical relevance of our findings. This compre-
hensive technical framework enables us to deliver insights
that are both methodologically sound and practically applica-
ble, addressing a critical gap in existing research by providing
manufacturers and marketers with reliable, actionable data
for understanding and addressing the diverse needs of con-
sumers across different economic contexts.

III. METHODOLOGY
This research adopts a robust methodology to analyze user
sentiments regarding laptop features in developed and devel-
oping countries. It leverages social media data and expert
insights through a structured process, involving data collec-
tion, preprocessing, sentiment analysis, and expert validation.
The process flow is outlined in Figure 1.

A. DATA COLLECTION
The data collection methodology employed the X API with
a systematic query-based approach. A predefined set of
feature-specific keywords was used to extract relevant tweets,
with each tweet processed to capture both content and meta-
data including geolocation information for economic context
classification. Additionally, the geolocation metadata of each
tweet is used to categorize users into developed or developing
countries.

The data collection framework incorporated automated
tagging mechanisms to classify tweets based on feature
relevance and geographical context, enabling systematic cat-
egorization of user feedback across economic regions.

Let D represent the set of collected tweets, with D =

{d1, d2, . . . , dn}, where each di contains feature keywords,
location tags, and timestamp information. This dataset serves
as the foundation for subsequent steps in the analysis.

B. DATA PRE-PROCESSING
To ensure data quality, the tweets undergo a rigorous prepro-
cessing pipeline, preparing them for sentiment analysis [65],
[66]. Preprocessing is essential for removing noise, standard-
izing data, and enhancing feature extraction. The steps are as
follows:

- Removal of URLs, Hashtags, Links, and Usernames:
Non-text elements are removed to reduce noise [67].

- Exclusion of Posts: Posts with fewer than five words
or fewer than 50 characters are omitted, focusing on
meaningful content.

- Text Normalization: Text is converted to lowercase, and
punctuation is removed.

- Tokenization and Lemmatization: Each tweet di is split
into tokens T = {t1, t2, . . . , tm}, and each token is
lemmatized to standardize word forms.

- Stop Word Removal: Common words (stop words)
are filtered out, improving focus on sentiment-bearing
terms.

Each tweet di can be represented as a token sequence T =

{t1, t2, . . . , tm}, where ti denotes tokens relevant to the sen-
timent analysis. These tokens undergo a feature extraction
process, generating a feature vector Fi for each tweet. The
preprocessed dataset, D′

= {d ′

1, d
′

2, . . . , d
′
n}, forms the input

for the sentiment analysis phase.

C. SENTIMENT ANALYSIS
The sentiment analysis phase employs the PyABSA
(Python Aspect-Based Sentiment Analysis) framework,
which provides pre-trained models specifically optimized for
aspect-based sentiment analysis tasks. PyABSA leverages
transformer-based architectures, like BERT, to extract both
aspect terms and associated sentiments from text data, achiev-
ing high granularity in sentiment classification. [68], [69].

Using PyABSA, we implement a two-step process:
Aspect Extraction: For each tweet d ′

i ∈ D′, PyABSA
identifies aspect terms Ai = {ai1, ai2, . . . , aik} related to
laptop features. An aspect term extraction model, based on
BERT’s attention mechanism, isolates these terms with high
accuracy.

Sentiment Classification: Each aspect aij is assigned a sen-
timent sij ∈ {positive, negative} using PyABSA’s classifier.

For each tweet, the model outputs a set of aspect-sentiment
pairs:

S
(
d ′
i
)

= {(ai1, si1) , (ai2, si2) , . . . , (aik , sik)}

The sentiment analysis is conducted separately for tweets
from developed and developing countries, facilitating a com-
parative analysis. PyABSA’s fine-tuned BERT model uses a
multi-layer bidirectional approach to capture contextual rela-
tionships in text, yielding nuanced sentiment classifications
across economic contexts.

D. EXPERT ANALYSIS
The expert analysis phase consists of two crucial steps:
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1) EXPERT SELECTION
This stage aims to identify and recruit experts who specialize
in the laptop industry from both developed and developing
countries. The selection process ensures a balanced represen-
tation of expertise across different economic contexts.

2) DELPHI PANEL
Separate Delphi panels are formed for experts from devel-
oped and developing countries. In each panel, the five aspects
that received the most negative sentiments in their respective
economic contexts (developed or developing countries) are
selected for further analysis. These aspects are then presented
to the expert panels to generate solutions and recommenda-
tions [70], [71].

E. SOLUTION EVALUATION AND PRIORITIZATION
The solutions proposed by the expert panels are evaluated and
scored. This process identifies the main strategies to address
negative sentiments and user concerns for the selected
aspects, tailored specifically for developed and developing
countries.

F. FINAL ANALYSIS AND RECOMMENDATIONS
The research concludes by synthesizing the insights from the
sentiment analysis and expert recommendations. This final
step provides a comprehensive set of strategies for laptop
manufacturers to improve user satisfaction and address con-
cerns, with specific recommendations for both developed and
developing markets.

Thismethodology enables a nuanced understanding of user
sentiments towards laptop features across different economic
contexts, while also providing actionable insights for manu-
facturers to improve their products and marketing strategies
in a targeted manner.

Here’s the pseudocode summarizing the full implementa-
tion of the methodology in Algorithm 1:

IV. RESULTS
A. DATA COLLECTION
The initial stage of our research involved collecting user opin-
ions on notebook products from the social media platform
X (formerly known as Twitter) [72]. This platform has been
chosen because of its large user base and the abundance
of user-generated content, making it a valuable source for
gathering public opinions and sentiments [73]. To ensure a
comprehensive and representative dataset, X API has been
used, to extract tweets spanning a four-year period, from
January 2020 to July 2024 [74].
To compile the dataset, a query-based search methodology

was employed. This involved generating a comprehensive list
of keywords directly related to various features of laptops.
These keywords were selected based on the most impor-
tant aspects of laptops that consumers typically discuss.
The query list included terms such as ‘‘RAM,’’ ‘‘Display,’’
‘‘Battery,’’ ‘‘Design,’’ and many others, covering a broad

Algorithm 1 Aspect-Based Sentiment Analysis With Delphi
Panel Validation
Input: Dataset D (tweets with laptop features),

Economic_Categories (developed, developing)
Output: Feature-Specific Sentiments, Expert-Validated
Recommendations

1: // Data Collection
2: Initialize D as collection of tweets from X platform
3: for each tweet d_i ∈ D do
4: Extract feature keywords
5: Classify d_i based on geolocation into developed or
developing
6: end for

7: // Data Pre-Processing
8: for each tweet d_i ∈ D do
9: Clean text: remove URLs, hashtags, and usernames
10: Standardize: lowercase, remove punctuation
11: Tokenize and lemmatize text
12: Remove stop words
13: end for
14: Store preprocessed data as D′

15: // Aspect-Based Sentiment Analysis using PyABSA
16: Initialize PyABSA model with transformer-based archi-
tecture
17: for each tweet d_i’ ∈ D’ do
18: Extract aspects A_i = {a_ij} using aspect extraction
model
19: Classify sentiment s_ij for each aspect a_ij
20: Store aspect-sentiment pairs S(d_i’) = {(a_ij, s_ij)}
21: end for

22: // Expert Analysis with Delphi Method
23: Initialize Expert Panels E_d for developed and E_dev for
developing
24: for each aspect a_ij with high negative sentiment do
25: Present feature to experts
26: Experts generate solutions R_i = {r_ik}
27: Experts rate solutions on Likert scale
28: end for
29: Aggregate highest-rated solutions as R∗

30: return Aspect-Sentiment Pairs S, Expert-Validated Rec-
ommendations R∗

spectrum of laptop features. Table 3, shows the query for
English:

To address the global nature of user reviews, the query
list was translated into over 10 different languages, ensuring
a broad capture of relevant data. However, the final anal-
ysis focused on the top four languages, English, Spanish,
Japanese, and Arabic, which accounted for over 80% of
the collected tweets. Non-English tweets were automatically
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TABLE 3. Query list created for English.

translated into English to maintain consistency in the dataset
and to ensure effective sentiment analysis, as the methods
used perform more reliably on English text. The translation
was carried out using a widely used translation API, which
detects the original language and converts the content into
English. The distribution of tweets over four languages is
shown in Table 4.

TABLE 4. Distribution of tweets by language.

The X API’s geolocation attributes were instrumental in
distinguishing between tweets from developing and devel-
oped countries [75]. Using theWorld Economic Situation and
Prospects 2024 report (WESP 2024) published by the United
Nations, the tweets were categorized accordingly. Developed
countries included nations such as the United States, Canada,
the United Kingdom, Germany, Japan, and Australia, as well
as several European Union countries like France, Italy, and
the Netherlands. On the other hand, developing countries
included a broad range of nations, such as India, Brazil,
Nigeria, Egypt, and Indonesia. This division allowed us to
analyze and compare sentiment trends between these two
distinct economic groups, providing insights into regional
variations in consumer opinions.

Tweets were gathered during a specific timeframe from
January 2020 to July 2024, a period selected to ensure the
dataset reflected recent trends and user opinions. Initially,
over 1467535 tweets were compiled. To improve the qual-
ity and reliability of the dataset, a filtering criterion was
implemented, including only tweets that had received at least
one ‘like’.This strategy helped to eliminate potentially less
relevant or less influential reviews.

To illustrate the temporal distribution of the reviews, a time
trend chart was created, depicting the frequency of reviews
from both developed and developing countries over the speci-
fied period. The review count represents the number of tweets
captured each day. Figure 2, presents the smoothed frequency
of reviews, highlighting significant trends and peaks in user

activity. Notably, the number of tweets increased rapidly for
both developed and developing countries at certain points,
with a particularly sharp rise for developed countries during
the last five months (February 2024 to July 2024). Addi-
tionally, the overall trend for developing countries shows a
consistent increase in tweet volume throughout the entire
period.

FIGURE 2. Temporal distribution of tweets from developed and
developing countries.

B. DATA PRE-PROCESSING
To ensure the quality and consistency of the dataset, a com-
prehensive data preprocessing pipeline was implemented.
This process was essential to prepare the data for subsequent
Aspect-Based Sentiment Analysis (ABSA) and to enhance
the reliability of the analysis.

1) DATA CLEANING OUTCOMES
The implementation of our preprocessing pipeline resulted
in the refinement of the initial 1,467,535 tweets to approxi-
mately 800,000 high-quality reviews. This significant reduc-
tion reflected the stringent quality criteria applied to ensure
data reliability. Duplicate reviews, identified as entries with
identical text, were removed to avoid redundancy and
over-representation of certain opinions [76]. This initial
cleaning reduced the dataset from 1467535 tweets to approx-
imately 800,000 high-quality reviews.

2) TEXT PROCESSING RESULTS
The application of text cleaning protocols resulted in a
significantly refined dataset. The filtering process removed
approximately 40% of the initial tweets that didn’t meet the
minimum quality criteria, including posts with insufficient
content length or lack of meaningful engagement.

Filtering Short Reviews: To further refine the dataset,
reviews with fewer than 5 words or less than 50 characters
were excluded. This filtering ensured that only substan-
tial and potentially meaningful reviews were retained for
analysis.

Also, further preprocessing including advanced text pro-
cessing techniques such as stop word removal, tokenization,
Part-of-Speech (POS) tagging, and stemming was applied to
get high-quality reviews [47], [77].
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3) LANGUAGE DISTRIBUTION ANALYSIS
The translation process revealed significant linguistic diver-
sity in the dataset, with content spanning over 10 languages.
The final analysis focused on the four predominant languages
(English, Spanish, Japanese, and Arabic), which collectively
represented over 80% of the total dataset. This step was
crucial in ensuring language uniformity, as the sentiment
analysis methods were used to perform more effectively on
English text, leading tomore accurate andmeaningful results.

C. ASPECT-BASED SENTIMENT ANALYSIS
IMPLEMENTATION
1) DEEP LEARNING AND SENTIMENT ANALYSIS
Deep learning techniques have revolutionized sentiment anal-
ysis and social media analysis due to their ability to handle
large volumes of unstructured data with high accuracy. These
methods enable models to understand complex language
patterns and contexts, improving the extraction and classifi-
cation of sentiments in large datasets. Deep learning models,
such as those used in ABSA, are now integral to analyzing
social media content, where users frequently discuss multiple
aspects of a product in informal language [78].

Sentiment analysis is a branch of natural language pro-
cessing (NLP) that focuses on identifying and classifying
opinions or sentiments expressed in a given text. It is
commonly used in applications such as product reviews,
social media monitoring, and customer feedback analysis to
gauge user opinions. By analyzing sentiments, companies
can gain valuable insights into customer satisfaction, market
trends, and overall product or service perception. Sentiment
analysis is widely adopted due to its ability to convert sub-
jective opinions into structured data, facilitating data-driven
decision-making [79].

2) ASPECT-BASED SENTIMENT ANALYSIS (ABSA)
Aspect-based sentiment Analysis (ABSA) is a more granular
form of sentiment analysis, where instead of analyzing the
overall sentiment of a text, the focus is on specific aspects
or features mentioned within it. ABSA allows the extraction
of opinions about particular components of a product or ser-
vice, enabling deeper insights into what users like or dislike.
For example, in laptop reviews, users may express varying
sentiments about features such as the ‘‘battery,’’ ‘‘RAM,’’
or ‘‘price,’’ and ABSA helps to isolate and analyze these
sentiments. This approach is particularly useful in reviews
and feedback where multiple aspects are discussed [55], [74].
The PyABSA library, a robust Python-based framework

designed specifically for Aspect-Based Sentiment Analysis,
was utilized. PyABSA provides access to pre-trained models
capable of extracting aspects from reviews and determining
the sentiment for each aspect (positive, or negative).

3) FEATURE EXTRACTION
One of the critical tasks in our work was identifying the
relevant features to be analyzed. After performing ABSA on

the collected reviews, aspects were extracted for each review,
and their corresponding sentiments were identified [47], [61].
The extracted aspects were analyzed to determine the most
frequently discussed features among the reviews, revealing
which aspects users are most concerned about.

The 16 most common aspects in the reviews were iden-
tified, forming the basis for further analysis. These aspects
included core laptop features such as ‘ram,’ ’display,’ ‘bat-
tery,’ ’price,’ and ‘keyboard.’ Once identified, the ABSA
model was used to analyze the sentiment associated with each
of these aspects across all reviews. The 16 target aspects iden-
tified were: [RAM, display, keyboard, price, battery, storage,
GPU, CPU, charger, warranty, design, webcam, port, size,
fan, and weight.

FIGURE 3. Distribution of Top 16 laptop aspects in user reviews.

Figure 3, illustrates the frequency of each aspect in the
dataset. This visualization highlights the relative importance
of each feature based on user discussion.

This implementation of ABSA, combined with the aspect
list and sentiment analysis, provided comprehensive insights
into consumer sentiment on specific laptop features, offering
valuable feedback for manufacturers and marketers alike.

D. SENTIMENT ANALYSIS RESULTS
The Aspect-Based Sentiment Analysis (ABSA) revealed dis-
tinct sentiment patterns for the 16 most frequently discussed
laptop features across developed and developing countries.
Our analysis focused exclusively on positive and negative
sentiments, excluding neutral reviews to capture more defini-
tive consumer preferences and actionable insights.

Table 5 presents the sentiment distribution across all fea-
tures, highlighting significant differences between developed
and developing markets. Generally, consumers in developing
countries exhibited higher satisfaction across many aspects
of laptops, while those in developed countries demonstrated
more critical perspectives. This pattern was particularly evi-
dent in features such as battery life and cooling efficiency,
which emerged as universal concerns across both markets.
Design appreciation showed a notable disparity, with 86%
positive sentiment in developing countries compared to 70%
in developed countries. Similarly, warranty services received
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significantly different responses, with developed countries
showing high dissatisfaction (70% negative reviews) while
developing countries maintained more balanced views.

TABLE 5. Sentiment distribution for laptop features in developed and
developing countries.

1) SENTIMENT ANALYSIS RESULTS FOR DEVELOPED
COUNTRIES
Analysis of developed markets reveals a clear distinction
between performance-related and design-focused features,
as illustrated in Figure 4. Consumers in developed countries
expressed particular criticism toward performance-related
elements, with RAM, GPU, and CPU receiving notably
higher negative sentiments. Display quality generated mixed
responses, suggesting ongoing debates about performance
standards in these markets. Battery performance and charging
systems emerged as significant pain points, with users fre-
quently expressing frustration over durability and efficiency.

Despite critical views on performance aspects, developed
market consumers showed appreciation for certain features.
Design elements and pricing received generally positive
feedback, indicating satisfaction with aesthetic qualities and
perceived value. However, keyboard quality emerged as
a particular concern, with users expressing dissatisfaction
regarding durability and ergonomic aspects of their devices.

2) SENTIMENT ANALYSIS RESULTS FOR DEVELOPING
COUNTRIES
Consumer sentiment in developing markets, as shown in
Figure 5, demonstrates distinctly different priorities and
expectations compared to developed regions. Performance-
related features such as RAM, GPU, and CPU received
notably higher positive ratings, suggesting better alignment
between user expectations and product capabilities in these
markets. The positive sentiment extends to price considera-
tions, with users showing significant appreciation for devices
that offer good value for money.

FIGURE 4. Sentiment distribution for laptop features in developed
countries.

While battery performance and charging systems still gar-
nered negative feedback in developing markets, the criticism
was less severe compared to developed regions. This suggests
different priority levels for these features across economic
contexts. Design aspects stood out particularly positively in
developing markets, with users expressing strong satisfaction
with aesthetic appeal and build quality. The overall sen-
timent pattern indicates that developing market consumers
prioritize durability, reliability, and value proposition, while
maintaining more moderate expectations for cutting-edge
performance features.

FIGURE 5. Sentiment distribution for laptop features in developing
countries.

E. DELPHI PANEL
1) PROCESS OF SELECTING EXPERTS
To ensure a comprehensive and balanced perspective on lap-
top component satisfaction across developed and developing
countries, a strategic approach was employed in selecting our
expert cohort for the Delphi process. The selection parame-
ters were designed to cover a wide range of considerations:
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- Age: Experts from different age groups were included to
capture diverse generational insights.

- Gender: Gender balance was prioritized to ensure a
diversity of viewpoints.

- Country of Residence: Experts were selected from both
developed and developing countries to reflect the study’s
focus.

- Job Title: Various roles within the laptop industry were
considered to ensure a broad range of expertise.

- Years of Experience: Experts with significant experience
in the laptop industry were prioritized.

- Field of Activity: Experts from diverse areas such as
design, manufacturing, sales, and customer experience
were included.

The selection process for the Delphi panel involved several
rigorous steps:

1) Initial Identification: Potential experts were identified
through:

- Industry publications and tech forums
- Recommendations from professional networks
- Searches of professional databases and LinkedIn
2) Qualification Assessment: Each potential expert’s qual-

ifications were evaluated based on:
- Years of experience in the laptop industry
- Involvement in laptop design, manufacturing, or sales
- Recognition in the field, such as awards or speaking
engagements

- Knowledge of both developed and developing markets
3) Diversity Criteria: The pool of qualified experts was

filtered to ensure diversity across the aforementioned
parameters (age, gender, country of residence, etc.).

4) Invitation and Confirmation: Selected experts were
invited to participate in the Delphi panel through emails
and LinkedIn messages. Those who accepted were
provided with detailed information about the study’s
objectives and the Delphi process.

5) Final Panel Formation: The final panel was formed by
balancing expertise across different aspects of the laptop
industry whilemaintaining the desired diversity between
developed and developing countries.

This thorough selection process aimed to create a panel
capable of providing well-rounded, informed, and diverse
perspectives on laptop component satisfaction and potential
solutions. As a result, ten experts were meticulously chosen
to participate in the Delphi process, facilitating a robust and
comprehensive exploration of the research questions. Details
about the experts involved in the Delphi panel are presented
in Table 6.

This panel of experts represents a balanced mix of per-
spectives from both developed and developing countries,
along with diverse expertise in various areas of the laptop
industry. This ensures a comprehensive evaluation of con-
sumer satisfaction with laptop components across different
markets.

TABLE 6. Profile of the expert panel.

2) EXTRACTION OF KEY SOLUTIONS
Phase 1 (Initial Proposal of Solutions): Initially, the identi-
fied components were presented to the experts, whowere then
asked to propose potential solutions for improving user satis-
faction for each component, considering the specific needs of
developed and developing countries. Experts from developed
countries only proposed solutions for their markets, while
experts from developing countries focused on solutions for
their respectivemarkets. This stage allowed for the generation
of a wide range of possible solutions, leveraging the diverse
expertise of the panel. After collecting the questionnaires and
compiling the data, approximately 40 to 45 solutions were
extracted for each component. By consolidating these solu-
tions and eliminating redundant suggestions, a refined list of
approximately 15 to 20 unique solutions for each component
was developed.
Phase 2 (Rating the Solutions): In the second stage, all

proposed solutions were compiled into a list. Experts were
then asked to rate each solution using a Likert scale, where
5 indicated strong agreement, 4 agreement, 3 neutrality, 2 dis-
agreement, and 1 strong disagreement. The experts rated each
solution using the Likert scale. Experts only rated solutions
for their respective country categories; developed country
experts rated solutions for developed markets while develop-
ing country experts rated solutions for developing markets.
At the end of this process, the questionnaires were collected,
and the score for each solution was calculated.
Phase 3 (Final Review and Refinement): In the final stage,

both the list of components and the corresponding solutions,
along with their Likert scale ratings, were provided to the
experts for a final review. Experts were invited to make
any necessary revisions or provide additional comments to
refine the solutions further. This process aimed to achieve a
consensus on the most viable solutions for each component in
both developed and developing countries. The Delphi method
resulted in the identification and prioritization of several key
solutions for each laptop component.
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TABLE 7. Top solutions for laptop components by country classification: Developed vs. Developing.

Table 7, shows the top 2 to 3 solutions for each compo-
nent, separated by developed and developing countries. It is
worth mentioning that to avoid making the article too long,
only the 5 components with the highest levels of dissatis-
faction in each category have been examined in the table.
These components for developed countries are, in order:
charger, fan, webcam, battery, and warranty. For developing

countries, they are fans, chargers, batteries, ports, and
keyboards.

Figure 6 presents a visual summary of the key challenges
and expert-recommended solutions for laptop components,
differentiated between developed and developing coun-
tries. This graphical representation encapsulates the findings
from the Delphi method, highlighting the top priorities
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FIGURE 6. Visual summary of the key challenges and expert-recommended.

and proposed innovations for each component category.
The image effectively illustrates the divergent focus areas
between developed and developing nations. For instance,
while developed countries prioritize advanced technologies
like AI-driven systems and alternative cooling methods,
developing countries’ solutions are more oriented towards
durability, adaptability to harsh environmental conditions,
and compatibility with existing infrastructure.

This comparative visualization underscores the impor-
tance of tailored approaches in addressing laptop design and
functionality across different economic contexts. It provides
a clear, at-a-glance overview of how manufacturers might
strategically adapt their product development to meet the
specific needs and challenges of diverse global markets.

V. DISCUSSION
The analysis of laptop user sentiments across developed
and developing countries reveals significant insights into
consumer preferences, expectations, and pain points. This
research set out to answer four key questions, which can now
be addressed based on the findings.

1. What are users’ opinions on social media about differ-
ent laptop features, according to developed and developing
countries? How do these views differ?

The sentiment analysis results demonstrate clear differ-
ences in user opinions between developed and developing
countries. Generally, consumers in developing countries
exhibited higher satisfaction across many laptop aspects,
while those in developed countries tended to be more critical.
This disparity suggests that consumers in developed countries
have higher expectations for laptop performance and features,
possibly due to greater exposure to advanced technologies
and more competitive markets.

Specific features like battery life and fan performance
were universally problematic, with consistently negative
reviews in both regions. This indicates that these are critical
areas for improvement regardless of the market. Conversely,
design was overwhelmingly positively received in devel-
oping countries (86% positive) compared to developed
countries (70% positive), suggesting that aesthetic appeal
and build quality may be more appreciated in developing
markets.
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2. What are the priorities of laptop users in developed
countries?

The analysis reveals that users in developed countries
prioritize high performance, long battery life, and efficient
cooling systems. They are particularly critical of chargers,
fans, webcams, batteries, and warranty services. The high
expectations for these features likely stem from the fast-
paced, technology-driven lifestyles common in developed
nations. Users in these countries expect their laptops to keep
up with demanding workloads, maintain long-lasting perfor-
mance, and provide seamless integration with their digital
ecosystems.
3. What are the priorities of laptop users in developing

countries?
In developing countries, users prioritize affordability, dura-

bility, and reliability. While they share concerns about fans,
chargers, and batteries with their counterparts in developed
countries, they also place significant importance on ports and
keyboards. This focus likely reflects the need for versatility
and longevity in markets where replacing a laptop might be
a more significant financial burden. The positive sentiment
towards price in developing countries underscores the impor-
tance of value for money in these markets.
4. What set of actions should laptop manufacturing com-

panies take to address the opinions and needs of consumers
in developed and developing countries?

The research findings suggest that laptop manufacturers
should adopt a differentiated approach to product develop-
ment and marketing for developed and developing markets.
For developed countries, focus should be on cutting-edge
performance, advanced cooling solutions, high-quality web-
cams, and comprehensive warranty services. For developing
countries, emphasis should be on durable designs, versa-
tile port options, and features that enhance longevity and
reliability.

A. MANAGERIAL INSIGHTS AND IMPLEMENTATION
Based on the research findings, the following recommenda-
tions are proposed for laptop manufacturing companies:

1. Differentiated Product Lines: Develop distinct prod-
uct lines tailored to the specific needs of developed
and developing markets. For developed countries, focus
on high-performance models with advanced features.
For developing countries, prioritize durable, versatile
models with a strong price-to-performance ratio.

2. Universal Charger Solutions: Implement USB-C
charging across all models to address charger-related
dissatisfaction in both markets. For developing coun-
tries, incorporate surge protection and wide input volt-
age range to tackle power grid instability issues.

3. Cooling System Innovations: Invest in advanced
cooling technologies for developed markets, such as
AI-driven fan control and alternative cooling solutions.
For developing countries, focus on dust-resistant and
easily maintainable fan systems.

4. Battery Improvements: Develop high-capacity, user-
replaceable batteries for developed markets. For devel-
oping countries, focus on batteries optimized for
high-temperature environments and longer life spans.

5. Webcam Enhancements: For developed markets, inte-
grate AI-enhanced image processing and physical pri-
vacy shutters. While not a top concern in developing
countries, ensuring adequate webcam quality could be
a differentiator.

6. Warranty and Support: Implement AI-powered diag-
nostics and design easily replaceable components to
improve warranty services in developed countries. For
developing countries, focus on establishing robust local
repair networks and offering extended warranty options.

7. Port Strategy: For developing countries, maintain a
mix of legacy and modern ports to ensure compatibility
with a wide range of devices. Consider including port
protection features to enhance durability.

8. Keyboard Design: In developing countries, focus on
modular, durable keyboard designs that can withstand
harsh environments and are easy to replace or repair.

9. Marketing Strategy: Tailor marketing messages to
reflect the priorities of each market. Emphasize
cutting-edge technology and performance in developed
countries, while focusing on durability, versatility, and
value in developing countries.

10. Continuous Feedback Loop: Implement systems to
continuously monitor and analyze user sentiments
across different markets, allowing for rapid adaptation
to changing consumer needs and preferences.

B. PRACTICAL APPLICATIONS
Our research findings have significant practical applica-
tions across multiple domains, extending beyond theoretical
contributions to provide tangible value in various industry
contexts.
In product development, our methodology enables manu-

facturers to implement real-time feature prioritization based
on market-specific sentiment analysis. This approach allows
companies to adapt their design processes continuously,
incorporating regional user feedback to create products that
better meet local needs. For instance, manufacturers can
develop customized testing protocols that reflect the actual
usage conditions in different markets, leading to more reli-
able andmarket-appropriate products. The sentiment analysis
framework we’ve developed helps companies identify which
features require enhancement or modification for specific
markets, enabling more efficient resource allocation in the
development process.
The manufacturing and quality control sector benefits

particularly from our findings through the implementation
of market-specific standards and procedures. Our research
enables companies to adapt their manufacturing processes
to regional requirements while maintaining global quality
standards. For example, manufacturers can develop distinct
durability testing procedures that reflect the environmental
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challenges of developing markets, while focusing on per-
formance optimization for developed markets. This nuanced
approach to manufacturing and quality control ensures that
products not only meet basic requirements but excel in their
intended market contexts.

In the marketing and sales domain, our research provides
a foundation for sophisticated, data-driven market segmenta-
tion strategies. Companies can develop region-specific value
propositions based on our sentiment analysis findings, creat-
ing marketing messages that resonate more effectively with
local consumers. This targeted approach extends to pric-
ing strategies, allowing companies to optimize their market
positioning while maintaining profitability across different
economic contexts.

The customer support sector can leverage our findings to
designmore effective regional support networks andwarranty
programs. Our research indicates how companies can tailor
their support services to match local expectations and infras-
tructure limitations. This includes developingmarket-specific
warranty programs that address the primary concerns of users
in different regions while remaining economically viable for
the manufacturer.

From a technology application perspective, our sentiment
analysis methodology provides a framework for developing
market-specific analysis models that can be integrated into
existing business intelligence systems. Companies can imple-
ment real-time sentiment monitoring systems that account for
both linguistic and cultural nuances, enabling more accurate
interpretation of customer feedback across different markets.

In terms of business intelligence, our research methodol-
ogy offers a comprehensive framework for market analysis
and decision support. Companies can use our approach
to track consumer preferences in real-time, predict mar-
ket trends, and assess regional market opportunities more
accurately. This enables more informed decision-making in
product development, market entry strategies, and resource
allocation.

For the research community, our work provides a robust
framework for studying technology adoption across differ-
ent economic contexts. The methodology we’ve developed
can be adapted for various types of consumer technology
research, offering a template for combining quantitative senti-
ment analysis with qualitative expert insights. This approach
is particularly valuable for researchers studying how eco-
nomic and cultural factors influence technology preferences
and adoption patterns.

C. LIMITATIONS AND FUTURE RESEARCH
While this research provides valuable insights into laptop
user sentiments across developed and developing countries,
several limitations should be acknowledged:

• Data Source: The study relied primarily on social media
data, which may not fully represent all laptop users,
particularly those less active on these platforms.

• Language Limitations: Despite using multiple lan-
guages, the study may not capture sentiments from all

linguistic groups, potentially missing important regional
variations.

• Temporal Scope: The research covered a specific time
frame and may not account for long-term trends or
sudden shifts in consumer preferences due to external
factors.

• Expert Panel Size: The Delphi panel, while diverse, was
limited to ten experts, which may not capture the full
range of industry perspectives.

Future research could address these limitations and expand
on the findings:

• Multi-Source Data: Incorporate data from diverse
sources such as product reviews on e-commerce plat-
forms, customer support logs, and traditional surveys to
provide a more comprehensive view of user sentiments.

• Longitudinal Study: Conduct a long-term study to track
changes in user sentiments over time, potentially reveal-
ing evolving trends in laptop preferences.

• Feature Interaction Analysis: Investigate how different
laptop features interact to influence overall user satis-
faction, which could provide insights for more holistic
product development strategies.

• Economic Impact Study: Examine how economic fac-
tors such as GDP, average income, and technology
adoption rates in different countries correlate with laptop
preferences and sentiments.

• User Segment Analysis: Conduct a more granular anal-
ysis of user segments within developed and developing
countries, considering factors such as age, profession,
and primary use case.

• Competitive Landscape: Expand the research to include
brand-specific sentiments, allowing for a comparative
analysis of how different manufacturers are perceived in
various markets.

By addressing these areas, future research can provide even
more nuanced and actionable insights for the laptop industry,
enabling manufacturers to better serve the diverse needs of
global consumers.

VI. CONCLUSION
This comprehensive study on laptop user sentiments across
developed and developing countries has yielded valuable
insights into the nuanced preferences, expectations, and pain
points of consumers in different economic contexts. By lever-
aging aspect-based sentiment analysis on a large corpus of
social media data and incorporating expert opinions through
a Delphi panel, this research has uncovered significant dis-
tinctions in how users perceive and prioritize various laptop
features.

The findings reveal that while consumers in developing
countries generally express higher satisfaction with laptop
features, those in developed countries tend to be more crit-
ical, particularly regarding performance-related aspects. This
disparity underscores the importance of tailored product
development and marketing strategies for different global
markets. Universal concerns, such as battery life and cooling
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efficiency, emerged as critical areas for improvement across
all markets, highlighting the need for continued innovation in
these domains.

The research also illuminates the specific priorities of users
in different economic contexts. In developed countries, high
performance, long battery life, and efficient cooling systems
are paramount, reflecting the demands of technology-driven
lifestyles. Conversely, users in developing countries prioritize
affordability, durability, and reliability, emphasizing the need
for laptops that offer value for money and can withstand
challenging environmental conditions.

These insights lead to a set of actionable recommenda-
tions for laptop manufacturers. These include developing
differentiated product lines, implementing universal charg-
ing solutions, investing in cooling system innovations, and
enhancing warranty services. The study also emphasizes the
importance of continuous monitoring of user sentiments to
adapt to evolving consumer needs rapidly.

While this research provides a solid foundation for under-
standing global laptop user sentiments, it also opens avenues
for future research. Longitudinal studies, more granular user
segment analyses, and investigations into the economic fac-
tors influencing laptop preferences could further enrich our
understanding of this dynamic market.

In conclusion, this study contributes significantly to the
field by offering a data-driven approach to understanding
and addressing the diverse needs of laptop users worldwide.
By highlighting the importance of market-specific strategies
and continuous innovation, it provides valuable guidance for
laptop manufacturers aiming to enhance user satisfaction and
maintain competitiveness in an increasingly globalized mar-
ket. As technology continues to evolve and user expectations
shift, the insights gained from this research will serve as a
crucial reference point for future product development and
marketing strategies in the laptop industry.
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