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Abstract. The peer review process involved in evaluating academic papers sub-
mitted to journals and conferences is very perplexing as at times the scores given
by the reviewer may be poor in contrast with the textual comments which are in
a positive light. In such a case, it becomes difficult for the judging chair to come
to a concrete decision regarding the accept or reject decision of the papers. In our
paper, we aim to extract the sentiment from the reviewers’ opinions and use it along
with the numerical scores to correlate that in order to predict the orientation of
the review, i.e., the degree of acceptance. Our proposed methods include Machine
learning models like Naive Bayes, Deep learning models involving LSTM and a
Hybrid model with BILSTM, LSTM, CNN, and finally Graph based model GCN.
The dataset is taken from the UCI repository consisting of peer reviews in Spanish
along with other parameters used for judging a paper. Bernoulli’s Naive Bayes
was the model that fared the highest amongst all the approaches, with an accuracy
of 75.61% after varying the parameters to enhance the accuracy.
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1 Introduction

Sentiment analysis is the way in which we detect whether a statement indicates a positive,
negative or neutral emotion. It is the method of imparting some emotional intelligence
to the machines with the help of Artificial Intelligence algorithms and Natural Language
Processing. A positive emotion indicates that the person who spoke or wrote the text can
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be happy, a negative emotion shows he/she may be angry or sarcastic, and a neutral one
indicates that he/she is indifferent. The application of sentiment analysis in businesses
and industries is done as an indicator of how well the products and commodities are
received in the market by using customer feedback. Sometimes, the number of criteria
for judging the sentiment of the text is increased and mapped to a scale of five in order
to gain more insights. The knowledge of emotions from written text is especially helpful
while drafting notices or emails in the corporate and academic world.

Over the years, sentiment analysis has been applied to use cases like social media
monitoring like Twitter sentiment analysis, obtaining the voice of the customer in major
customer-centric businesses, monitoring brands, and market research. In this paper, we
are going to deviate from these market and customer-centric analyses and move towards
the analysis of paper reviews. Sentiment analysis of paper reviews is a complex and
important domain which has not been explored greatly. The comments given by peer
reviews are seldom considered in the final decision for publishing the article or paper in
a journal or conference. Hence, we attempt to derive the sentiment from these reviews in
order for them to be considered as well as the final accept or reject decision of a paper.

We aim to employ machine learning methods like the different types of Naive Bayes,
namely Gaussian [11], Multinomial [12], Bernoulli’s [13] and Complement [14], deep
learning algorithm LSTM [15], Graph-based algorithm GCN [16] and draw comparisons
between them, finally identifying the most suited algorithm for the paper reviews domain
in sentiment analysis.

2 Literature Review

Chakraborty etal. [ 1] provide acomprehensive evaluation of implicit aspect sentiments in
the peer-reviewed content of works submitted to/published at one of the leading machine
learning conferences — ICLR. The paper holds the upper hand over other publications
in the same category by creating a non-pre-existing database through the annotation of
around 25000 reviews of data. The downside of the generated model was that it could
only attain a maximum accuracy of 65%. The accuracy only suffered more as a result
of removing the features. In Keith et al. [2] the classification of 382 reviews of research
articles presented at an international conference was accomplished utilizing supervised
and unsupervised methodologies along with a hybrid technique. The hybrid approach,
the HS-SVM, is more robust than most, relative to the number of classes, which is among
the paper’s merits. The paper’s shortcoming is that the dataset examined was quite lim-
ited, rendering the approach’s viability uncertain. Furthermore, when additional classes
were introduced, the performance began to deteriorate. Kang et al. [3] outline the data
gathering strategy and reflect on observed occurrences in peer reviews, as well as NLP
tasks centered around the dataset. The paper’s key benefit is that its most optimum clas-
sifier consistently beats the majority model, exhibiting up to a 22% reduction in error.
Their models are inadequately nuanced to judge the quality of the work reported in a
given publication; this could imply that some of the features they specify are associ-
ated with favorable papers, or that reviewers’ opinions are persuaded by them. Anta
et al. [4] utilizes a corpus of Spanish tweets and presents a near examination of various
methodologies and grouping procedures for these problems. The information is prepro-
cessed utilizing strategies and apparatuses proposed in the literature, together with others
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explicitly proposed here that consider the qualities of Twitter. Then, popular classifiers
have been used. (In particular, all classifiers of WEKA have been assessed. Aue et al.
[5] surveys four different approaches to customizing a sentiment analysis system to a
new target domain in the absence of large amounts of labeled data. The paper bases the
experiments on data from four different domains. After establishing that Naive Bayes
classification results in poor classification accuracy, they compare results obtained by
using each of the four approaches and discussing their advantages, disadvantages, and
performance. Baccianella et al. [6] present SENTIWORDNET 3.0 which is a lexical
resource used in sentiment classification and opinion mining applications. It is a result
of when wordnet synsets are automatically annotated to positive, negative, or neutral sen-
timents. The sentiwordnet 3.0 gives 20% more accuracy than the 1.0 version. Through
comparative analysis of the above literature, the proposed work introduces exhaustive
implementations using three learning paradigms of Al, which is the first of its kind in the
analysis of paper reviews. The method achieves good accuracy despite the small dataset,
in contrast to the above works [1-3, 5].

3 Proposed Method

The implementation of the proposed method is outlined in Fig. 1 on a dataset of paper
reviews, taken from the UCI repository which consists of anonymous reviews on papers
submitted to an international conference on computer science. The dataset contains most
of the reviews in Spanish and a few in English in a JavaScript Object Notation format. The
reviews are then translated from Spanish to English using Microsoft Azure’s Translator
Text API by creating a resource in Cognitive Services. The translated JSON dataset is
converted into CSV and the non-null textual values of the reviews are utilized for the
sentiment analysis task. After pre-processing the reviews, they are fed to the four Naive
Bayes algorithms and the LSTM models. For the graph model, first a graph is created
out of the cleaned corpus which is then fed to the Graph Convolution network. The
accuracies on the test set are compared for this task.

4 Methodology

4.1 Dataset Description

The original dataset from UCI has fields like timespan, paper id, preliminary decision,
and the following fields for each review for a paper: review id, text and remarks in
Spanish or English, language, orientation, evaluation, confidence in JSON format. Out
of these fields, we use the text as our feature input to the classifier, and the preliminary
decision as our class label.

4.2 Pre-processing

Data preprocessing is the procedure for prepping raw data to be used in a machine learn-
ing model. In this paper, all basics of data preprocessing [21] have been covered in order
to make the data suitable for all the proposed models. Exploratory Data Analysis is done
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Fig. 1. A flowchart of the working methodology.

for visualization in order to get a better understanding of data such as removing null
and duplicate values if any and performing feature reduction. Papers having review O
are only permitted to be fed into the model so that data is more balanced. After noticing
the drastic class imbalance in our dataset (173 total samples), we came to a consensus to
provide sentiment value ‘O’ to all those papers having the preliminary decision as “ac-
cept”, 115 in count, and ‘1’ to those having the preliminary decision “reject”, “probably
reject” and “no decision”, 56 in total, which balanced it a little. Furthermore, we perform
data cleaning [21] like stopwords removal, tokenization, lemmatization, etc., in order to
increase the model’s accuracy. Consequently, we reach at 109 for positive sentiment ‘0’
and 55 for the negative sentiment ‘1°.

4.3 Implementation

Implementation of Machine Learning Models. Sentiment analysis is a machine learn-
ing technology [18, 19] that looks for polarities in texts, ranging from positive to negative.
For sentiment analysis categorization, Naive Bayes is a relatively simple collection of
probabilistic techniques that assigns a probability that a specific word or phrase should
be regarded as positive or negative [11]. In mathematical terms, in order to find the
probability of y given input features X we use Eq. 1.

pO/X) = [p(X/y) * p(»]/p(X) (1)

In this paper, we have tried to implement various variations of the Naive Bayes
algorithm, namely Multinomial, Gaussian, Bernoulli, and Complement, in order to check
which one gives us the highest accuracy. Multinomial Naive Bayes [12], after plane
counter vectorization, only gives us 56.10% accuracy which is not desirable by far.
Hence, we further try to improve the accuracy by tweaking the n-grams range but the
maximum we achieve is 73.17%. On implementation of the other variations, Bernoulli
Naive Bayes [13] technique gave us the highest accuracy of 75.61%. Even alternative
approaches like TF-IDF vectorization and other algorithms like SGD and Linear SVM
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[17] (on both TF-IDF and CV fitted data) weren’t able to reach an accuracy higher than
75%. Also, in addition to the accuracy scores, precision, recall and f1 scores were also
calculate to see whether the two kinds of vectorizations would provide any difference in
these parameters but they turned up to be the exact same.

Implementation of Deep Learning Model. Deep learning models are used in extract-
ing abstract features, increasing performance measures and performing analytical tasks
with the help of neural networks. We have used the LSTM (Long Short-Term Memory),
which is a special kind of RNN (recurrent neural network) capable of perceiving long-
term dependencies, for sentiment analysis consisting of 3 layers: Embeddings, LSTM
and Dense with Softmax. After training the model on the dataset for a total of 15 epochs,
the model is used to predict on the test set to measure the accuracy scores. The results
show that the f1-score for the negative sentiments is 0.85 whereas, for the positive ones, it
is 0. We perform re-sampling with substitution next to make a layer without any weights;
it duplicates the data so that it may be utilized in the generation of the model followed
by the convolutional layer. Test-set needs to be separated before up-sampling as it cre-
ates multiple copies of the same data. Up-sampling reduces the class imbalance and
improves the fl-score i.e., 0.07 for negative sentiments and 0.49 for positive sentiments.
On running a few more epochs, the f1-score improves greatly, as shown in Table 1.

Implementation of Graph-Based Model. Text_gcn [10], where a large heterogeneous
text graph is constructed considering the number of nodes as the corpus size in addition
to the number of unique words in the corpus, is used on our dataset. The words are
one hot encoded and are inputted to the GCN. An edge connects two nodes based on
the occurrence of the word in the whole corpus, and it is added between two nodes if
their pointwise mutual information (PMI) is positive, as that indicates a high correlation
between the words. The weight of the edges is taken as TF-IDF and PMI of the words.
For a graph G = (V, E), where V is the set of nodes and E is the set of edges, let A be an
adjacency matrix, with the degree matrix D = ) i(Aij). The feature matrix H for the (I
+ 1)th GCN layer is given by Eq. 2.

HY = 2 AD~12gOw D) 2)

where W is the weight matrix and o is the ReLu activation function. The GCN model
consists of two GCN layers [16] and a final Dense layer with softmax activation. The
model allows the passage of messages to a maximum of two nodes away and helps in
capturing the semantic relationships between the words in the reviews.

Implementation of Hybrid Model. The proposed ensemble model is a hybrid of bidi-
rectional LSTM and CNN for generating the final feature representation. CNN, for its
ability to extract features from the text and LSTM/BiLSTM, for maintaining the sequen-
tial control between words and having the ability to overlook unnecessary words utilizing
the forget gate, are combined as it uses the strengths of the two to give the accuracy.
The CNN extracted features are then fed to the LSTM as input. The model consists of
the Embedding layer, Spatial Dropout, a BILSTM, a LSTM, 2 blocks of 1D CNN and
Average Pooling, Dropout, Flatten and Dense layers. In the convolution layer, filters
act as n-gram finders; each filter looks for a particular class of n-grams and appoints
them high scores. The identified grams with most elevated score pass the max pooling
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function. The convolution layer applies the Rectified Linear Unit to replace the negative
output with a 0 in order to remove the non-linearity of the model. Optimization is used to
change the attributes such as weights, and learning rate in order to reduce the losses. The
model uses Adaptive Moment Estimation optimizer that uses learning rate to optimize
the network that converges quickly. The BiLSTM layer maintains the sequential order
between the information. It permits connecting the links between the past inputs and
outputs. The input of this layer is the connection of the max pooling outputs.

S Results Analysis

The Machine Learning [18] models gave us various accuracies through the implemen-
tation of several Naive Bayes variants, the highest being 75.61% achieved by Bernoulli
Naive Bayes approach. The LSTM model, after up-sampling the class imbalance gave
an F1 score of 0.69 for negative sentiments and 0.37 for positive sentiments. The GCN
model trained for 200 epochs gives an accuracy of 73.171% on the test set which con-
sisted of 25% of the dataset considered for the study. Figure 2 visualizes the training
accuracy and loss for the Hybrid model. After training for 100 epochs, it is seen that
the training accuracy oscillates between 0.97 and 1.0 and gives a f1-score of 0.73 for
negative sentiments and 0.44 for positive sentiments.
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Fig. 2. Plot of the training of the Hybrid model

Table 1 summarizes the accuracy scores of the respective models created using the
mentioned algorithms. It is observed that Bernoulli’s Naive Bayes gives the highest
accuracy out of all the models. Since the dataset is small with only 163 non-null obser-
vations, the ML models are observed to perform better. The Hybrid model is proposed
to give better results for a larger test set, as it is observed that on increasing the size of
the test set the accuracy increases. The GCN model is also very promising on this kind
of problem. Hence, we put forward the Bernoulli’s Naive Bayes as the best model in our
study on this peer reviews dataset.
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Table 1. Result comparison of all the Models.

SI. No. Model name Accuracy (in %)
la Multinomial NB 73.17
1b Bernoulli’s NB 75.61
1c Complement NB 73.17
1d Linear Support 73.17
Vector CV
le Stochastic Gradient | 73.17
Descent CV
2 Hybrid Model 63.00
GCN 73.17

6 Conclusion and Future Work

Sentiment analysis of peer reviews on conference papers is very useful for automating
the task of the judging chair in considering both the numerical scores and the textual
comments given by the reviewers and capturing any conflicts between the scores and
comments. To make a competent system, we performed graded multilingual sentiment
analysis, which is a complex task. Hence Microsoft’s Translator Text which has free
academic access has been used for the translation of the reviews. A number of pre-
processing techniques have been experimented and the one giving the best accuracy in
the classifiers has been recorded. It is observed that the Machine learning Bernoulli’s
Naive Bayes classifier using N-grams vectorizer has given the best accuracy. In a future
study, we aim to compare the predicted sentiments with the numerical scores given by
the reviewers and correlate them to the final decision taken by the judging chair.
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