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Abstract
Sentiment classification is essential in natural language processing,
leveraging machine learning algorithms to understand the senti-
ment expressed in textual data. Over the years, advancements in
machine learning, particularly with Naive Bayes (NB) and Support
Vector Machines (SVM), have tremendously improved sentiment
classification. These models benefit from word embedding tech-
niques such as Word2Vec and GloVe, which provide dense vector
representations of words, capturing their semantic and syntactic
relationships. This paper explores the parallelisation of NB and
SVM models using CUDA on GPUs to enhance computational effi-
ciency and performance. Despite the computational power offered
by GPUs, the literature on parallelising machine learning methods,
especially for sentiment classification, remains limited. Our work
aims to fill this gap by comparing the performance of NB and SVM
on CPU and GPU platforms, focusing on execution time and model
accuracy. Our experiments demonstrate that NB outperforms SVM
in execution time and overall efficiency, mainly when using GPU
acceleration. The NB model consistently achieves higher accuracy,
precision, and F1 scores with Word2Vec and GloVe embeddings.
The results show the importance of leveraging GPU acceleration
using varying numbers of threads per block for large-scale senti-
ment analysis and laying the foundation for parallelising sentiment
classification tasks.

CCS Concepts
• Computing methodologies → Information extraction; Feature
selection; Cross-validation; Parallel algorithms.
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1 Introduction
In the era of big data, sentiment analysis has emerged as a tool for
understanding public opinion and extracting insights from large
volumes of textual data. Sentiment analysis (SA), a subset of natural
language processing (NLP), involves using machine learning algo-
rithms to classify the tone in text data [1], [2], [3]. This capability
is crucial for businesses, governments, and researchers who aim to
gauge public sentiment, improve customer satisfaction, and make
informed decisions. The exponential growth of unstructured data
generated online drives the need for sentiment analysis. With mil-
lions of new posts and reviews appearing daily, manually analysing
this data is impractical. Therefore, automated sentiment analysis
using NLP techniques is essential for efficiently processing and
interpreting these vast datasets. NLP allows machines to under-
stand and process human language, enabling more sophisticated
and accurate sentiment classification [4]. Machine learning (ML)
algorithms have been used to classify the sentiment of documents,
and some of these algorithms have shown high accuracy in classi-
fication [5], [6], [7]. These models train by converting the textual
data into vector representations through traditional word embed-
ding techniques, including word2vec [8]. Global Vector (GloVe) [9]
and Fast Text [10].

However, the complexity and volume of data involved in senti-
ment analysis present significant computational challenges. The
Central Processing Units (CPUs) often struggle to handle the inten-
sive computations required for training and deploying advanced
ML models. Graphics Processing Units (GPUs) have shown high
computational power in parallel computing [11]. Initially designed
for rendering graphics, GPUs have proven to be highly effective for
accelerating machine learning tasks due to their parallel processing
capabilities [12]. Unlike CPUs, which have a few powerful cores
optimised for sequential processing, GPUs consist of many smaller
cores designed for handling multiple tasks simultaneously. This
architecture makes GPUs particularly well-suited for parallelising
ML algorithms [11].

Parallelisation with GPUs, using frameworks like NVIDIA’s Com-
pute Unified Device Architecture (CUDA), allows for significant
improvements in the speed and efficiency of computations [11].
CUDA is a parallel computing platform that uses the concept of
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threads on a GPU that builds on the C and C++ programming
languages. CUDA enables developers to harness the full power
of GPUs to perform computations in parallel, drastically reduc-
ing the time required for data pre-processing, feature extraction,
and model training. This acceleration is crucial for handling the
real-time demands of modern applications [3].

In this paper, we present the parallelisation of parallelisable ML
algorithms by utilising the GPUs’ ability to handle large volumes of
data to perform sentiment analysis classification. Training complex
models on large datasets can be computationally intensive. GPUs
accelerate this process by distributing the computations across
many cores, significantly reducing the time required. Existing
works on sentiment analysis still do not exploit the capabilities of
GPUs to parallelise existing ML algorithms for sentiment classifica-
tion, which offers a significant advantage in speed, scalability and
performance.

The rest of this paper discusses the relevant literature and our
contribution in Section 2; Section 3 discusses the methodology we
used and the research architecture. We present the experimental re-
sults and discussion in Section 4. Finally, we present the conclusion
and future direction in Section 5.

2 Related Work
The authors [8], [13], [14], [15] use word embedding Word2Vec,
combining the CBOW and Skip-Gram models. Word2vec finds
the distribution of the representation of words by training these
terms against each other. After training, it chooses vectors from
a pre-existing corpus. Word2vec embedding uses two approaches:
skip-gram and a continuous bag of words. The authors in [9] present
another word embedding method, the GloVe, that creates vector
representations based on word co-occurrences. GloVe employs a
moremathematical approach thanWord2Vec, utilising statistics and
co-occurrence matrices. The GloVe method is popular because it
trains the model quickly and has a parallel implementation capacity.
The work [16] presents another word embedding technique called
the Valence Aware Dictionary and sEntiment Reasoner (VADER).
VADER is a lexicon and rule-based sentiment analysis tool that
optimises texts from social media platforms. It is used to understand
the sentiment in tweets, Facebook posts, comments, and reviews.
The authors [17] present a document-level embedding known as the
Term Frequency Inverse-Document Frequency (TF-IDF), a statistical
measure used in information retrieval and text mining to evaluate
the importance of a word in a document relative to a collection
of documents. Word embedding techniques are highly relevant in
sentiment analysis because they capture semantic and syntactic
relationships between words.

Sentiments are categorised by machine learning (ML) algorithms
using both supervised and unsupervised learning methods. Unsu-
pervised methods for sentiment analysis rely on knowledge bases
that contain detailed, pre-selected information tailored explicitly
for sentiment analysis. In contrast, supervised learningmethods are
the most commonly used due to their proven accuracy. These algo-
rithms are trained on a labelled training set before being applied to
actual data for sentiment classification. In [6], the authors classify
sentiments of movie reviews using Naïve Bayes (NB), Maximum

Entropy (ME) and Support Vector Machine (SVM). They use differ-
ent n-gram feature sets for sentiment analysis classification. Their
results show good accuracy, particularly for NB and SVM methods.
The work [18] Presents sentiment analysis on tweets using a dis-
tant supervision method. They use NB, SVM and ME to classify
emoticon data, achieving good results. The authors [19] present a
classification of the sentiment of restaurant reviews in Cantonese.
In their work, they evaluate the impact of the size of features and
their representation using NB and SVM. NB outperformed SVM
with a high accuracy.

SVM is popularly used in the literature for its high accuracy
when handling classification and regression tasks [ref]. However,
SVM is computationally expensive due to its training phase [20].
Several studies have been conducted in sequential programming
on reducing training time for the linear SVM [14], [21], [22], [23].
The works in [15], [24], [25] have used parallel techniques for SVM.
In [3], a novel parallel SVM training implementation was proposed,
accelerating the cross-validation procedure by running multiple
training tasks simultaneously on a GPU.This approach significantly
reduces the overall cost of the cross-validation process.MASCOT,
a method that uses GPUs and SSDs to enable fast and scalable
SVM cross-validation, achieving orders of magnitude speedup over
existing algorithms and enabling cross-validation on large datasets
that existing algorithms cannot handle, is proposed in [26]. The
authors [27] compare the performance of SVM training using CPU
and GPU optimisation, finding that GPU optimisation achieves
better performance with a 3.11x speedup. In [28], the authors
propose a GPU-accelerated SVM approach for traffic classification,
which achieves accuracy similar to the existing CPU-based LibSVM.

The relevant literature is still deficient in utilising the compu-
tational power that the GPU provides for parallelising sentiment
analysis task models. Moreover, this is achievable using CUDA
programming and the libraries that enable parallel writing of serial
codes. In this paper, we compare the performance of two ML algo-
rithms, NB and SVM, on the Amazon polarity review dataset. We
parallelise their serial implementation using CUDA and perform
sentiment classification.

2.1 Machine Learning Methods
In this section, we describe the ML algorithms used in this paper.
These algorithms are chosen because they have demonstrated effec-
tiveness in classification tasks and have shown promising results
when parallelised [3], [12].

2.1.1 Support Vector Machine. Support Vector Machine (SVM) is a
supervised learning model for classification and regression analysis.
The primary objective of SVM is to find the optimal hyperplane
that maximises the margin between data points of different classes.
This hyperplane serves as a decision boundary that best separates
the classes. In n-dimensional space, the hyperplane is an (n-1)-
dimensional flat affine subspace; in 2D space, it is a line, and in 3D
space, it is a plane. SVM aims to maximise the distance between
the hyperplane and the nearest data points from each class, known
as support vectors. These points are critical because they define
the position and orientation of the hyperplane. If these points are
removed, the position of the hyperplane will change [29]. SVM’s
advantage is its effectiveness in handling high-dimensional space,
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which is the case in this work. In this paper, we use the linear SVM
because of our linearly separable data, so SVM finds a straight line
separating the classes [30].

For a binary classification problem, given training data (G8 , ~8 )
where G8 , is the feature vector, and ~8 , is the class label such that
~8 ∈ {−1, 1}. Equation 1) presents the SVM optimisation problem.

min
F,1,b

1
2
F2 +�

=∑
8=1

b8 (1)

Subject to ~8 (F · G8 + 1) ≥ 1 − b8 , b8 ≥ 0, 8 = 1, . . . , =
Where F is the weight vector, 1 is the bias, b8 , are the slack

variables that allow for misclassification, � is the regularisation
parameter.

In this paper, we parallelise the standard linear SVM method
using the concept of threads. The objective is to minimise equation
1). We divide the training dataset into : chunks and each chunk
is processed concurrently. We denote the chunk-specific variables
and update them as follows: LetF 9 and 1 9 , be the weight vector
and bias vector for the 9Cℎ chunk. Each thread)9 processes a subset
of data ( {G 9

8
, ~

9
8
} ). We then adapt the SVM optimisation problem

for each thread chunk 9 as prescribed in equation 2).
1
2



F 9


2 +�∑= 9

8=1
b
9
8

(2)

Subject to ~ 9
8
(F 9 · G 9

8
+ 1 9 ) ≥ 1 − b

9
8
, b 9

8
≥ 0

Each thread initialises local parametersF 9 and 1 9 , a local update
is performed for each data point (G 9

8
, ~

9
8
) in the 9Cℎ chunk as shown

in equations 3) and (4).

F 9 = F 9 +� ·
= 9∑
8−1

~
9
8
G
9
8

8 5 ~
9
8

(
F 9 · G 9

8
+ 1 9

)
< 1 (3)

1 9 = 1 9 +� ·
= 9∑
8−1

~
9
8

8 5 ~
9
8

(
F 9 · G 9

8
+ 1 9

)
< 1 (4)

After all the threads complete their local updates, we aggregate
the results to update the global parametersF and 1 as presented in
equations 5) and (6).

F =

:∑
9=1

F 9 (5)

1 =

:∑
9=1

1 9 (6)

We present the parallelised SVM algorithm in Algorithm 1

2.1.2 Naïve Bayes. The Naive Bayes algorithm is a probabilistic
classifier that utilises Bayes’ theorem, making strong (naive) in-
dependence assumptions between features. It is widely employed
for text classification tasks, including spam detection, sentiment
analysis, and document categorisation. Given a text document �
with wordsF1,F2, . . .F= , we want to classify the document into
a sentiment class � (positive or negative). Using the Naive Bayes
classifier, we compute the probability of each sentiment class given
the document and choose the class with the highest probability.

The prior probability % (�) of each sentiment class is estimated
by the fraction of documents belonging to that class in the training

set, as shown in equation 7).

% (�) = Number of documents in class C
)>C0; =D<14A > 5 3>2D=<4=CB

(7)

Equation 8) presents the likelihood % (F8 |�) each word given a
sentiment class is estimated by the fraction of occurrences of the
word in documents of that class.

% (F8 |�) =
�>D=C > 5 F8 8= 3>2D<4=C > 5 2;0BB � + U

)>C0; =D<14A > 5 F>A3B 8= 2;0BB � + U ·+ (8)

Here, U is the smoothing parameter (usually 1), and + is the
vocabulary size (number of unique words). To classify a new doc-
ument � , Calculate the likelihood probability for each sentiment
class and select the class with the highest probability, as shown in
equation 9).

�̂ = 0A6max
�

% (�) ·
=∏
8=1

% (F8 |�) (9)

We also parallelise the NB method as shown in Algorithm 2.
The prior probabilities are computed once, and there is no need
to parallelise, as shown in equation 7). We then parallelise the
likelihood % (F8 |�) across multiple threads, where each thread com-
putes the likelihood for a subset of the vocabulary. For each thread
C, handling a subset of words,C ∈ , (where, is the complete
vocabulary). The parallelised likelihood is presented in equation
10) forF8 ∈,C .

%C (F8 |�) =
�>D=C > 5 F8 8= Cℎ4 3>2D<4=C > 5 2;0BB � + U

)>C0; =D<14A > 5 F>A3B 8= 2;0BB � + U ·+ (10)

Each thread computes {%C (F8 |�) | F8 ∈,C }. These results are
then combined to form the complete set of likelihoods shown in
equation 11).

% (F8 |�) = *C%C (F8 |�) (11)
For each document� to be classified, we parallelise the posterior

probability computation. Each thread can compute the product for
a subset of words in the document. We split document � into
subsets, �C ∈ � . The partial product for thread t is computed as∏
F8 ∈�C

% (F8 |�). Finally, we combine the partial products from all

threads to compute the final posterior probability using equation
12).

% (� |�) U% (�) ·
∏
C

©­«
∏

F8 ∈�C

% (F8 |�)ª®¬ (12)

3 Methodology
In this section, we present the parallel implementations of two ML
algorithms (NB and SVM) that have shown good performance in
the literature for classification tasks. Figure 1 shows the framework
of this work. We perform data pre-processing on our dataset, which
involves preparing the raw text data for analysis. This includes
cleaning the data, removing stop words, tokenisation, and other
pre-processing tasks to prepare it for the ML models. The pre-
processed text data is transformed into a numerical format using
word embeddings. We then feed the vectors into the SVM and
NB models (serial and parallel). Selecting features that improve
these models’ performance by applying suitable feature selection
techniques is essential. The next step is to train and validate the
sentiment classification models before final predictions.
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Algorithm 1 Parallelised SVM using threads
Input:
Training dataset � = {(G8 , ~8 )}=8=1
Regularisation parameter C
Number of threads :
Output:
Weight vectorF
Bias term 1

Divide dataset � into : chunks �1, �2, . . . , �:

For each thread )9 (Fℎ4A4 9 = 1, 2, . . . , :) do:
F 9 = [0, 0, . . . , 0] 0=3 1 9 = 0

For each data point (G8 , ~8 ) in chunks � 9

If ~
9
8
(F 9 · G 9

8
+ 1 9 ) < 1

UpdateF 9 0B F 9 = F 9 +� · ~ 9
8
· G 9

8

Update 1 90B 1 9 = 1 9 +� · ~ 9
8

End if
End For

End for
For each thread )9 do:

Update the global weight vectorF : F = F +F 9

Update global bias term 1 : 1 = 1 + 1 9
End for

Algorithm 2 Parallelised NB using threads
Input:
Training dataset � = {(G8 , ~8 )}=8=1
Number of threads :
Output:
Class prior probabilities % (~)
Conditional probabilities % (G8 |~) for each feature G 9
Initialisation:
Divide dataset � into : chunks �1, �2, . . . , �:

Initialize counts for class priors and conditional probabilities for
each chunk
For each thread )9 (Fℎ4A4 9 = 1, 2, . . . , :) do:

Initialise local counts for class priors and conditional
probabilities

For each data point (G8 , ~8 ) in chunks � 9

Update the local count of ~8
For each G8 9 8= G8 :

Update the local counts of G8 9 68E4= ~8
End if

End For
End for
Aggregate the local counts into global counts
Compute the global class prior probabilities % (~) and conditional
probabilities % (G8 |~)

3.1 Pre-processing
Data pre-processing is a critical step in the data analysis and ma-
chine learning pipeline, involving transforming raw data into a
clean and usable format. This step is essential for ensuring the
quality and accuracy of the subsequent analysis or model develop-
ment. Ensuring accurate, consistent, and complete data is critical
for obtaining reliable analysis and results. Proper pre-processed

Figure 1: Serial and parallel machine learning framework
for sentiment classification

data can reveal insights hidden by noise, leading to more informed,
accurate results. We discuss the relevant pre-processing steps we
carried out in this paper: Stopword removal is an essential pre-
processing step in NLP and text mining. It involves identifying
and removing common words that are typically considered to have
little or no informational value sentiment classification [31], [32].
These common words, known as stopwords, include terms like
“the,” “is,” “in,” and “to.” Converting text to lowercase ensures that
words are represented uniformly. For instance, “Apple,” “apple,”
and “APPLE” are all transformed to “apple” This uniformity helps
treat these variations as the same word. Lowercasing simplifies
the text and reduces variability without losing significant informa-
tion. Tokenisation is a fundamental pre-processing step in NLP
and text mining. It involves splitting text into smaller units called
tokens, words, phrases, or characters. Tokenisation is crucial for
preparing text data for further analysis or processing by machine
learning algorithms [33]. For instance, the text “The quick brown
fox jumps over the lazy dog” would be tokenised as [“The”, “quick”,
“brown”, “fox”, “jumps”, “over”, “the”, “lazy”, “dog”]. We perform
lemmatisation, a text normalisation technique that reduces words
to their base or root form, known as a “lemma”. Unlike stemming,
which truncates words to remove prefixes or suffixes, lemmatisa-
tion considers the context and converts words to their meaningful
base form. Lemmatisation reduces the number of unique tokens in
the text, leading to a smaller, more manageable feature space [13].

3.2 Word Embedding
Word embedding is a technique that represents words as dense, con-
tinuous, and low-dimensional vectors in a high-dimensional space.
These vectors capture semantic and syntactic relationships between
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words, allowing machines to understand the context and meaning
of words better. In this work, we employed the Word2Vec and
GloVe embedding techniques. Word2Vec utilises neural networks
to generate word embeddings, producing dense vector representa-
tions of words in a continuous vector space. It employs two models:
Continuous Bag of Words (CBOW) and skip-gram. CBOW pre-
dicts a target word based on its surrounding context words, while
skip-gram predicts the context words based on a target word. Both
methods use a simple neural network with one hidden layer.

3.2.1 CBOW. Predict the target wordF given its context words
21, 22, . . . 22 . For CBOW, the hidden layer representation ℎ is the av-
erage of the embeddings of the context words as shown in equation
13):

ℎ =
1
2

2∑
8=1

,) G28 (13)

where G28 is the one-hot encoded vector of the context word 28 , and
,) G28 gives the embedding of 28 . The output logits D for the target
wordF are computed as in equation 14):

D =,
′)ℎ (14)

Equation 15) calculates the softmax function applied to D to get
the probability distribution over the vocabulary:

~8 =
4G?

(
D 9

)∑E
:=1 exp(D: )

(15)

The cross-entropy loss function for CBOW is computed using
equation 16):

! = − log (~F) (16)
where ~F , is the predicted probability of the actual target wordF .

3.2.2 Skip-gram. Predicts the context words 21, 22, . . . 22 given a
target wordF . The hidden layer representation ℎ is the embedding
of the target wordF : ℎ =,) GF where GF , is the one-hot encoded
vector of the target wordF . The output logits D28 for each context
word 28 , are computed as in equation 17):

D28 =,
′)ℎ (17)

The softmax function is applied to D28 , to get the probability
distribution over the vocabulary using the equation 18):

~
(8 )
9

=
4G?

(
D28 , 9

)∑E
:=1 4G?

(
D28 ,:

) (18)

where ~ (8 )
9

, is the probability of the 9Cℎ word in the vocabulary
is the 8Cℎcontext word. The cross-entropy loss for Skip-Gram is
computed in equation 19), which is the sum of the losses for each
context word:

! = −
2∑
8=1

log
(
~28

)
(19)

where ~28 is the predicted probability of the actual 8Cℎ context word
28 .
Notations:
+ : Vocabulary size (number of unique words in the corpus).
# : Dimension of the word embedding vector.
F : A specific word in the vocabulary.
2: A context word surrounding the target word.

, : Weight matrix from the input to the hidden layer (dimension
+ × # ).
,

′
: Weight matrix from the hidden layer to the output layer (di-

mension # ×+ ).
ℎ: Hidden layer representation (embedding of the input word).
D: Output layer (logits before applying softmax).
~: Output probability distribution after applying softmax.
C: Context window size.

4 Results and discussion
In this section, we discuss the effectiveness of two word embedding
models, Word2Vec and GloVe, on ML models and their computa-
tional efficiencies on the CPU and GPU. The remaining part of this
section presents the experimental setup, results from the experi-
ment, and interpretations of the results.

4.1 Hardware and Software Configuration
We experimented using the Python Jupyter Notebook to pre-process
and vectorise data. We then used CUDA programming built on C
and C++ for SVM and NB’s serial and parallel implementations. In
this experiment, we utilised the Nvidia A100-PCIE-40GB GPU. The
CUDA driver and runtime versions are 11.2/11.8, with 42 multipro-
cessors and 64 cores per multiprocessor. On this GPU, there are
1,024 maximum threads per block. These features, combined with
sizeable global memory and extensive support for advanced CUDA
capabilities, make it well-suited for complex machine-learning
tasks.

4.1.1 Dataset Description. This paper uses the Amazon review
polarity dataset constructed in [34] for sentiment classification,
which is originally from the work in [35], contains 3.2 million
samples. In the dataset, class 1 is negative, and class 2 is positive.
Three features correspond to the class index, review title, and review
text. In this paper, we used the class and review test columns for
our experiment.

4.1.2 Results. We conducted our experiment on our dataset using
the two ML models, as presented in section 3. This experiment
classifies sentiments (positive or negative), and we perform a com-
parative analysis of the performance of the ML algorithms; this
is to understand the effectiveness of different word embedding
techniques and the parallel computing capabilities of the GPU for
sentiment classification tasks.

4.1.3 Evaluation Metrics. We evaluate our work using the most
commonly used metrics for sentiment analysis: accuracy, precision,
recall, F1 score, and the ROC curve. True Positives (TP) and True
Negatives (TN) correctly predict positive and negative instances.
Meanwhile, the False Positives (FP) and False Negatives (FN) are
incorrectly predicted positively and negatively, respectively. The
formulas for these metrics are provided in equations 20), (21), (22),
and (24).

• Accuracy is the ratio of correctly predicted instances to the
total number of instances, indicating how often the classifier
makes correct predictions.

�22DA02~ =
)% +)#

)% +)# + �% + �#
(20)
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Table 1: Performance metrics for SVM and NB

Word Embedding SVM - CPU and GPU (%) NB - CPU and GPU (%)

Word2Vec Accuracy: 74.78 Accuracy: 76.10
Precision: 74.13 Precision: 76.92
Recall: 76.12 Recall: 74.57
F1 Score: 75.11 F1 Score: 75.73

GloVe Accuracy: 73.01 Accuracy: 76.10
Precision: 74.33 Precision: 76.44
Recall: 70.27 Recall: 75.41
F1 Score: 72.25 F1 Score: 76.00

• Precision is the ratio of correctly predicted positive instances
to the total predicted positive instances. It measures the
accuracy of positive predictions.

%A428B8>= =
)%

)% + �%
(21)

• Recall, also called the True Positive Rate, is the ratio of cor-
rectly predicted positive instances to all actual positive in-
stances. It measures the ability of the model to capture all
positive instances.

'420;; =
)%

)% +)# (22)

• F1 Score is the harmonic mean of precision and recall. It pro-
vides a single metric that balances both precision and recall,
which is especially useful when the classes are imbalanced.

�1 (2>A4 = 2 × %A428B8>= × '420;;

%A428B8>= + '420;;
(23)

4.1.4 Discussion. In this paper, we used cross-validation [36], [37],
a statistical method used to assess the performance and general-
isability of a machine learning model that involves dividing the
dataset into multiple subsets. The model is trained on some of these
subsets and validated on the remaining ones. This procedure is
repeated multiple times, allowing each data point to be included
in both the training and validation sets. The results from each iter-
ation are then averaged to provide a more accurate evaluation of
the model’s performance. In [3], n-fold cross-validation is gener-
ally applied to SVM training. We used the 5-fold cross-validation
technique to train our models (SVM and NB) with a range of hy-
perparameters for the training of the SVM. The learning rates (;A )
are 0.1, 0.01, 14 − 3, and 54 − 3 together with the regularisation
parameters (�). In this work, we only report the results with the
best hyperparameters. We split our data into 80% for training and
20% for testing.

Our results are classified into two categories: the implementation
of serial and parallel SVM using word2vec and GloVe embeddings
for sentiment classification and the implementation of serial and
parallel NB using word2vec and GloVe embeddings for sentiment
classification.

Table 1 shows that NB performed better than SVM across both
word embedding techniques in terms of accuracy. Specifically,
NB achieves 76.10% accuracy with Word2Vec and GloVe, while

SVM achieves 74.78% and 73.01%, respectively. Precision is consis-
tently higher for NB compared to SVM for both embeddings. With
Word2Vec, NB achieves 76.92% against SVM’s 74.13%. With GloVe,
NB achieves 76.44% against SVM’s 74.33%. We can also observe
that SVM demonstrates higher recall than NB with Word2Vec em-
beddings (76.12% vs 74.57%), indicating that SVM is more effective
at identifying positive instances. However, with GloVe embeddings,
NB shows a higher recall (75.41% vs SVM’s 70.27%), suggesting
better performance of NB in capturing actual positive instances for
this embedding.

Table 2 presents the CPU and kernel execution times, measured
in seconds, for SVM and NB models using two different word em-
bedding techniques: Word2Vec and GloVe. In our result, for SVM
using word2vec, the GPU (7.65 seconds) is about 2.83x faster than
the CPU (21.63 seconds), whereas the GPU (7.73 seconds) is about
2.95x faster than the CPU (22.85 seconds) using GloVe. For NB
using word2vec, the GPU (0.38 seconds) is about 1.47x faster than
the CPU (0.56 seconds), whilst the GPU (0.37 seconds) is about 1.49x
faster than the CPU (0.55 seconds) using GloVe. We present these
results in Figures 10 and 11. The use of GPUs substantially reduces
execution times for both SVM and NB models, highlighting the ad-
vantage of leveraging GPU acceleration in sentiment classification
tasks. This mainly benefits large datasets and complex models with
high computational demands.

The experimental results in Table 3 and 4 evaluate the perfor-
mance of SVM and NB algorithms with GloVe and word2vec em-
beddings, focusing on the impact of different numbers of threads
per block on the GPU training time. The results in Table 1 show
consistency in the performance metrics across the different num-
bers of threads, which suggests that the choice of threads per block
primarily affects computational efficiency rather than the model’s
predictive quality. The results in Tables 3 and 4 show that for GloVe
and word2vec embeddings on the SVM algorithm, the optimal GPU
kernel time was achieved with 128 and 256 threads per block, indi-
cating that both configurations are efficient. Higher threads, such
as 1024 threads per block, introduce overhead, increasing kernel
execution time. For the NB model, both word embedding tech-
niques, 256 threads per block, provide the best balance between
GPU training time and overall computational efficiency.

Figure 2 shows the confusion matrix for the SVM classifier with
Word2Vec embeddings; the model demonstrates a strong ability to
correctly identify positive sentiments, as seen by the high number
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Table 2: CPU and GPU kernel execution times for SVM and NB

Word2VecTime (seconds) GloVeTime (seconds)

Host/Device SVM NB SVM NB

CPU 21.63 0.56 22.85 0.55
GPU 7.65 0.38 7.73 0.37

Table 3: CPU and GPU kernel execution times for SVM and NB on 128, 256, 512 and 1024 threads per block using GloVe
embedding

CPU ExecutionTime (seconds) GPU Kernel ExecutionTime
(seconds)

Number of threads
Per block

SVM NB SVM NB

128 21.79 0.42 7.73 0.53
256
512
1024

22.85 0.55
21.81 0.44
21.80 0.44

7.73 0.39
7.73 0.53
8.07 0.61

Table 4: CPU and GPU kernel execution times for SVM and NB on 128, 256, 512 and 1024 threads per block using word2vec
embedding

CPU ExecutionTime (seconds) GPU Kernel ExecutionTime
(seconds)

Number of threads
Per block

SVM NB SVM NB

128 21.67 0.47 7.66 0.55
256
512
1024

21.67 0.56
21.81 0.46
21.66 0.47

7.66 0.38
7.67 0.55
8.01 0.58

Figure 2: Confusion matrix for SVM on CPU and GPU using
word2vec embedding

Figure 3: ROC curve for SVM on CPU and GPU using
word2vec embedding
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Figure 4: Confusion matrix for SVM on CPU and GPU using
GloVe embedding

Figure 5: ROC curve for SVM on CPU and GPU using GloVe
embedding

of true positives (243,560). The result indicates that the Word2Vec
embedding effectively captures the nuances of positive language.
It is a reliable tool for applications that accurately identify positive
feedback, such as customer satisfaction surveys and product re-
views. However, the 76,415 false positives in the confusion matrix,
where the model incorrectly labels negative sentiments as positive,
suggests that the Word2Vec model sometimes misinterprets neg-
ative feedback. This misclassification can lead to the assumption
that there are more positive sentiments than there are, resulting
in a biased analysis and overestimated conclusions on customer
satisfaction. Additionally, the model has 85,005 false negatives, indi-
cating it occasionally fails to recognise positive sentiments, instead
categorising them as negative. This underestimation of positive
sentiment could result in missing critical positive feedback, which
is essential for understanding customer satisfaction and identifying
strengths in products or services.

Figure 4 shows the SVM classifier with GloVe embeddings. The
model correctly identifies negative sentiments, as seen by the
242,381 true negatives. The result also suggests that GloVe embed-
dings are particularly effective at distinguishing negative sentiment,
where accurately filtering out negative content is crucial. Themodel
also shows many false positives (95,121), meaning it misclassifies

Figure 6: Confusion matrix for NB on CPU and GPU using
Word2Vec embedding

Figure 7: ROC curve for NB onCPU andGPUusingWord2Vec
embedding

negative sentiments as positive. This can lead to incorrect assess-
ments of sentiments. The GloVe embedding model also presents
77,644 false negatives, where it fails to identify positive sentiments,
mistakenly categorising them as negative. This misclassification
could lead to an underrepresentation of positive feedback, affecting
the overall understanding of customer sentiment and potentially
missing opportunities for leveraging positive feedback to improve
products or services.

The ROC curves in Figures 3 and 5 show strong performance as
they rise steeply towards the top left corner. This indicates that the
classifier has a high true positive rate while maintaining a relatively
low false positive rate for a significant range of thresholds.

In the context of sentiment classification, the choice between
Word2Vec and GloVe embeddings should be guided by the specific
goals of the analysis. If the primary objective is to maximise the ac-
curate identification of positive feedback, the Word2Vec embedding
might be more suitable. On the other hand, if the focus is on ac-
curately identifying and filtering out negative feedback, the GloVe
embedding could be more appropriate. Understanding these dif-
ferences allows for more informed decisions in tailoring sentiment
analysis models to better meet the needs of various applications.
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Figure 8: Confusion matrix for NB on CPU and GPU using
GloVe embedding

Figure 9: ROC curve for NB on CPU and GPU using GloVe
embedding

Figure 6 presents the confusion matrix for the NB classifier with
Word2Vec embeddings and shows that the model correctly identi-
fies a substantial number of positive sentiments, with 238,618 true
positives. This indicates that the Word2Vec embedding captures
the positive features well, making it useful for applications where
detecting positive feedback is crucial, such as customer reviews or
satisfaction surveys. The model incorrectly labels 81,357 negative
sentiments as positive. This can create the impression of more posi-
tive sentiments than there are, leading to overly optimistic views on
customer satisfaction or product reception. Additionally, the model
misses 71,592 positive sentiments, labelling them as negative. The
model correctly identifies 248,433 negative sentiments, which is a
significant number, indicating its effectiveness in recognising nega-
tive language. However, the false positives and negatives highlight
areas where the model could improve to provide a more balanced
and accurate sentiment analysis.

In Figure 8, we have the NB classifier with GloVe embeddings,
and the model shows a strong ability to identify positive sentiments,
with 241,201 true positives correctly. This implies that GloVe em-
beddings effectively capture positive samples, making them suitable
for sentiment analysis applications focused on understanding posi-
tive customer feedback. The model also has 78,660 false positives,

Figure 10: Execution time of theWord2Vec and GloVemodels
on the CPU and GPU using SVM

Figure 11: Execution time of theWord2Vec and GloVemodels
on the CPU and GPU using NB

showing that it misinterprets negative sentiments as positive. Ad-
ditionally, there are 74,324 false negatives, where the model fails
to recognise positive sentiments, mistakenly categorising them as
negative. This misclassification could result in underrepresenting
positive feedback, affecting the overall understanding of customer
sentiment. The model correctly identifies 245,815 negative senti-
ments, indicating its ability to identify negative samples accurately.
However, the false positives and false negatives suggest that there
is still room for improvement in achieving a more precise sentiment
classification.

In Figures 7 and 9, the ROC curve for the Naive Bayes classifier
lies above the diagonal line, showing that the model is significantly
better than random guessing, thus demonstrating its effectiveness
in classifying sentiments.

5 Conclusion and future work
Sentiment classification, a crucial task in natural language process-
ing, has seen significant advancements over the years with the
development and application of various ML algorithms. Initially,
simpler models like NB and SVM are widely used due to their ro-
bustness and effectiveness in handling text data. These models laid
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the groundwork for more sophisticated approaches by demonstrat-
ing the potential of machine learning in understanding and inter-
preting human sentiments from textual data. SVMs’ capability to
maximise the margin between classes has contributed significantly
to their effectiveness in sentiment analysis, especially in scenarios
with well-separated class boundaries. NB models have consistently
shown strong performance in sentiment classification due to their
simplicity and effectiveness in handling high-dimensional data.
They operate on the principle of conditional probability, making
them particularly efficient in predicting the likelihood of class mem-
bership.

Despite the inherent advantages of SVMs, their computational
complexity, particularly with large datasets, has been a challenge.
Some works have attempted to parallelise SVM for various tasks,
such as large-scale classification and regression problems. These
efforts have leveraged modern computational architectures, includ-
ing multi-core CPUs and GPUs, to distribute the computational
load and accelerate training and inference processes. Such paralleli-
sation has shown promising results in reducing execution times and
improving the scalability of SVM models. However, the paralleli-
sation of ML methods, including SVM, for sentiment classification
tasks has been relatively limited in the literature. This gap is pri-
marily due to the unique challenges posed by text data, such as the
need for complex pre-processing and the high dimensionality of
word embeddings. While progress has been made, comprehensive
studies and implementations that fully exploit parallel computing
architectures for sentiment analysis remain sparse. This work con-
tributes to filling this gap by evaluating the performance of NB and
SVM models on both CPU and GPU platforms, demonstrating the
significant benefits of parallelisation.

In this work, we evaluated the performance of SVM and NB
models for sentiment classification using Word2Vec and GloVe
embeddings. Our results indicate that the NB model consistently
outperforms the SVM model in terms of execution time and effi-
ciency, especially when utilising GPU acceleration. The NB model
also shows robust performance metrics, including higher accuracy,
precision, and F1 scores. In both the SVM and NB algorithms,
consistent predictive performance across different thread configu-
rations suggests that computational efficiency is the primary factor
affected by the number of threads per block. We recommend 128
or 256 threads per block for SVM with GloVe and word2vec embed-
dings for optimal GPU performance and computational efficiency
on our dataset. In comparison, 256 threads per block are optimal
for NB with both word embeddings. Our results show that a higher
number of threads introduces overhead that negatively impacts the
GPU training time without improving the predictive performance.

The significant reduction in execution times with GPU usage
shows the importance of leveraging parallel computing for large-
scale sentiment analysis. While parallelising ML methods for sen-
timent classification has been limited in the literature, this paper
demonstrates the potential for substantial improvements in compu-
tational efficiency and scalability.

We will consider deep learning algorithms as a future direction
because of their potential for advancing sentiment classification.
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