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Abstract Understanding customers' preferences can be vital for
companies to improve customer satisfaction. Reviews of
products and services written by customers and published on
various online platforms offer tremendous potential to gain
important insights about customers' opinions. Sentiment
classification with various machine learning models has been of
great interest to academia and practice for a while, however, the
emergence of language transformer models brings forth new
avenues of research. In this article, we compare the performance
of traditional machine learning models and recently introduced
transformer-based techniques on a dataset of customer reviews
published on the Trustpilot platform. We found that
transformer-based models outperform traditional models, and
one can achieve over 98% accuracy. The best performing model
shows the same excellent performance independently of the store
considered. We also illustrate why it can be sometimes more
reliable to use the sentiment polarity assigned by the machine
learning model, rather than a numeric rating that is provided by

the customet.
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1 Introduction

With the rapid advancement of Internet technology in recent years, online
shopping has become a popular means for people to buy and consume goods. In
particular, e-commerce sectors, which have thrived amid the COVID-19 issue,
have experienced extraordinary and unexpected development. These trends
increase the already high importance for organizations to understand and
optimize the way customers interact with online e-commerce platforms in order
to increase customer satisfaction. An increasingly utilized source of information
that organizations can make use of is online reviews. While customer reviews can
provide valuable information related to products and services, the sheer quantity
of these reviews makes it infeasible and impractical for manual inspection.
Companies are required to increasingly make use of advanced natural language
processing (NLP) tools and machine learning techniques to understand their
customers better and stay competitive in the market (Jagdale et al. 2019).

The most valuable piece of information in reviews, additionally to a numeric
rating, is contained in the free-form comments on the product or service.
Consumer evaluations typically include useful information regarding product
quality as well as helpful recommendations. However, it is not a straightforward
task to extract the relevant information. Various tools of NLP are now
increasingly used in understanding customer satisfaction, such as sentiment
analysis (Sun et al., 2019), topic modeling (Piris & Gay, 2021), text summarization
(Tsai et al., 2020), and automated translation (Gangual & Mamidi, 2018).

By understanding the emotional polarity of messages with sentiment analysis,
companies can gain a detailed understanding of customers, and identify what
products and services are perceived negatively or positively by customers and
why. The company needs to be able to constructively evaluate good and negative
feedback and make better judgments based on the needs of customers. In this
article, our main focus is to compare the classification performance of traditional machine
learning techniques and a more recent invention, the RoBERTA model in sentiment
evaluation of online reviews (Liu et al., 2019). By identifying the best performing
model, we can aid decision makers in understanding customer’s prerences better,
and in turn improve the offered services. To address this research problem, we
collected 3500 user reviews from the online platform Trustpilot, which hosts
reviews to help consumers in online shopping. The messages were randomly
selected and manually annotated by the authors of this article using the polarities

'positive’, 'negative', and 'mixed'. After data preprocessing, several machine



learning models were tested and the best performing models were identified. The
models utilized include Support Vector Machines, Naive Bayes, BERT, and
RoBERTa.

The rest of the article is structured as follows. In Section 2, a brief literature
review is presented to discuss different approaches to sentiment analysis, and
specifically how they have been applied to analyze customer reviews. The
research methodology, data collection, and processing are presented in Section
3. Section 4 contains the main results: we interpret the findings and compare
them to previous literature. Finally, we present some concluding remarks,
limitations, and future research directions in Section 5.

2 Sentiment analysis of customer reviews

The goal of sentiment analysis is to determine how sentiments are represented in
texts and whether the expressions suggest positive or negative attitudes about the
subject (Nasukawa & Jeonghee, 2003). The most fundamental application of
sentiment analysis is to gather people's opinions, in particular in the form of
customer reviews. Many business decisions are influenced by such viewpoints
(Rajput, 2020). Formally, as presented by Zeng et al. 2019, sentiment analysis can
be defined as “the process of automatically analyzing the subjective commentary
text with the customet's emotional color and detiving the customet's emotional
tendency”. In the following, we summarize the different approaches focusing on
the different families of techniques used in sentiment analysis.

Based on the technique used to perform sentiment analysis, one can typically
make a distinction between (i) lexicon-based and (i) machine learning
approaches. In lexicon-based approaches, an existing dictionary is utilized, which
contains a sentiment polarity/intensity for words and expressions; then the
sentiment is determined by the majority of polarities in the text. Additionally, to
general dictionaries such as the Harvard GI, there exist some domain-specific
dictionaries available, e.g. the Financial Polarity Lexicon in finance (Malo et al.,
2014). While we can identify approaches to construct a domain-specific
dictionary for user reviews, such as the one presented by Han et al. (2018), in this
domain, generic dictionaries are mainly used to evaluate sentiments, with the
most frequently used one being the SentiWordNet (Baccianella et al., 2010). Han
etal. (2018a) present a good example of utilizing lexicon-based sentiment analysis
using the text of reviews from the online commerce site Amazon. By accounting
for the possibility of bias, the authors complement the use of lexicons with a



weighted processing strategy and found the results to be superior. In the model,
optimized weights combining positive and negative score of a review are included
as “many methods present more positive values than negative values, especially
the lexicon-based method”.

Lexicon-based approaches can offer a good baseline solution, as in most cases
typically 70% sentiment classification accuracy is achievable. In recent times, a
different stream of sentiment analysis techniques has become dominant:
machine-learning based approaches. Developments from the last decade are
numerous in this domain, with the first important being the new approaches to
improve on traditional text representation methodologies (such as term
frequency-inverse document frequency) with word, and later sentence encoders,
including most importantly Word2Vec and Doc2Vec. These word/sentence
encoders assign comparable vectors to words/sentences that appear in the same
context because they are semantically similar. As an example, Shuai et al. (2018)
applied Doc2vec and various machine learning algorithms such as Support
Vector Machine, Logistic Regression, and Naive Bayes on 11600 hotel reviews.
They found that the best performance (80% precision and 88% recall) can be
achieved by combining Doc2Vec with Support Vector Machines.

In order to further improve word and sentence embeddings, language
transformer models were introduced (Vaswani et al., 2017) with the idea of
creating different embeddings for a word instead of a fixed one, to incorporate
information on different contexts. Making use of encoder and decoder, an
extensive, unsupervised pre-training and fine-tuning on labeled data,
transformers can be used to solve a variety of text classification problems,
including sentiment classification. One of the first transformer models, and
arguably the most influential one, is BERT (Bidirectional Encoder
Representations from Transformers), introduced by Devlin et al. (2019). The
BERT approach has two stages: pre-training and fine-tuning. The pre-training
stage includes two unsupervised tasks: a masked language model and sentence
prediction. Through supervised learning, BERT's pre-trained language model can
be fine-tuned for specific purposes. In the last few years, several extensions of
BERT have been introduced, both general, such as RoBERT4a, and domain-
specific, such as FinBERT. These, and other transformer models (e.g. XLNet),
have been proven to outperform traditional NLP models, in particular in

sentiment analysis problems.

At the same time, we can only identify a handful of articles applying language
transformers to sentiment classification. Xie et al. (2020) performed sentiment



analysis of Chinese e-commerce reviews. They perform aspect-based analysis
using automated sequence annotation. The authors extend the basic version of
RoBERT2 and find that it can achieve up to 90% accuracy. Li et al. (2021)
develop a novel sentiment analysis model for Chinese stock reviews based on
BERT. The authors find that the best performance (92% accuracy) is obtained
by adding a linear layer to the BERT outputs and using a fully connected layer
for prediction. In this article, motivated by the findings of the presented literature
review, we aim to present a comparison of various traditional and deep learning-
based machine learning models for sentiment classification, by making use of a
newly annotated dataset in the context of e-commerce. Liao et al. (2021) propose
a multi-task aspect-category sentiment analysis model based on RoOBERTa. The
authors use the ROBERTa based on deep bidirectional Transformer to extract
features from both text and aspect tokens, and the cross-attention method to
instruct the model to focus on the features most relevant to the given aspect
category, treating each aspect category as a subtask.

3 Methodology

In this section, we will present the NLP-based methodology of sentiment
analysis. Our main goal is to identify the best-performing models of sentiment
classification based on customers’ online reviews. As shown in Figure 1, we have
applied five steps to achieve our research objective. In this section, we discuss
data collection, annotation, preprocessing, and present the machine learning

models used for sentiment classification.
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Figure 1 The stages of the research process
3.1 Data collection and processing

We aimed to collect data from one of the largest customer review sites,
Trustpilot!. The data collection focused on reviews of online stores, written in
English. After a preliminary check of available reviews, we opted to collect data
from five e-commerce platforms, written in the time period between 2012 and
2021, with most of the comments from 2021. The total number of collected
reviews is approx. 12,000. The stores included in the analysis are the following:
Zalando (35% of data), Wish (24%), Sheinside (19%), Boozt (17%), and Nelly
(5%). To complement the text of the reviews, the following additional
information was collected: header of the review, numeric rating (range 1-5),
location of the user, date of the reviews, total number of reviews previously

written by the user.

In order to perform sentiment analysis, a polarity value needs to be assigned to
each review. As highlighted in the literature review, while there exist lexicons for
customer reviews, the results utilizing them are not fully convincing yet. For this
reason, we opted for a manual sentiment annotation process. We have selected
3500 reviews randomly for the manual annotation and labeled each message
according to the emotions found in the review. The data was annotated by two
annotators, making use of three possible labels: positive, negative, and mixed.
After the two annotators individually assigned sentiment values, every single
disagreement was discussed until a consensus was reached. After resolving all the
disagreements, we removed all the reviews of insufficient quality (e.g., too short,
not comprehensible, not in English). The final dataset includes 3159 data points,
consisting of 59% positive, 33% negative, and 8% mixed sentiment values. After
the annotation, we performed text cleaning: transforming the text into lowercase,
removing all the non-alpha characters, cleaning out the contractions, removing
the HTML tags and URLs, and finally, lemmatization. After text processing, the

total number of words is 108253 and the total number of unique words is 4766.

To perform sentiment classification on the reviews, the text of the reviews needs
to be transformed into a set of features that is understandable for a classifier. The
performance of the machine learning algorithms depends intensely on this

feature extraction process, i.e. creating a feature vector representation (Zainuddin

1 https://www.trustpilot.com/ The dataset is available from the authors by request,



https://www.trustpilot.com/

etal.,, 2014). In this article, we make use of two feature extraction methods: Bag
of Words (BOW) and Term Frequency Inverse Document Frequency (TF-IDF).
BOW is a feature extraction technique that takes text data as input and produces
an unordered collection of the unique vocabulary of the documents to be used
in further classification process (Barry, 2017). When using TF-IDF, 2
components are assigned to each word and combined to obtain a final
representation (Dang et al., 2020): (1) term frequency outlines how often a specific
word occurs within a document, while (ii) inverse document frequency estimates

the informativeness of a word.
3.2 Machine learning models for sentiment classification

In order to build and compare different sentiment classification models for
customer reviews, we have chosen the most frequently used models in sentiment
analysis literature: Naive Bayes, Support Vector Machines, and BERT.
Additionally, we have selected RoBERT4, as one of the recently introduced

methods, gaining interest and showing good performance in various applications.

The Naive Bayes classification algorithm is based on Bayes' theorem, and uses
the idea of identifying the most probable class using the conditional frequency
of occurrences in terms of the feature vectors. Naive Bayes’ has been applied
successfully in many domains, such as text classification, medical diagnosis, and

systems performance management (Rish, 1., 2001; Dey et al., 2016).

Support-vector Machines (SVM) were originally introduced by Vapnik et al.,
(1997). One of the advantages of SVM models, namely their ability to handle
large numbers of features, makes SVMs a widely used choice in text classification
problems (Zainuddin et al., 2014). SVMs have shown excellent performance in

prior sentiment analysis studies (Mullen et al., 2004).

Additionally to the traditional machine learning techniques, we selected two
recently introduced language transformer models: BERT and RoBERTa.
RoBERTa (Liu et al, 2019) is a modified version of BERT; although
transformers (Vaswani et al, 2017) are used in both models as the main
architecture, ROBERT4 is trained differently compared to BERT. The major
modifications in training the ROBERTa model are: 1) the model is trained longer,

with larger batches and data, 2) the next sentence prediction objective is



removed, 3) using entire sentences as input, 4) text encoding, and 5) dynamic

masking.
3.3. Model building

In order to identify the best-performing model, we tested different combinations
of text feature extraction methods and machine learning algorithms. In the case
of Naive Bayes and SVM, we tested BOW and TF-IDF to transform the text to
the numeric features, while for BERT and RoBERT2, we used a transformer
tokenizer. Before model building, we divided the dataset into the train (80% of
the data), validation (12%), and test (8%) sets. These sets were fixed for all the
models, and we performed the analysis without any further resampling, such as
cross-validation. As the dataset is imbalanced in terms of the number of labels,
we used stratified random sampling. The validation set was used to identify the
optimal cost parameters for the traditional machine learning models: (i) by
changing the n-gram vectorizer parameters and regularization parameters for the
linear SVM model, and (ii) n-gram vectorizer parameters and the o value for
Multinomial Naive Bayes. The same steps were performed for SVM and Naive
Bayes with BOW and TF-IDF features to compare the performance, and the
best performing model in each case is selected as the one minimizing the number

of misclassifications.

For text transformation in transformer-based models, we utilized tokenizers
(AutoTokenizer for BERT, and RobertaTokenizer for RoBERTa). For BERT,
we used the main model as the baseline, and added a dropout layer to control
overfitting, and a dense layer for the classification task. When training
RoBERT?4, in addition to a dropout of 0.3 and a Linear layer, our network model
includes the main model with 12 layers and 768 hidden dimensions. For both
BERT and RoBERT4, the optimizer, loss function, and performance metric were
specified as Adam, categorical cross-entropy, and accuracy, respectively.

To evaluate the performance of the models, we made use of some traditionally
employed measures, namely accuracy and F1. Various measures of classification
performance with binary outcome (positive and negative classes) can be defined
using the confusion matrix. It has four components: (i) true positives (TP,
positive cases correctly classified as positive), (ii) true negatives (TN, negative
cases correctly classified as negative), (iii) false positives (FP, negative cases
incorrectly classified as positive), and (iv) false negatives (FN, positive cases



incorrectly classified as negative). Using these notions, accuracy can simply be
defined as the percentage of correctly classified cases, ie,
(TP+TN)/(TP+TN+FP+EN). This is the most widel used measure, although it
has several issues, in particular in problems with imbalanced cases. One
alternative measure is F1, which is defined as TP/(TP + 0.5(FP + FN)).

4 Results

In this section, we will present the results of the experiments and show the
performance of the various machine learning models in sentiment classification,
and compare our results to previous academic research. Furthermore, we discuss
some observations highly relevant in managing expectations regarding this

performance and provide illustrations using the constructed models.

4.1 Sentiment classification performance

Altogether, six different models were constructed as discussed in the previous
section; the results (the best performance for all models after extensive parameter
selection) are presented in Table 1. In the table, we present the accuracy and F1
value for the test set (and as a comparison to the validation set), the number of
misclassifications in the test set, and the execution time of building the models.

Method Validatio | F1 on Test set | F1 on test | Number of Executio
n set validatio | accurac | set misclassificati | n time(in
accuracy | nset y on(test set) seconds)

Naive 0.868 0.889 0.901 0.889 25 0.720

Bayes(TFIDF)

Naive 0.889 0.883 0.916 0.906 21 5.493

Bayes(BOW)

SVM(BOW) 0.862 0.854 0.873 0.866 32 10.581

SVM(TFIDF) | 0.907 0.895 0.905 0.889 24 1.192

BERT 0.902 0.889 0.921 0.899 20 1132.78

RoBERTa 0.976 0.984 0.988 0.992 3 378

Table 1 Sentiment classification performance



The results reveal some interesting insights. First of all, it is clear from the
performance evaluation that language transformer-based models are superior to
traditional machine learning models. Furthermore, RoOBERTa outperforms even
BERT significantly, with accuracy on the test set above 98%. Second, considering
only the traditional ML models, the best accuracy can be achieved by Naive Bayes
in combination with Bag of Words. Interestingly, SVMs perform better when
used with features extracted with TF-IDF. Finally, regarding execution time, as
it can be expected, transformer-based models take more time to train, which is
the cost for the improved performance.

Regarding the specific misclassifications generated by the RoBERTa model, the
mistakes are coming from identifying the Mixed polarity. It is not unexpected, as
the number of reviews with Mixed polarity is fewer than the other 2 polarities.
As an example misclassification, the following review was misclassified as
Positive instead of Mixed:

I previously wrote a very angry review, as I paid for faster shipping and it hasn't been
delivered any faster. This being said, Shelnside saw my review and offered to compensate for
the extra shipping costs. It was more the principle than anything—I hate feeling scammed.

Shelnside fixed those feelings and contacted me to solve my issue. Thank you!

4.2 Discussion

In the following, we will discuss the performance presented above from both a
technical perspective and also the relevance for companies. First, regarding our
main results, we have identified contributions from the literature that presented
sentiment classification on user reviews (Fang et al., 2015; Nanda et al., 2018;
Dey et al., 2016; Colén-Ruiz et al., 2020; Basani et al., 2019; Munna et al., 2020;
Pipalia et al., 2020). SVM (e.g. Colén-Ruiz et al., 2020), Naive Bayes (e.g. Basani
et al., 2019), and Neural Network models (Munna et al., 2020) are some of the
most widely used methods in the sentiment classification task, i.e. the same
models we have tested in this article. Although performance results are not
directly comparable to previous research as we focused on a new dataset, our
results with regards to traditional models align with previous findings: accuracy
in the range of 85-95% is achievable, depending on the domain and also the
language of the reviews. This can also be seen as a promising performance
considering the execution time and simplicity of building such models for
business applications. In our experiments, the neural network-based transformer



models seem to offer the best performance, which is in line with the very limited
amount of research available.

Providing the input for classification models, data annotation, i.e., assigning
sentiment polarity to the reviews, plays a crucial role. In the literature, machine
labeling (e.g. Fang et al., 2015) and manual annotation (e.g. Munna et al, 2020)
are the most used annotation methods. Automated annotations are less
expensive in terms of time and cost in comparison to manual annotation,
however in general they are less accurate. In this research, we chose manual
annotation to acquire an understanding of the content of the reviews as related
to the target companies. A third alternative approach to assign a sentiment to
reviews would be to use the rating provided by the users, as it is done for example
by Pipalia et al. (2020). Our manual inspection during the annotation process has
shown that this approach could be problematic, as there are a large number of
reviews when there is a disagreement between the rating and the sentiment of
the review. For example, the following review was accompanied with the rating
of 5 (on a 1-5 scale, with 5 being the highest value), although it is clear that the
associated sentiment should be Negative:
“Some items are too expensive on the shipment and is too long for the wait”
The following is a similar example with the rating of 5 but cleatly not a Positive
sentiment:
I ordered a big clock for my wall it came in so very small I want the big one please
As these and numerous similar examples show, using the rating can be
deteriorating for the performance of sentiment classification. Companies should
be careful when assessing their popularity and the sentiment level of customers
based on ratings. As our results show, manually annotating a subset of reviews
can result in models that can offer close to perfect sentiment polarity
classification. In fact, the following example from our test set was correctly
classified as Negative, while the original user rating was 4:
Deliveries take too long. Postage added is a turn off
The following example review was also classified as Negative, although the user
rating was 4:
My order says shipped but has no information on its whereabonts. 1t only said “processing”
Jfor about a day before it said my order was shipped. I'm confused
As a final point relevant to businesses, we can note that the best sentiment
classification model, ROBERT4, has performed equally well across the different
shops present in the data. The accuracy was observed as follows: 97% for Boozt,
98% for Nelly, 100% for Sheinside, 100% for Wish, and 98% for Zalando. These
results illustrate the great potential of transformer-based models in sentiment

classification.



5 Conclusions

With the wide availability of unstructured big data, in particular textual
information in the form of customer reviews, we observed a rapid development
in data processing and analysis techniques to make sense of all this information.
Sentiment analysis has been discussed and evaluated numerous times in the
literature, however, since there is a plethora of new models appearing, it is always
an important task to critically assess and compare new and established models.
In particular for e-commerce platforms, sentiment analysis of online reviews can
be the main source of information to understand the opinions of customers. In
this article, we have compared the performance of traditional machine learning
models with language transformer models, and found that the neural network-
based models offer much higher accuracy in sentiment classification tasks. We
illustrated the value of manual annotation through several examples of problems
with user ratings that can be avoided by the sentiment classification models built

using manually assigned sentiment values.

Regarding future research, the most important continuation of the work will
focus on performing aspect-based sentiment classification. While we have shown
that very high performance can be achieved using transformer-based models, this
is sufficient to understand the reasons for the polarity of sentiments. In the case
of the analyzed reviews of e-commerce stores, instead of assigning a general
sentiment, one could assess the sentiment polarity with respect to, e.g., shipping,
received item quality, payment process. By constructing models that can identify
the core aspects in the reviews and the associated sentiment, companies will
know where to focus their efforts to improve customer satisfaction. Additionally,
some limitations of the study have to be acknowledged. First, we cannot say that
the sample of reviews is representative in any way, so models need to be tested
on larger datasets and different e-commerce stores. Second, while the annotation
was performed and then cross-checked by two researchers, there is still a
possibility of incorrect sentiment assignments, which in turn may impact the
constructed models and performance. Third, while we used the models most
frequently utilized in the sentiment classification literature, there are numerous
machine learning models available that could be tested for performance.
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