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Consumers’ reliance on product reviews and ratings has been making substantial impacts

on purchasing behaviors in e-commerce. However, the relationship between reviews and ratings

has received limited attention. For instance, a product may have a high rating but average reviews.

Such feedback can cause confusion and uncertainty about the products, leading to decreased trust

in the product. This thesis carries out a natural-language based machine learning study to analyze

the relationship from e-commerce big data of product reviews and ratings. Towards answering

this relationship question using natural-language-processing (NLP), we first employ data-driven

sentiment analysis to obtain a numeric sentiment score from the reviews, which are then used

for studying the correlation with actual ratings. For sentiment analysis, we consider the use

of both glass-box (rule-based) and black-box opaque (BERT) models. We find that while the

black-box model is more correlated with product ratings, there are interesting counterexamples

where the sentiment analysis results by the glass-box model are better aligned with the rating.



Next, we explore how well ratings can be predicted from the text reviews, and if sentiment

scores can further help improve classification of reviews. We find that neither opaque nor glass-

box classification models yield better accuracy, and classification accuracy mostly improves

when BERT sentiment scores are augmented with reviews. Furthermore, to understand what

different models use to predict ratings from reviews, we employ Local Interpretable Model-

Agnostic Explanations (LIME) to explain the impact of words in reviews on the decisions of

the classification models. Noting that different models can give similar predictions, which is a

phenomenon known as the Rashomon Effect, our work provides insights on which words actually

contribute to the decision-making of classification models, even in scenarios where an incorrect

classification is made.
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Chapter 1

Introduction

1.1 Motivation

The process of buying and selling goods and services over an electronic platform has

become ubiquitous in the last decade [9]. The pervasiveness of smartphones has enabled consumers

to utilize popular e-commerce applications, such as Amazon and Etsy, at the touch of their

fingertips. Further expanding this need has been the COVID-19 pandemic, which proved e-

commerce to be an essential part of everyday life. This rapidly expanding nature of e-commerce

platforms has directly interested service providers, researchers, and economists to study consumer

behavior surrounding product purchases. When making decisions on which products to purchase,

consumers often rely on reviews from previous users of the good or service. Consumers’ reliance

on product reviews and ratings has evolved e-commerce, leading to substantial impacts on purchasing

behaviors. Recent studies show that 83% of customers read online reviews before purchasing a

product [2]. While both reviews and ratings provide feedback about a product, reviews focus

on textual feedback and ratings represent a numerical score describing the product (as shown in

Figure 1.1).

Interestingly, prior work [31] has demonstrated that reviews and ratings are not always
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Figure 1.1: An example of text feedback and numerical rating in Amazon product reviews.

correlated. For instance, a product may have a high rating but average reviews, and vice-versa.

Such feedback can cause confusion and uncertainty about the products, leading to decreased

trust in the product. Hence, it is important to gather a deeper understanding of the relationship

between reviews and ratings, and understand when they agree or disagree. As we will show in

this thesis, recent advancements in natural language processing (NLP) have enabled a deeper

study to understand such relationships [4]. However, the relationship between reviews and

ratings has received limited attention. Our work is also closely aligned with Rashomon effect in

explainability which refers to the phenomenon of different models performing similar predictions

on ML tasks [5].

1.2 Thesis Contributions

The objective of this thesis is to study the relationship between product reviews and ratings

through the lens of different approaches ranging from glass-box to opaque/black-box models. In

doing so, NLP methods are adapted to evaluate various facets of reviews and ratings, including

the sentiment of reviews, the nature of the relationship between reviews and ratings, and the

contextual contribution of different words in reviews to their corresponding ratings. The relationship
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is analyzed via supervised machine learning (ML) techniques. That is, ML models are employed

to predict ratings using review text, and their performance is used as a proxy for the relationship.

To this end, the thesis contributions are:

1. Comparing an opaque method called BERT with a glass-box, rule-based method called

VADER for reviewing tone of product reviews.

2. Using different classifiers ranging from glass-box linear classifiers to opaque neural network

models and understanding their differences using explainability methods such as LIME.

1.3 Thesis Outline

The outline of this thesis is as follows. In Chapter 2, relevant research on the relationship

between reviews and ratings is reviewed, and the datasets being studied in this thesis are discussed.

Chapters 3 and 4 contain the main contributions of the thesis work that focuses on the relationship

between reviews and ratings using NLP techniques. In Chapter 3, (i) both glass-box and black-

box sentiment analysis tools are employed to understand the relationship between reviews and

ratings, and (ii) attention-based models are employed to convert reviews into low-dimensional

representations called embeddings. These embeddings are used alongside corresponding sentiment

scores to predict ratings using glass-box and opaque classification models. Chapter 4 extends the

work in Chapter 3 by using LIME to explain and understand the contribution of different words

in the reviews to classification performance across different NLP models. Finally, Chapter 5

summarizes the work and discusses future research opportunities.

Figure 1.2 shows a detailed view of the work done in this thesis. 10,000 product reviews

are converted to numerical values using three embedding methods. Subsequently, two sentiment
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Figure 1.2: Flow diagram of work done in this thesis

analysis methods are compared. Four classification models are further used to assess the perform-

ance of predicting ratings based on reviews. Sentiment scores are used as an additional input to

assess the change in performance. Finally, LIME is used to explain the impact of using different

embedding methods and classification models on specific words in the reviews.
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Chapter 2

Related Work and Datasets

In this chapter, first, related work corresponding to the relationship between reviews and ratings

in Section 2.1. Next, in Section 2.2, the dataset used in this work is described.

2.1 Related Work

In this section, the work related to the problem addressed in this thesis is discussed from two

aspects: (i) the work related to sentiment analysis of text reviews, and (ii) the work that studied

the relationship between text reviews and numerical ratings. The work in these two categories is

described below in Section 2.1.1 and Section 2.1.2, respectively.

2.1.1 Sentiment Analysis of Text Reviews

Sentiment analysis is a natural language processing technique to identify positive and

negative sentiments in text [1]. The simplicity and applicability of traditional sentiment analysis

methods have found usability in various domains, including finance [45], politics [46], and

education [47].

Many recent works have focused on sentiment analysis of text reviews. Fang and Zhan

examined sentiment polarity categorization on Amazon reviews using sentiment analysis [11].
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In another study, Salinca [12] performed a classification of business reviews using sentiment

analysis on the Yelp Challenge dataset. With the advent of deep learning models, many works

have also attempted sentiment analysis for high-dimensional data. Hu et al. [13] used a deep

neural network for sentiment analysis. Similarly, Tsao et al. [18] performed a passive analysis of

consumer-generated textual data from service reviews. Further, Zhang et al. [20] performed

sentiment analysis of e-commerce text reviews and classified them based on the constructed

emotional dictionary.

More recent works analyzing the sentiment of textual reviews have considered complex

relationships. Murthy et al. [21] performed LSTM-based sentiment analysis to capture the

longitudinal aspects of sentiment across large texts. Lee et al. [28] proposed a semi-supervised

approach requiring a small training dataset. The authors found this approach to be comparable

to supervised learning models that are trained on large datasets. Most recently, Mutinda et al.

[32] presented a sentiment classification model, LeBERT, which combines sentiment lexicon,

N-grams, BERT, and convolutional neural networks.

Other works have focused on sentiment analysis of reviews in specific application domains,

such as Hu et al. [14] for online restaurant reviews, Thet et al. [15], Baid et al. [16], and Devi et

al. [19] for movie reviews. A number of survey papers on text-based sentiment analysis that has

been published within the past decade such as [22], [23], [24], [26], [29], [25].

Prior work has also demonstrated the use of LIME explainability in online consumer reviews

[25]. However, it has has only demonstrated the general usage of LIME rather than an in-

depth study of different classification and embedding models. It has also not focused on specific

examples which study the Rashomon effect phenomenon [5] [6] [7].
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Key Takeaway: While prior works have considered variants of sentiment analysis techniques

to capture the tone of reviews, we compare the difference between a rule-based model called

VADER (glass-box) and an opaque model called BERT (black-box) to understand where they

agree and disagree with the models. BERT-based sentiment analysis enables the examination of

sentence-level sentiments, allowing for better representation. BERT-based sentiment analysis is

compared with a rule-based sentiment analysis method called VADER.

2.1.2 Relationship Between Text Reviews and Numerical Ratings

While sentiment analysis has been a great mining tool to evaluate the correlations between

text reviews and numerical ratings, sentiment alone does not capture the full contexts of textual

data. Instead, some prior works have used alternative methods in NLP to review this relationship.

One of the first works in this problem domain was from McAuley and Leskovec [10]. In this

work, the authors examined rating dimensions with review topics learned by topic models like

LDA. Later, Zhou and Yang looked into how the numerical and textual reviews across three

different review types including comparative, suggestive, and regular reviews [17]. The authors

found that numerical scores are more important than textual characteristics across three different

review types. In another study by Umer et al. [27], the numeric ratings of Google apps were

predicted using machine learning classifiers. In their study, it was found that the machine learning-

based classifiers were able to predict authentic numeric ratings based on actual user reviews.

Recently, Alantari et al. [30] focused on the fundamental relationship between a consumer’s

overall empirical evaluation, and the text-based explanation of their evaluation. Further, Almansour

et al. [31] studied whether text reviews are always consistent with the combined numeric evaluations,
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and found that the quality of the rating scores used for sentiment analysis models is questionable

as it might not reflect the sentiment of the associated reviews texts. The authors also emphasized

the need to quantify the relationship degree between the text reviews and the scores to understand

the quality of rating scores.

Key Takeaway: While prior works have examined varying facets of the relationship between

reviews and ratings, our focus is on understanding the mechanics of different models ranging

from linear classification to opaque models such as neural networks. To achieve this goal, we

employ LIME to understand the contribution of each word toward the rating. This allows us to

examine and gather insights on the impact of each word deeply.

2.2 Datasets

The datasets used in this study are retrieved from a larger database consisting of a large

crawl of product reviews from Amazon [10]. The database contains 82.83 million unique reviews

from approximately 20 million users. The reviews are in text format while the ratings are in

numerical format ranging from 1-5.

For the purpose of analyzing product reviews and ratings, 40,000 product reviews and

ratings have been extracted from the following four product categories: Cell Phones and Access-

ories (CPA), Office Products (OP), Automotive (AM), and Video Games (VG), as illustrated in

Figure 2.1. Using four different categories enables investigation of the generalizability of the

results.

In order to ensure a balanced dataset, each category consists of 2,000 reviews and ratings

grouped by each rating star (1-5), consisting of a total of 10,000 reviews. Though there are
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Figure 2.1: Summary of the datasets used in this work.

many pre-processed features available in the dataset, this thesis employs only reviews and ratings.

Before using the datasets for ML modeling, the datasets have been cleaned. Stop words such

as the and and has been removed from the reviews to capture the more important words, and

punctuation marks have also been removed.
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Chapter 3

Analyzing the Relationship Between Product Reviews and Ratings

This chapter explores the correlation between product reviews and ratings. Since reviews

are textual data and ratings are numerical scores, it is usually not possible to compare them

as they are. Sentiment analysis is an approach in natural language processing that focuses

on understanding positive and negative sentiments in text. In the context of reviews, a higher

sentiment score represents a positive review, while a lower sentiment score represents a negative

review. Additionally, another method of understanding the relationship between reviews and

ratings is to assess the performance of classification models to predict ratings based on reviews. A

higher performance would indicate a stronger relationship as learned by the classification model.

Many embedding methods and classification models can be compared via performance metrics.

In this chapter, the following studies are performed:

(i) The correlation between reviews and ratings is studied via BERT-based sentiment analysis

and compared against a popular traditional method (in Section 3.1).

(ii) Classification models are used to predict ratings based on reviews as a proxy measure for

correlation (in Section 3.2).

(iii) Embeddings of review text are supplemented with BERT-based sentiment scores to augment

the performance of the classification models (in Section 3.2).
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3.1 Sentiment Analysis

Two types of sentiment analysis methods are explored in this study: (i) Valence Aware

Dictionary and sEntiment Reasoner (VADER) [48], and (ii) Bidirectional Encoder Representations

for Transformers (BERT) [54]. These two methods are described in Section 3.1.1. Correlation

metrics are discussed in Section 3.1.2. Subsequently, experiments and results of sentiment

analysis are described in Section 3.1.3.

3.1.1 Sentiment Analysis Methods

VADER is a lexicon and rule-based sentiment analysis method [48]. In addition to a gold-

standard sentiment lexicon that is specifically attuned to sentiments expressed in social media,

VADER uses the following five general rules to express sentiment intensity:

(1) Punctuation. Exclamation points increase the magnitude of intensity in a sentence. For

instance, “The product was great.” is more intense than “The product was great!”.

(2) Capitalization. Using ALL-CAPS to emphasize certain sentiment-related words increases

the magnitude of intensity in a sentence. For instance, “The product was GREAT!” is more

intense than “The product was great!”.

(3) Degree modifiers. Certain words can be used to increase or decrease the intensity of a

sentence or word. For instance, For instance, “The product was extremely good!” is more

intense than “The product was moderately good”.

(4) Constrastive junctions. Certain words such as but can cause the sentiment polarity to
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switch. For instance, “The product was good but the service was horrible.” has mixed

sentiment, but the latter half is weighed more towards the overall sentiment.

(5) Tri-grams. By examining the tri-gram preceding a sentiment-specific lexical feature, nega-

tion flips can be detected better which changes the polarity of a sentence. For instance, a

negated sentence would be “The product wasn’t really all that great”.

VADER sentiment scores range between -1 and 1, where 1 represents positive text and -1

represents negative text. In order to keep the range of ratings and sentiment scores the same, min-

max scaling is used to convert the VADER sentiment scores to range between 1 and 5 in floating

point numbers. In addition to the advantages mentioned in the five rules above, VADER has many

other advantages; It does not require any training data as it uses a lexicon-based approach and it

has evidently worked well with social media and reviews text.

The other sentiment analysis method explored in this study is BERT [54], which was

introduced by researchers from Google. BERT is a machine learning model used for NLP

tasks. It focuses on pre-training deep bidirectional representations which read text input as

a sequence of words at once. In other words, the context of a word can be understood by

learning about its surroundings (left and right of the word) as opposed to reading sequentially.

The pre-trained BERT model can be fine-tuned with an additional output layer for tasks such as

sentiment analysis. For sentiment analysis, HuggingFace bert-base-multilingual-uncased model

fine-tuned for sentiment analysis on product reviews is used. It predicts the sentiment of the

review as a number of stars between 1 and 5. The fine-tuned model uses product reviews ranging

in 6 different languages as training input. Since the model is uncased, it does not make a

difference between capitalized and uncapitalized words. It uses factors such as punctuation to
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better understand the context of words and phrases.

In comparison, VADER and BERT are two different kinds of sentiment analysis methods.

BERT requires pre-training while VADER uses a rule-based approach and does not require pre-

training. Hence, BERT takes significantly more time to compute sentiment scores compared

to VADER. Specifically, for the purpose of identifying sentiment in product reviews, BERT is

expected to perform better than VADER as it is more tailor-made for product reviews compared

to VADER. BERT has been trained on product reviews whereas VADER uses a lexicon attuned

for social media context. Additionally, BERT has the ability to understand contextual information

as well.

3.1.2 Measuring Correlation Between Sentiment Scores and Ratings

The relationship between ratings and product reviews is studied by analyzing the correlation

between sentiment scores of text reviews and corresponding ratings. Pearson’s correlation, which

is shown in Equation 3.1 is used to measure the strength of the linear relationship between the

two variables. It has a range between -1 and 1, where 1 represents a total positive correlation, 0

represents no correlation, and -1 represents a total negative correlation.

r =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(3.1)

In the above equation,

r represents the correlation coefficient between measurements x and y,

n denotes the number of sample points, denoted by xi for x and yi for y, 1 ≤ i ≤ n, and

x̄ and ȳ are the sample mean for x, and y, respectively.

13



3.1.3 Experimental Results

Table 3.1: Correlation between sentiment scores of reviews and ratings

Dataset Correlation with VADER Correlation with BERT

Cell Phone and Accessories 0.4414 0.7675

Office Products 0.5228 0.8202

Automotive 0.4320 0.7871

Video Games 0.3972 0.7653

Table 3.1 depicts the correlations between the ratings and both types of sentiment scores

in the four datasets used in this experiment. It can be seen that the correlations between the

actual ratings and BERT sentiment scores are much higher than the ones with VADER. There is a

moderate positive correlation between the VADER sentiment scores and ratings as the correlations

are mostly between 0.3 and 0.5. There is, however, a strong positive correlation between the

BERT sentiment scores and ratings as the correlations are between 0.5 and 1.

The relationship between reviews and ratings can also be observed via box plots, as shown

in Figure 3.1. Box plots are a standardized way of visualizing the distribution of a data set.

They focus on 5 points; the “minimum”, first quartile (Q1), median, third quartile (Q3), and

“maximum”. The interquartile range is covered in the box, which is the 25th to 75th percentile.

Box-plots of both VADER and BERT sentiment scores are plotted against ratings for two datasets:

Cell Phones and Accessories (Figures 3.1a and 3.1b), and Office Products (Figures 3.1c and 3.1d).

From the box plots, it can be observed that VADER sentiment scores are more skewed than BERT

sentiment scores. For instance, the interquartile range for reviews with a 1-star rating in the CPA

dataset for VADER sentiment scores is between around 2 and around 3.8. On the other hand,

14



(a) VADER Boxplot in CPA dataset (b) BERT Boxplot in CPA dataset

(c) VADER Boxplot in OP dataset (d) BERT Boxplot in OP dataset

Figure 3.1: Box plots of sentiment scores vs. ratings in CPA and OP datasets
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the interquartile range for reviews with a 1-star rating in the CPA dataset for BERT sentiment

scores is between around 1 and 2. The visualizations depict that the correlations are significantly

more accurate for BERT sentiment scores than VADER sentiment scores. In addition, it can also

be seen that there are many outliers in the data for all rating levels. Outliers refer to sentiment

scores that are not closely related to the actual ratings and are denoted by dots on the box plots.

Such outliers signify the importance of assessing whether sentiment analysis is a strong method

to understand the relationship between reviews and ratings. Hence, it is important to understand

the underlying issues behind the difference in reviews and ratings.

Lastly, another way of assessing sentiment analysis methods is to plot median and mean

sentiment values for all ratings, as shown in Figure 3.3. Similar to the box-plots in Figure 3.1,

medians and means of both VADER and BERT sentiment scores are plotted against ratings for

two datasets: Cell Phones and Accessories (Figures 3.3a and 3.3b), and Office Products (Figures

3.3c and 3.3d). An ideal plot would depict a linear relationship with an identity line between

the median/mean and ratings. Based on the results, it can be seen that the relationship between

median/mean BERT scores and ratings is more linear as compared to the median/mean VADER

scores. In fact, Figure 3.3a depicts a perfect identity line for median BERT scores.

Based on the computed correlations and visualizations, it can be concluded that BERT

sentiment analysis is more correlated with ratings than VADER sentiment analysis. As mentioned

previously, BERT is expected to be more accurate than VADER as it is more tailor-made for

sentiment analysis in product reviews compared to VADER, and has the ability to understand

contextual information in text. However, it requires training models which can be time-consuming.

Conversely, VADER understands some of the contexts based on the rules but fails to understand

all possible contexts. Since it is rule-based, there is no previous training required. Though both
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Figure 3.2: Examples in the dataset where VADER scores are closer to ratings than BERT scores

sentiment analysis have their own advantages, BERT is more correlated with the ratings VADER

based on performance.

Based on the experiments, it can be inferred that though the relationship between reviews

and ratings is moderately strong, there are certain cases where reviews and ratings are not aligned.

In fact, there are many instances when VADER provides more accurate results than BERT. For

instance, Figure 3.2 showcases some examples where VADER is providing a sentiment score

closer to the actual ratings compared to BERT. This depicts that sentiment analysis solely cannot

be used to understand the relationship between reviews and ratings. Hence, classification models

will also be explored to study the relationship in Section 3.2. However, it is possible that

genuinely ratings are not correlated with sentiment scores in some scenarios.

3.2 Classifying Ratings Based on Reviews

In this section, classification models are used to predict numerical ratings based on text

reviews. Traditional ML models are not able to take textual data as input. Hence, vectorization
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(a) Median plot in CPA dataset (b) Mean plot in CPA dataset

(c) Median plot in OP dataset (d) Mean plot in OP dataset

Figure 3.3: Plots of means and medians of sentiment scores vs. ratings
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and embedding methods are needed to convert the raw textual data into a vector format of real

numbers which ML models support. Multiple types of vectorization and embedding methods

are discussed in Section 3.2.1. Different classification models used to assess performance are

discussed in Section 3.2.2. Subsequently, evaluation metrics and corresponding experimental

results of classifying ratings based on reviews are described in Section 3.2.3 and 3.2.4 respectively.

3.2.1 Embedding Methods

The process of using embeddings involves tokenization, which is breaking down sentences

into individual words and converting them to vectors based on certain rules and/or methods. In

this thesis, we use three types of embeddings as follows.

(1) CountVectorizer is a vectorizer that converts text into vector format based on the frequency

of words in the given corpus. It creates a matrix where rows represent the documents and

columns represent tokens. The cell values indicate the frequency of each token in each

document. CountVectorizer is computationally efficient and simple to use. However, it

fails to understand the semantic relationship and context between words.

(2) Term Frequency - Inverse Document Frequency (TF-IDF) is another text embedding tech-

nique that transforms text into a usable vector [49]. It is a combination of two concepts:

term frequency (TF) and document frequency (DF). Term frequency refers to the number

of occurrences of a word in a document. Document frequency refers to the number of

documents containing a specific word. Inverse document frequency (IDF) is referred to as

the weight of a term, that reduces the weight of a term if the term occurs throughout all the
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documents. The TF-IDF is calculated as shown in Equation 3.2.

TF-IDF = TF ∗ IDF (3.2)

where, TF is the number of times a term appears in the document divided by the total

number of terms in the document, and IDF is the log of the number of documents in the

corpus divided by the number of documents in the corpus that contain the term. In addition

to considering the frequency of words present (e.g., CountVectorizer), TF-IDF also takes

into account the importance of the words. This allows the model to be less complex since

less important words are being removed.

(3) Word2Vec is a frequently used word embedding method which focuses on which words

occur with other words more often [50]. The semantic closeness between certain words

is mathematically close to the vector values of those words. Unlike in TF-IDF, Word2Vec

uses an unsupervised learning process in which unlabeled data is trained via neural networks

to create a Word2Vec model that creates word vectors. Unlike most embedding methods,

the vector size does not have to be as much as the number of unique words in the corpus.

The size of the vector can be parameterized based on the size of the dataset and requirements.

For instance, a corpus of 1000 words would require a vector size of 1000 in One Hot

Encoding, which is a popular word embedding method. However, Word2Vec allows low-

dimensional representation of vector size to define a larger corpus. In the example, a

vector size of 100 would suffice for a corpus of 1000 words, therefore avoiding complex

computations of vectors. The Word2Vec model used in this study employs a pre-trained

model which consists of Google News corpus (3 billion running words) vectorized into 3
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million 300-dimension English word vectors.

3.2.2 Classification Models

Four types of classification models are employed for predicting ratings using vectorized

reviews as follows.

(1) A support vector machine (SVM) separates a given dataset to the best of its ability by

using multiple hyperplanes to split the data and choosing the best hyperplane available

[51]. To find the optimal hyperplane, an SVM looks at the support vectors of the classes

that are being compared, and uses the margin between these support vectors to determine if

the hyperplane is satisfactory; the larger the vector margins between the classes the better.

Smaller vector margins indicate a poor choice of the hyperplane. Having a good hyperplane

helps the classifier define which data belongs to a class, thus providing a more accurate

result.

(2) Logistic regression (LR) is a binary classification method that uses a logistic function to

model the dependent variable [52]. LR is primarily designed for binary classification.

As this study involves multi-class classification, the LR classifier is trained on just the

examples belonging to one class versus all the examples of all other classes. Similarly, all

other classes are also independently classified against all others. The multi-class classification

problem is viewed as multiple binary classification problems. After the classifiers have

learned to distinguish their chosen class from other classes, the classifiers are run and the

most confident LR classifier gets used.

(3) Naive Bayes (NB) classification is based on using probabilistic ML models [53]. They are
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quite popular in text classification problems. The classifier is based on Bayes’ theorem, as

shown in Equation 3.3.

P (θ|D) = P (θ)
P (D|θ)
P (D)

(3.3)

Where, P (θ|D) denotes the posterior probability, P (θ) is the prior probability, P (D|θ) is

the likelihood, and P (D) is the evidence.

Using the Bayes theorem above, we can find the probability of θ happening, given the

occurrence of D. Unlike discriminative classifiers, like logistic regression, NB does not

learn which features are most important to differentiate between classes. However, it is

quite fast as the probabilities can be directly computed without any iterations. Multinomial

NB is used in the experiments as there are multiple classes to be classified.

(4) Neural networks have proven to perform well in classification tasks. A neural network

architecture has been used in this study for classification. The neural network is trained

using a learning rate of 1e − 4 with two hidden layers of size 512 and 128, respectively,

with ReLu activations embedded in between. The output layer is of size 5 and uses softmax

activation. The training is executed using Adam optimizer with 20 epochs.

Classification models can also be seen as opaque and glass-box models. Logistic regression

and naive bayes are viewed as glass-box models while SVMs and neural networks are considered

to be opaque models [8].
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3.2.3 Evaluation Metrics

Embedding methods and classification models are assessed with the four datasets. The

classifier aims to classify ratings based on vectors representing the review text. All models are

trained using 70% (7,000) of the data and tested using the remaining 30% (3,000). The following

performance metrics are used to analyze the results of the classification models:

• Accuracy is the most straightforward way to analyze the performance of classifiers. It

requires actual and predicted classes for each data point. Accuracy can be computed by

dividing the number of correct predictions by the total number of predictions.

• Confusion matrices are visual depictions of the results where each column in the matrix

represents a class. A n-class classifier would produce a nxn matrix to represent the perform-

ance of the classifier. They group the results into four categories:

– True positive (TP ), when both actual and predicted values are 1

– True negative (TN ), when both actual and predicted values are 0

– False positive (FP ), when the actual value is 0 but the predicted value is 1

– False negative (FN ), when the actual value is 1 but the predicted value is 0

• F1-score is the harmonic mean of precision and recall. Precision is a measure of how

accurate a model’s positive predictions are while recall recall explains how many of the

actual positive cases we were able to predict correctly with our model. The equations to

calculate precision, recall, and F1-score are shown in Equations 3.4, 3.5, and 3.6.
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Precision =
TP

TP + FP
(3.4)

Recall =
TP

TP + FN
(3.5)

F1 =
2× Precision×Recall

Precision+Recall
=

2× TP

2× TP + FP + FN
(3.6)

3.2.4 Experimental Results

Table 3.2 depicts the accuracy results of three embedding methods (discussed in Section

3.2.1) and four classification models (discussed in Section 3.2.2) used on the four datasets. The

accuracies are mostly between 40% and 60%.

Based on the results, it can be seen that TF-IDF embeddings are performing better than

CountVectorizer and Word2Vec regardless of the classification model. Compared to Count-

Vectorizer, this is explainable as TF-IDF also takes into account the importance of words in

the entire corpus. TF-IDF can perform better than Word2Vec in certain cases. Such factors that

may impact the results are using multi-class vs. binary classification, imbalanced vs. balanced

datasets, and the type of data being classified. It cannot be concluded that one classification

model is performing better than the others. Based on different datasets and embedding methods,

all classification models have better accuracies in certain cases. For instance, the LR classifier has

the best accuracy with CountVectorizer in the OP dataset. However, the SVM classifier has the

best accuracy with TF-IDF embeddings in the same dataset. This suggests that no single classifier

solely can be said to yield the best accuracy overall. A trend that is seen in the table is that using
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Table 3.2: Classification of ratings based on reviews

Vectorization Logistic Naive Bayes Support Vector Neural Network
Regression Machine Architecture

C
PA

CountVectorizer 44.77% 45.03% 46.00% 49.00%
TF-IDF 48.07% 44.00% 48.03% 48.80%

Word2Vec 43.67% 36.10% 44.67% 40.10%

O
P

CountVectorizer 52.87% 52.30% 50.73% 53.60%
TF-IDF 53.80% 54.30% 55.70% 54.57%

Word2Vec 47.53% 31.33% 49.43% 45.80%

A
M

CountVectorizer 46.23% 48.13% 44.87% 47.13%
TF-IDF 49.93% 49.26% 49.77% 48.13%

Word2Vec 42.47% 28.10% 44.77% 39.67%

V
G

CountVectorizer 47.97% 46.60% 44.10% 50.43%
TF-IDF 50.23% 43.07% 49.23% 51.63%

Word2Vec 45.13% 30.7% 46.83% 42.70%

the NB classifier with Word2Vec embeddings gives significantly lower accuracies compared to

other models. The accuracies are between 28% and 37%, which is around 15% less accuracy

compared to other results. We hypothesize the reason behind this trend can be explained by the

key assumption of NB classifiers. The NB classifier assumes that all input features in the model

are conditionally independent, or unrelated to any of the other features. Since Word2Vec focuses

more on the contextual understanding of words and phrases compared to its surrounding, using

a NB classifier may not be helpful as it would consider the vectors to be independent and fail to

capture the context. Additionally, it cannot be concluded whether glass-box models such as LR

and NB perform better than opaque models such as SVM and neural networks. The accuracy

results fail to recognize one type of model which performs better for all cases.

Using TF-IDF embeddings with the SVM classifier for the OP dataset yields the most

accuracy of 55.70%. Figure 3.4 depicts the confusion matrix for that classification. All the

percentages totaled in the matrix add up to 55.70%, which is the accuracy of the classifier. As can
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be seen from the matrix, the diagonal values represent instances when the true label matches the

predicted label. The ratings are classified mostly into their respective classes or the surrounding

rating classes. For instance, the 2-star rating reviews are being classified mostly into 1-star, 2-

star, and 3-star rating classes. However, there has been incorrect classification in all classes as no

single value in the matrix is 0.

Precision, recall, and F-1 scores have been compared for the most and least accuracies in

Table 3.3. As depicted in the table, the F-1 scores for SVM with TF-IDF are significantly higher

than the F-1 scores for NB with Word2Vec. A larger F-1 score represents excellent precision

and recall. To iterate, the F-1 score is the harmonic mean of the precision and recall. The F-1

scores for both examples shown are relatively higher for the 1-star and 5-star ratings. This means

that the classifier finds it easier to correctly classify 1-star and 5-star ratings compared to other

ratings. Such an observation is expected as it’s easier to state whether a review is really good or

really bad compared to predicting that a review is somewhat good or somewhat bad.

Table 3.3: Precision, recall, and F1-scores of most and least accuracy classifiers

SVM with TF-IDF NB with Word2Vec
(55.70% Accuracy) (28.10% Accuracy)

Rating Precision Recall F1-Scores Precision Recall F1-Scores

1 0.58 0.58 0.58 0.47 0.15 0.23

2 0.46 0.45 0.46 0.23 0.75 0.36

3 0.46 0.51 0.48 0.40 0.08 0.13

4 0.56 0.52 0.54 0.32 0.07 0.11

5 0.73 0.72 0.72 0.34 0.35 0.35

BERT sentiment scores are used as an additional input to the classification model to assess

any change in performance. It is expected that the sentiment scores will cause the accuracy of
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Figure 3.4: Confusion matrix of SVM classifier with TD-IDF embeddings yielding 55.70%
accuracy

the classifier to improve. Table 3.4 depicts the results of the accuracies with BERT sentiment

score as an additional input. The change in accuracy after adding the sentiment scores is also

shown in parentheses beside the accuracies in the table. The classification accuracies mostly

improve. The largest increase in accuracy is 9.93% while the largest decrease in accuracy is

5.26%. The decrease in accuracy is mostly when NB classification is used. Specifically, using

TF-IDF embeddings with the NB classifier always results in a decrease in accuracy when BERT

sentiment scores are used as an additional input.

3.3 Summary

In this chapter, the relationship between reviews and ratings was studied via ML and NLP

methods such as sentiment analysis and classification. Two sentiment analysis methods, VADER

and BERT, were studied and compared. Classification models were used to predict ratings based
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Table 3.4: Using BERT sentiment scores as additional input to classifiers

Vectorization Logistic Naive Bayes Support Vector Neural Network
Regression Machine Architecture

C
PA

CountVectorizer 49.40% (+4.63) 46.13% (+1.10) 54.00% (+8.00) 47.66% (-1.34)
TF-IDF 53.70% (+5.63) 37.87% (-6.13) 53.47% (+5.44) 48.40% (-0.40)

Word2Vec 53.40% (+9.73) 39.73% (+3.63) 53.46% (+8.79) 41.03% (+0.93)

O
P

CountVectorizer 57.03% (+4.16) 51.70% (-0.60) 57.90% (+7.17) 53.87% (+0.27)
TF-IDF 58.97% (+5.17) 50.03% (-4.27) 56.40% (+0.7) 53.80% (-0.77)

Word2Vec 56.07% (+8.54) 32.80% (+1.47) 57.30% (+7.87) 46.23% (+0.43)

A
M

CountVectorizer 50.63% (+4.40) 47.03% (-1.10) 54.70% (+9.83) 48.60% (+1.47)
TF-IDF 54.60% (+4.67) 44.00% (-5.26) 53.93% (+4.16) 48.27% (+0.14)

Word2Vec 52.30% (+9.83) 29.10% (+1.00) 53.90% (+9.13) 40.56% (+0.89)

V
G

CountVectorizer 50.83% (+2.86) 48.20% (+1.60) 54.03% (+9.93) 51.27% (+0.84)
TF-IDF 54.33% (+4.10) 43.80% (+0.73) 53.16% (+3.93) 50.93% (-0.70)

Word2Vec 53.23% (+8.10) 30.73% (+0.03) 53.27% (+6.44) 42.80% (+0.10)

on reviews, with a comparison between multiple embedding methods and ML models. Sentiment

scores were additionally used with reviews to classify ratings. The following points summarize

the key takeaways in this chapter:

• While both BERT and VADER sentiment analysis methods have a positive correlation with

ratings, BERT is more correlated to the actual ratings compared to VADER due to it being

more susceptible to product reviews and its ability to capture the context in the text better.

• Though BERT is more correlated than VADER, there are many cases in which VADER

may be more ideal to use than BERT. Hence, more analysis is required via classification.

• Compared to the classifiers discussed in Section 3.2.2, it cannot be concluded whether

black-box models depict better results than glass-box models. Compared to other embedding

methods discussed in Section 3.2.1, TF-IDF embeddings are better suited for converting

raw text in the Amazon dataset to numerical vector models.
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• Classification accuracy improves for most models when BERT sentiment scores are aug-

mented with review embeddings as input to the classifier.

• Classifiers tend to mostly predict the exact or surrounding (off by 1) ratings.

• Classifiers tend to predict 1-star and 5-star ratings more precisely than other rating classes.
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Chapter 4

Assessing Classification Models Using Local Explanations

4.1 Overview

In the previous chapter, sentiment analysis and classification models were used to assess

the relationship between reviews and ratings. Though performance metrics discussed in Section

3.2.4 can be helpful in understanding such models, specific words in textual data that impact the

predictions are not discussed. ML models are mostly black boxes in nature due to their high

complexities. It is important to understand how classifiers in a given model work. For instance,

certain words in a review may impact the prediction of a rating more than others. Moreover,

different models can give similar predictions, a phenomenon also known as the Rashomon Effect.

Understanding the impact of certain words on decision-making can further help interpret such a

phenomenon. An approach known as LIME [33] (Local Interpretable Model-agnostic Explanations)

has been introduced which provides the ability to explain certain predictions of classification

models, specifically for text.

In this chapter, the following studies are performed:

(i) LIME is discussed in details (in Section 4.2).

(ii) Experiments are conducted using LIME with multiple embedding methods and classification
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models to gain a deeper understanding of how reviews are classified with an emphasis on

which words contribute to the decisions (in Section 4.3).

4.2 Local Interpretable Model-agnostic Explanations (LIME)

Local Interpretable Model-agnostic Explanations (LIME) is an approach that can be used

to explain the predictions of any classification or regression model [33]. LIME works with the

objective of identifying an interpretable model which can present an interpretable representation

that can be trusted locally at any stage of the classification.

The key aspects of LIME include interpretable data representations, fidelity-interpretability

trade-offs, sampling for local exploration, and sparse linear explanations. The first aspect, inter-

pretable data representations emphasize that the representations that are used for interpretable

explanations must be understandable to humans, no matter what the actual features the model

uses. For the second aspect, fidelity-interpretability trade-offs in LIME are accomplished by

minimizing a measure of interpretability as well as the complexity with which the interpretations

are understood by humans. In the third aspect, the sampling for local exploration works on

presenting explanations that are locally trustworthy even though it may be complex to explain the

original model globally. The fourth and final aspect of LIME, sparse linear explanations, works

on the principle that we can estimate the faithfulness of certain explanations and use it to select a

set of explanations across a set of multiple interpretable model classes.

The following steps are used to explain a prediction using LIME:

(1) Choose a prediction which we want to be explained.

(2) Permutations of this instance are created, and model predictions are collected.
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(3) LIME then assigns weights to the new created samples based on how closely they match

with the data of the original prediction.

(4) A new, less complex, interpretable model is trained on the data variations created using the

weights attached to each variation.

(5) The prediction can be explained by this local interpretable model.

Since LIME was presented the first time in 2016, there have been many derivative works

based on it. For instance, Bramhall et al. [34] redefined the linear relationships presented by

LIME as quadratic relationships, and presented a variation of LIME as qLime. Further, Zafar

and Khan [35] proposed a deterministic version of LIME, called DLIME. Also, Zhao et al. [36]

presented a Bayesian variation of LIME, called BayLime. Recently, Zhong et al. [37] proposed

an enhanced Bayesian version of LIME, called EBLIME.

In the past few years, LIME has been used in many applications, such as medical [38], [39],

[40], [41], time-series forecasting [42], object detection [43], and image classification [44]. In

this work, LIME is used for explainable analysis of the product reviews.

4.3 Experimental Results

The embedding method and classification model are specified into a pipeline which is then

used in the LIME explainer to understand certain predictions. Due to sequential models not being

supported for LIME text explainers, the neural network architecture discussed in Section 3.2.2

is not used for experiments in this section. In this section, observations are made with LIME on

explaining predictions.
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Figure 4.1: Comparing different words for same prediction probabilities of SVM and
CountVectorizer using LIME (True label is 2)

Observation 1. LIME can be used to compare how different words impact classification

despite having the same prediction probabilities. Figure 4.1 shows an example of a review

being predicted using an SVM classifier with CountVectorizer embeddings. The prediction

probabilities show how confident the classifier is in classifying each of the classes. As can be

seen from the figure, both 1-star and 2-star ratings have the same prediction probability (42%).

However, the words used to classify in each other classes are different. The model uses words

like even, weeks, longer, and lasted to classify for 1-star ratings. On the other hand, the model

uses words like much, point, several, and worth to classify for 2-star ratings. Despite having the

same prediction probabilities for the same text, the words used to classify in each of the classes

are different.

Observation 2. Classification models may use different embedding models to make the

same predictions. However, the predictions may be based on different features which is referred
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to as the Rashomon effect. For instance, different words may be weighed more than others based

on the embedding methods. Figure 4.2 shows such an example. A review is being classified

(using SVM) as a 2-star rating with both TF-IDF and Word2Vec embeddings. They have been

incorrectly rated as the true label is a 1-star rating. The importance of this example is in the words

that are used in the prediction probabilities. TF-IDF used with the SVM classifier uses the words

dont, light, and used to predict that the rating is 2-star. On the other hand, Word2Vec uses the

words unhappy, dont, and buy to predict that the rating is 2-star as well. Different words (other

than dont) are used and make the same prediction. This example shows that different embedding

methods may place an emphasis on different words to make the same predictions. Another

important takeaway from this example is to realize how close the classifier is to predicting the

correct label (1-star rating). In the TF-IDF example, the model is 30% confident about predicting

a 1-star rating while it is 36% confident about predicting a 2-star rating. LIME can also be used

to assess how closely a model was confident in predicting the correct label in cases of incorrect

prediction-making.

Observation 3. Classification models can be compared to assess which words impact

the right or wrong classification. Figure 4.3 shows an example of this observation as three

classification models are used with TF-IDF embeddings and only two out of the three models

correct the correct label (1-star rating). LR and SVM classifiers correctly predict the review to

be a 1-star rating, whereas the naive bayes classifier incorrectly predicts the label to be 3-star

rating. As it can be seen, the same words (terrible, horrible and even) are used to classify in LR

and SVM classifiers. It is also important to note that LR classifier accounts terrible as 19% to

the overall prediction probability whereas SVM classifier accounts the same word as 21% to the

overall prediction probability. This infers that SVM more confidently uses the word, terrible, to
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Figure 4.2: Different words being used to make the same predictions for different embedding
methods (True label is 1)

predict a review as 1-star rating. On the other hand, the NB classifier places a higher emphasis on

decent, older, cartoonish, and rendering to predict the review as 3-star rating. It can also be seen

that the prediction probabilities in NB classifier are more closer to each other whereas the other

classifiers are more confident about predicting as 1-star rating. This shows that NB classifier is

not as confident about one particular class compared to other classification models. The model

should be placing more importance on words like terrible and horrible rather than decent and

older. Based on the assessment of words using LIME, the LR and SVM classifiers are better for

this specific example review.

4.4 Summary

In this chapter, LIME is discussed and experiments are conducted with the Amazon datasets

to further understand the different classification and embedding methods. Many observations

were made based on the data. The analysis demonstrated that different words can have different
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Figure 4.3: Different classification models and corresponding words can be tested via LIME
(True label is 1)
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contributions to ratings in different classification models with similar quantitative performance.

In addition, different classification models can be compared regardless of if their predictions

are correct or not. It is important to clearly understand why and how ML models make certain

predictions, especially if they are being used in application-based systems and/or applied research.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This study demonstrated the use of recent ML and NLP methods to study the relationship

between product reviews and ratings. Bidirectional Encoder Representations from Transformers

(BERT) based sentiment analysis was employed for reviewing the tone of product reviews.

Based on the results, BERT outperformed the traditional sentiment analysis method VADER. The

relationship between product reviews and ratings was evaluated via ML classification models.

Different classification models and embedding methods were assessed. In addition, it was found

that using BERT sentiment scores as an additional input mostly yields better accuracy. Lastly,

local interpretable model-agnostic explanations (LIME) were adapted to explain the impact of

certain words in the review to their corresponding rating. Specific observations were recorded to

gain a better understanding of the models.

The results help us gain a better understanding of the relationship between reviews and

ratings. Though, it is also important to understand that reviews and ratings are human-interpretable.

Certain ratings may be good for one customer, but not good enough for others. There are

many factors that can affect NLP models to not work as expected. Such factors may include
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misspellings in the reviews which cause certain words to not be correctly embedded, and reviews

being too vague and/or unclear. For instance, ”very good” may be worth a 3-star rating for one

but could be a 5-star rating for another customer. It is difficult to clearly distinguish what rating

a review deserves. However, the vast amount of data available makes it possible to learn about

such relationships and work towards building an algorithm that may automatically recommend a

rating based on the written reviews.

5.2 Future Work

The rapid development in machine learning and natural language processing fields has

significantly improved the quality of research in multiple domains. Techniques such as sentiment

analysis and local explanations have allowed researchers to precisely learn about the back end

of machine learning models, allowing them to make better decisions. For instance, BERT is not

only used in sentiment analysis. It can be fine-tuned for multiple purposes depending on the aim

of the task.

While the relationship between product reviews and ratings was explored, a good future

direction is to expand and evaluate and compare the impact of reviews versus the impact of

ratings. though customers may tend to look at both reviews and ratings, one may be more helpful

in making decisions than the other. Another good future direction would be the implementation

of algorithm-based recommendation systems which provide recommendations to users about

what ratings and/or reviews they may want to give a product based on given information. As

mentioned previously, this is a very tedious task as such factors are human-interpretable. As

product reviews are very dependent on the users’ feedback, a study can also be done to rank
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reviews and ratings based on how helpful or genuine they are. For instance, reviews that are not

descriptive or contextual may not rank highly, whereas reviews which provide detailed feedback

about a product may be more useful to users and weigh more.
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