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Abstract
Among text-mining studies, one of the most studied topics is the text classification 
task applied in various domains, including medicine, social media, and academia. 
As a sub-problem in text classification, sentiment analysis has been widely inves-
tigated to classify often opinion-based textual elements. Specifically, user reviews 
and experiential feedback for products or services have been employed as funda-
mental data sources for sentiment analysis efforts. As a result of rapidly emerging 
technological advancements, social media platforms such as Twitter, Facebook, and 
Reddit, have become central opinion-sharing mediums since the early 2000s. In this 
sense, we build various machine-learning models to solve the sentiment analysis 
problem on the Reddit comments dataset in this work. The experimental models we 
constructed achieve F1 scores within intervals of 73–76%. Consequently, we present 
comparative performance scores obtained by traditional machine learning and deep 
learning models and discuss the results.

Keywords  Sentiment analysis · Machine learning · Deep learning · Text mining

Introduction

Sentiment analysis is a text-based study used for understanding people’s emotions 
and opinions about a list of topics from texts. Technically, it is a computational 
examination in several domains, including marketing, social media, and customer 
satisfaction. Thus, sentiment analysis is exploited by companies to understand 
their customers’ insight so that better business strategies can be developed [21]. In 
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education systems, sentiment analysis is adopted to extract student opinions from 
feedback surveys. Social media platforms use the method of obtaining information 
about the emotions and thoughts of the users through sentiment analysis. Social 
media sites like Twitter, Facebook, and Instagram are massive data sources for 
users to share their opinions [18]. Reddit is also one of the social media platforms in 
which users can share their opinion. In this paper, we used Reddit comments as input 
data elements for sentiment analysis experiments. The target sentiments are divided 
into three categories positive, negative, and neutral. Considering the large amount 
of data produced on social media platforms, it is nearly impossible to analyze the 
sentiments without automated solutions. So, there are multiple sentiment analysis 
studies, including rule-based models combining NLP (Natural Language Process-
ing) techniques, machine learning (ML) techniques, deep learning (DL) models, and 
semi-supervised methods like graph-based methods [15, 25]. In this article, two dis-
tinct approaches, which are traditional machine learning techniques and deep learn-
ing techniques, are employed to analyze the sentiments. Here, the essential motiva-
tion is to analyze the Reddit comments with machine learning techniques (Logistic 
Regression and Random Forest) and deep learning models (CNN-Convolutional 
Neural Networks and LSTM-Long Short Term Memory). Eventually, we compare 
these methods by their F1 performance scores and running times. Within this study, 
we combined distinct features to get more accurate results and enhanced compari-
son. Particular contributions of this work are listed below.

•	 We built distinct traditional ML models (using logistic regression and random 
forest algorithms) using a unique set of n-gram features and their combinations, 
including unigram, bigram, and trigram.

•	 In addition, we built distinct deep-learning models using individual CNN and 
LSTM architectures along with a hybrid model with their combinations.

•	 Consequently, we tested the models and reported performance scores of both ten 
randomly-shuffled distinct test sets and 5-fold cross-validation results.

The remaining part of the paper is planned as follows. “Background and relevant lit-
erature” presents general background knowledge about sentiment analysis and par-
ticular machine learning techniques used for it. “Methodology” mentions the Reddit 
dataset and explains the methodologies utilized in the experiments. Finally, “Results 
and evaluations” demonstrates the comparative results, and “Conclusion” concludes 
the presented work with an overall summary.

Background and relevant literature

The popularity and usage of social media platforms have been dramatically 
increasing since they emerged due to their information dissemination power. In 
parallel to this situation, there have been many studies in different domains, such 
as health, finance, and politics, using social media data collected via available 
Twitter APIs [2, 3, 7]. These studies addressed the rise in social network platform 
usage and the challenge of extracting useful information from user-contributed 
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data. Also, they highlighted the relevance of sentiment analysis through distinct 
methods in this context.

The widely studied task is sentiment analysis, specifically on Twitter which is 
the most popular social media application in that sense. Technically, the tweets 
are classified into their sentiment in the tweet text. However, we chose to work on 
the Reddit comments dataset, unlike the typical works analyzing Twitter datasets.

As conventional machine learning models, sentiment analysis experiments 
also can be constructed by three approaches: unsupervised, semi-supervised, or 
supervised [19]. One of the unsupervised techniques is a lexicon-based method. 
This method typically uses a measurement to determine the polarity of the sen-
tences. So, the predefined lexicons with annotated sentiment words are exploited 
to perform the analysis. On that basis, the work done by Diwali et al. [6] intro-
duced a novel framework that combines Arabic dependency-based rules and 
deep learning models for sentiment analysis. Technically, dependency-based 
rules are established using linguistic patterns to map word meanings to concepts 
within sentence dependency structures. The semi-supervised learning technique 
involves unsupervised and supervised approaches, where both labeled and unla-
beled data are used to conduct the sentiment analysis. For instance, Lee et  al. 
[13] proposed a semi-supervised learning method to overcome the challenges 
of manual data labeling for sentiment analysis. Semi-supervised learning com-
bines a small amount of available labeled data with a large pool of unlabeled data 
for training machine learning models. Lastly, the supervised approach employs 
labeled data (by supervision of known data examples) to build a classification 
model. The effort by Ye et  al. [23] revealed that the SVM and character-based 
N-gram approach outperformed the Naïve Bayes approach in sentiment classifica-
tion. Additionally, when the training datasets included a large number of reviews, 
all three approaches achieved accuracies of at least 80%. The qualitative finding 
underscores the importance of sentiment classification in mining travel-related 
reviews from blogs, with SVM and N-gram models being identified as effective 
approaches for accurate sentiment analysis. The findings have valuable implica-
tions for improving the usefulness of online travel information. Compared to the 
unsupervised learning approach, most machine learning and deep learning appli-
cations are built with the supervised learning approach  [12]. The widely used 
machine learning algorithms are Naïve Bayes, Logistic Regression (LR), Ran-
dom Forest (RF), and Support Vector Machines (SVM) to analyze the sentiments. 
Recently, Gulati et al. [10]’s work suggested that machine learning-based classi-
fiers can be used to effectively identify the sentiment of COVID-19 tweets. This 
information can be used to track public opinion about the COVID-19 pandemic, 
identify areas of concern, and develop effective public health interventions. Simi-
larly, the latest popular deep learning models are DNN (Deep Neural Network), 
CNN, and LSTM, exploited in sentiment analysis experiments. Specifically,  [5] 
showed that deep learning models are a promising solution to the challenges 
of sentiment analysis. The experimented deep learning models have the poten-
tial to improve the efficiency and accuracy of sentiment analysis, which could 
lead to a wide range of applications. In Table 1, we demonstrate the fundamental 
approaches employed in sentiment analysis efforts.
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Al Amrani et al. [1] conducted comparative research on sentiment analysis using 
machine learning methods, including SVM, random forest, and hybrid method 
RFSVM, which combines SVM and random forest algorithms. Hidayat et al. [11] 
performed a comparative sentiment analysis experiment on Twitter data to analyze 
the performances of Doc2Vec, SVM, and Logistic Regression. Dang et al. [5] tested 
deep learning approaches in sentiment analysis research, where they constructed 
DNN, CNN, and RNN models.

Unlike the aforementioned deep learning models, the transformer architecture, 
presented by Vaswani et  al. [20], introduces a unique encoder-decoder model that 
enables the simultaneous processing of all input tokens- words, rather than sequen-
tial processing. Unlike traditional approaches, including other seq2seq architec-
tures, transformers treat input sequences as unordered bags of words/tokens., The 
transformer model, technically, employs a self-attention mechanism to capture 
token dependencies. Furthermore, an initial encoding step, executed before the first 
encoder layer, guarantees distinct representations for the same word occurring at dif-
ferent positions within a sentence representation.

In this study, we constructed traditional machine learning models, including 
Logistic Regression and Random Forest, as well as deep learning models, such as 
CNN, LSTM, and a hybrid approach constructed by CNN and LSTM architectures. 
These models were utilized to determine the appropriate sentiment label for the 
Reddit comments dataset. Subsequently, we compared their performances through 
in-depth discussions and analysis.

Methodology

Machine learning, which is intensively based on mathematics and statistics, has had 
substantial significance in recent years. Basically, machine learning allows us to pre-
dict unknown test elements by analyzing previously known training data [17]. Here, 

Table 1   Sentiment analysis methods comparison

Approach Models Comparative details

Unsupervised Rule-based Domain specific
Sophisticated linguistic resources are required
Lower precision performance

Semi-supervised Graph-based Lower performance if the graph structure does 
not fit the data

Require less time but not reliable and low 
precision performance in spite of taking less 
time

Supervised Machine learning Better classification scores
Time-consuming
Domain-dependent

Deep learning Enhance the precision
High computational cost
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one widely studied application is text classification tasks. In that sense, sentiment 
analysis is known as a subtask under text classification.

In this study, we use the Reddit comments dataset, which is publicly available 
on the Kaggle platform [9]. In the dataset, there are 37K comments available along 
with its sentimental label. Those Reddit comments reflecting public opinions were 
collected in the context of general elections held in India in 2019. As mentioned in 
the previous sections, we built traditional ML models and DL models to evaluate 
their performances on the sentiment analysis task using the Reddit comments data-
set (Table 2).

Traditional machine learning models

One of the conventional machine learning algorithms used is logistic regression. LR 
algorithm has a logistic function that converts the input space representations into 
the numeric values between the range of [0, 1] and yields the probability scores for 
the probabilistic assessments. Although it is widely associated with binary classifi-
cation problems [4], it can be operated for multi-label classification tasks with the 
one-vs-rest option. We employed the LR algorithm from the popular Python-based 
ML library, scikit-learn  [14] for multiclass classification purposes. The other con-
ventional machine learning algorithm employed in the experiments is the Random 
Forest (RF) classifier. The RF models contain a group of decision trees classifying a 
new sample using its input vector. Technically, the RF algorithm exploits the power 
of various decision trees to achieve a final decision result. Thus, it is an ensemble 
classifier model [17].

Deep learning architectures

The artificial neural network (NN) algorithms are the approaches simulating human 
neural structure to analyze input data as a training operation. Hence, a usual neural 
network consists of inter-connected elements called artificial neurons, as shown in 
Fig.  1. Deep learning is a type of neural network with multiple layers. Recently, 
deep learning models are yielding superior performances in several areas, includ-
ing NLP, image processing, and pattern recognition. Compared to traditional ML 
machine learning applications in which features are hand-crafted, deep learning 

Table 2   Comprehensive statistical information about the dataset

Category Initial count After remov-
ing empty 
values

After lemmatizing and cleaning steps 
(removing stopwords, entries having less 
than five words)

Dataset dis-
tribution after 
balancing

−1 8277 8277 6801 5000
0 13,042 13,042 5632 5000
1 15,830 15,830 12,996 5000
Total 37,249 37,149 25,429 15,000
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applications extract the features automatically; this functionality enables deep learn-
ing models to provide better accuracy and performance.

Convolutional neural networks

A standard CNN architecture is a subtype of a feed-forward neural network. Typ-
ically, it contains an input layer, multiple hidden layers, and an output layer. The 
hidden layers primarily consist of convolutional layers, an activation layer, possi-
ble pooling layers (via 2D operations), and followed by fully connected layers. The 
convolution layer is the core component of the CNN algorithm, which extracts con-
textual feature elements from the training instances  [24]. For example, if we want 
to identify features for an input image, the convolution process will aggregate the 
underlying relationships between pixels by pre-defined two-dimensional convolution 
windows. From the text processing perspective, where a group of words is the input 
instead of images, we have a one-dimensional array representation of the instances. 
Thus, the CNN system will consist of a 1D convolutional and a pooling layer.

In this effort, the first deep learning experiment is a CNN model. In the model 
structure, feature extraction is executed within the convolution layers by filtering the 
given inputs with multiple filters and combining the outputs. Following the feature 
extraction, the dimensions of feature maps and the number of parameters during the 
learning process are reduced by the pooling layers. By doing that, CNN’ s robust-
ness and generalization power is enhanced by alleviating the overfitting issue. Con-
sequently, the fully-connected layer performs the classification task, and the CNN 
network ends with an output layer containing a softmax function.

Long short‑term memory networks

The LSTM model is a more sophisticated deep learning model based on the repeti-
tive artificial neural networks (RNN) structure. Similar to standard RNN models, 
the LSTM model is widely used, too, on temporal and serial datasets, such as text 
sentences and DNA sequences  [8, 16]. The most remarkable aspect of this model 

Fig. 1   An example representation of a usual feed-forward neural network
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is that it solves the vanishing gradient problem occurring over time in a standard 
RNN model. However, the LSTM model solves this problem by particular data gates 
(input, forget, and output) along with the cell state unit. A typical LSTM cell struc-
ture is represented in Fig. 2.

The cell state unit ( ct ) serves as a memory area in the network and holds charac-
teristic information to transmit to other cells. Thus, short-term information can be 
stored and transported throughout the network. The forget ( ft ) and input ( xt ) gates in 
the LSTM cell structure are responsible for determining the transmitted information 
to other cells. Technically, the forget gate erases and dismisses the information that 
is either 0 or close to 0 according to the sigmoid function result (typically a value 
between [0,1]) of the information existing in the cell and the value coming from the 
previous cell. The input gate performs the data update operation in the cell state unit 
according to the sigmoid function result of the data from the precedent cell’s hidden 
state ( ht−1 ) and the data in the current cell ( xt ). Finally, the output gate determines 
which information will be transmitted to other cells as previous cell information, 
according to the score generated by the multiplication of the tanh (a function gen-
erating value between [−1, 1] ) activation result of the data in the cell state unit by 
the sigmoid of the previous and current cells data. Concisely, the LSTM architecture 
yields much higher classification performance thanks to its advanced structure com-
pared to a standard RNN model.

Proposed solution approach

Traditional ML and DL models require particular preprocessing steps, such as lem-
matization and data cleaning, before performing the main experiments. So, as a first 
step, the lemmatization step, which converts words to their base forms, is adminis-
tered over the dataset to establish the unification of the distinct word representations. 

Fig. 2   An example of LSTM cell structure
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In this way, lemmatization helps the models match the root words and to provide 
more reliable classification results. The term forms are converted to base forms by 
considering part-of-speech tags (adjective, verb, noun, or adverb) to have more pre-
cise lemmas. After lemmatization, the cleaning step removes the stop words, punc-
tuation symbols (characters), and meaningless words. The overall graphical repre-
sentation of the experimental steps is illustrated in Fig. 3.

In addition to the cleaning step, the comments containing fewer words than five 
were omitted to retain only the most discriminative comments. The data distribution 
in the dataset with three categories (positive, negative, and neutral) is imbalanced, 
but we evenly distributed data with random sampling to compose a balanced data-
set scenario. Consequently, there are 15,000 evenly distributed examples in the bal-
anced dataset.

Experimental details

We have two distinct assessment configurations to evaluate the models’  perfor-
mances: ten randomly shuffled split datasets and 5-fold cross-validation to derive 
average scores and confidence intervals (CIs). Before building the models, we split 

Fig. 3   Overall experimental steps
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each shuffled dataset into two major subsets; 80% as the training set and 20% as the 
test set. So, there are different train-test sets in each split. The text expressions in 
the dataset are transformed into TF-IDF (Term Frequency-Inverse Document Fre-
quency) numeric vector representations to be utilized in traditional machine learning 
models. The purpose of TF-IDF values is to show how each n-gram element is rel-
evant to a document. N-gram is a probabilistic language model in which n-ordered 
word phrases are present. Mainly, it is used extensively in the statistical natural 
language processing field to predict the next word  [22]. In this study, five n-gram 
groups are generated and used as the contextual feature sets from the dataset. These 
n-gram groups consist of the list as in [unigrams], [bigrams], [unigrams ∪ bigrams], 
and [unigrams ∪ bigrams ∪ trigrams]. In Table 3, the extracted n-grams (where n is 
the number of consecutive words and can take a value as 1, 2, and 3 in the experi-
ments) from the sample sentence “Take a moment to appreciate” describe the whole 
process with a better illustration.

Following the TF-IDF vectorization, the vectorized data is transferred to the 
pipeline process building the logistic regression and random forest classifier mod-
els. Then, the models are fitted by using the training examples. When the models 
are learned, the test examples are subjected to the trained models to obtain the 
prediction results. Considering the deep learning experiments, we have a CNN, 
an LSTM model, and a hybrid CNN-LSTM model. In the CNN model, we have 
an embedding layer as input followed by three 1D convolution layers (filter sizes: 
32, 64, and 128, respectively), along with 1D max pooling (by pooling size of 2) 
layers. Then a dense layer with class sizes is used as output as shown in Fig. 4. 

Table 3   N-gram extraction through the sample sentence

N-gram type Extracted n-grams

Unigrams ( n = 1) [Take], [a], [moment], [to], [appreciate]
Bigrams ( n = 2) [Take a], [a moment], [moment to], [to appreciate]
Trigrams ( n = 3) [Take a moment], [a moment to], [moment to appreciate]

Fig. 4   Our CNN model architecture
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In the LSTM model, as presented in Fig. 5, we use an embedding layer as input 
to the architecture. Then, we utilize an LSTM layer with 100 units and a dropout 
rate of 0.2. Next, the LSTM model ends with a dense layer with the number of 
classes as output. As demonstrated in Fig.  6, the hybrid model constructed by 
CNN and LSTM algorithms starts with an embedding layer as input, then two 1D 
convolution layers (by the filter size of 32), and an immediate 1D max pooling 
layer. Then, the hybrid network includes an LSTM (with 100 units and a dropout 
rate of 0.2) layer and ends with a dense layer containing the number of classes 

Fig. 5   Our LSTM model archi-
tecture
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as output. In all DL models, the batch size is selected as 128, and the embedding 
dimension is picked as 100.

Performance evaluation metrics

Precision, recall, and specifically the F1 score (the harmonic mean of precision and 
recall scores) will be used to reveal the classification performances for each model. 
The motivation for using the F1 score1 as a principal evaluation metric is to show 
how erroneous False Positive (FP) and False Negative (FN) cases vary against True 
Positive (TP) classification examples. The performance scores will be calculated 
according to the formulas in Eqs. (1)–(4).

(1)Precision =
TP

TP + FP

(2)Recall =
TP

TP + FN

(3)F1 =
2 × Precision × Recall

Precision + Recall

(4)F1 onAvg. Scores =
2 × Avg. Precision × Avg. Recall

Avg. Precision + Avg. Recall

Fig. 6   Our hybrit (CNN + LSTM) model architecture

1  We have calculated the main F1 metric score by using both average precision score and average recall 
score.
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Results and evaluations

In the following subsections, we first presented the traditional models’ performance 
scores. Then, we reported the deep learning models’  performances. Finally, we 
shared the comparative evaluations using the best-performing model scores for both 
configurations.

Traditional machine learning models evaluations

In Table 4, we demonstrated the performance evaluation results of various model 
configurations constructed as traditional machine learning approaches. When we 
inspect at the result table, the interesting point is that the performance scores of both 
assessment configurations are nearly identical for each machine-learning model. 
Among all distinct experiments, the trigram models yielded the lowest performance 
scores.

The potential reason for this outcome is that the trigrams are the least frequent 
elements compared to other n-grams across the dataset. The 5-fold cross-validation 
assessment on the model utilizing the combination of unigram, bigram, and trigram 
gave the best performance in the logistic regression experiments, even if there is a 
slight difference. Besides, the model using the unigram features yielded the second-
best performance on the ten-shuffled split assessment.

In the random forest experiments, the 5-fold cross-validation assessment gained 
the best F1 score on the model employing the union of unigram and bigram features. 
However, the model exploiting unigram, bigram, and trigram yielded the second-
best (by a tiny difference of 0.001119) F1 score through the ten-shuffled split assess-
ment. This consequence is not surprising because both model configurations use the 
most frequent n-grams (unigrams and bigrams) extracted from the dataset, contrary 
to the models empowered by individual n-grams. Overall, the logistic regression 
model configurations slightly outperformed the random forest models even though 
their performance scores are close to each other. When we calculated the confidence 
intervals for the RF 10-RS models, we acquired 0.004, 0.007, 0.007, 0.005, and 
0.004 CI values for the [unigrams], [bigrams], [unigrams ∪ bigrams], and [unigrams 
∪ bigrams ∪ trigrams] model configurations, respectively. Since these CI values are 
less than 0.01, we can strongly entail that the performance scores are statistically 
significant and not obtained by chance.

Deep learning models’ evaluations

To build and evaluate the models, we have divided the dataset into three subsets: 
70% as training, 20% as testing, and 10% as validation to use in the deep learn-
ing experiments. As in traditional machine learning experiments, the performance 
scores are derived by the average scores of ten distinct shuffled data splits. Here, 
we have three central model configurations; CNN, LSTM, and CNN-LSTM. The 
first model was constructed by three CNN layers followed by a final dense layer 
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before the output. Similarly, the second model was built by using an LSTM layer 
followed by a final fully-connected dense layer. In the final deep learning model, two 
CNN layers (to extract the contextual features) and one LSTM layer were employed 
to create a hybrid model configuration to inspect the performance tradeoff between 
individual and hybrid models. The performance scores are demonstrated in Table 5 
obtained by the deep learning experiments over both ten randomly shuffled datasets 
(indicated by the subscript of 10-RS) and a 5-fold cross-validation set (referred by 
the subscript of CV).

The first noticeable outcome is that the performance scores are nearly identical 
regardless of model configurations in each assessment option. Considering the ten 
randomly shuffled split datasets, the best F1 score, along with the best precision 
and recall scores, was achieved by the LSTM model. However, the best-performing 
model in the cross-validation assessment is the hybrid model constructed by CNN 
and LSTM algorithms. Another interesting point is that the CNN model underper-
formed compared to other models regardless of the assessment options. The more 
spectacular consequence is that the F1 score difference between the best and worst 
performing models is less than 2% for each evaluation option. Nevertheless, we 
achieved the best classification performance scores using the hybrid model using 
the 5-fold cross-validation approach. Similar to the traditional ML models, we com-
puted the CIs for the DL models with the F1 scores for RS-10 configurations. So, we 
got the CI scores as 0.005, 0.007, and 0.01 for the CNN, LSTM, and CNN-LSTM 
models, respectively. Based on the CI scores, the F1 scores are statistically signifi-
cant because the 95% CI widths are reasonably small.

Beyond the performance metrics evaluation, another critical point is to compare 
the models’ running times. From that perspective, we also measured the elapsed 
time values (in minutes) and reported them in pie chart illustrations. In Fig. 7, the 
elapsed time values of the ML models are presented in minutes, while the elapsed 
times of the deep learning models are shown in Fig. 8.

Overall, the traditional ML models took more time to be built compared to deep 
learning models. The RF model tested by ten randomly shuffled sets took the longest 
time, while the CNN model on 5-fold cross-validation assessment lasted one minute, 
which is the shortest time among other models.

Table 5   Performance scores of deep-learning models

Bold scores indicate better classification results

Model Avg. precision Avg. recall F1-score on avg. 
precision & Avg. 
recall

CNN
10−RS 0.738874 0.735000 0.736923

LSTM
10−RS 0.742441 0.740400 0.741416

CNN − LSTM
10−RS 0.733699 0.731433 0.732559

CNNCV 0.744321 0.735289 0.739764
LSTMCV 0.748223 0.747328 0.747775
CNN − LSTMCV 0.754165 0.753562 0.753863
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When we consider traditional ML and DL models examined over each assessment 
procedure, we show their F1 performance scores in a bar-graph representation for 
a better comparison in Fig. 9. Generally, the models tested by the cross-validation 
method yielded better F1 scores against the other models assessed by ten randomly 
shuffled splits. The best-performing model is the Logistic Regression model with 
cross-validation (76.8%), while the lowest-performing model configuration is the 
hybrid deep learning model tested by ten shuffled splits (73.2%). Due to the rela-
tively small data size, it is reasonable to observe this outcome, as traditional machine 
learning models are more suitable for handling such cases. The results also highlight 

Fig. 7   Elapsed times of the 
traditional machine learning 
models (LR: logistic regression, 
RF: random forest, 10-RS: ten 
random shuffles, and CV: cross-
validation)

Fig. 8   Elapsed times of the deep 
learning models (LSTM: long 
short-term memory network, 
CNN: convolutional neural net-
work, 10-RS: ten random shuf-
fles, and CV: cross-validation)

Fig. 9   Overall F1 scores of all models



	 Journal of Computational Social Science

1 3

an intriguing finding: among the experimental models, the hybrid deep learning 
model exhibited the highest performance gap ( ∼2%) between cross-validation and 
ten shuffled split assessments compared to other experimental models. Inevitably, 
the most striking consequence is that the ML models outperformed the DL models. 
However, this outcome is understandable because the dataset is not large enough for 
the DL models to learn the contextual associations among the data elements.

Conclusion

Sentiment analysis has been a widely studied research area by many researchers 
since digitalization began and opinion-sharing concepts emerged. In this article, we 
have built multiple ML (composed of logistic regression and random forest algo-
rithms) and DL models (constructed by CNN and LSTM architectures) and tested 
them using ten randomly shuffled splits along with 5-fold cross-validation over the 
Reddit comments dataset. Among distinct ML and DL configurations, we achieved 
the F1 score of 76% with the Logistic Regression model with 5-fold cross-validation 
as the superior performance. The comparative results proved that the traditional ML 
models are relatively more successful in sentiment analysis tasks. This outcome is 
conceivable because the deep learning models may not learn the contextual associa-
tions in a small-sized dataset, even though they are more sophisticated architectures 
compared to traditional ML models.
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