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ABSTRACT

Currently, sentiment analysis plays an important role in business. Entrepreneurs
try to understand customer needs for products and services. If they know about
the needs, they can create the marketing plans or strategy plans in their business
that help improve products and services. Therefore, this study explores two
novel approaches to improve the classification accuracy of sentiment analysis
data using a combination of a word-based approach (TF-IDF or CSDF) and an
ontology-based approach (ontoSen) to provide two new methods, called ontoTF-
IDF and ontoCSDF. The experimental results show that CSDF method had the
best classification accuracy among all the methods in this study: ontoCSDF
did not improve further the classification accuracy of sentiment analysis data.
Furthermore, ontoTFIDF method improved the classification by IBk algorithm
significantly (p<0.05).
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1. INTRODUCTION
Sentiment analysis plays an important role in business. To understand customer needs for products

and services is concerned by the entrepreneurs. For example, how people think about a particular movie or a
hotel, etc. If a business is aware of the needs, it can create marketing or strategy plans to improve products
and services. In addition, if we can improve sentiment analysis for feedback of feelings by the users, then the
products and services can be improved, giving a competitive advantage to the business.

This study aims to explore two novel methods to improve the classification accuracy of sentiment
analysis data, using combinations of word-based and ontology-based approaches. Normally, word-based ap-
proaches use a bag-of-words representation with statistics. This ignores both order and meaning of the words.
On the other hand, an ontology-based approach focuses on the order, semantics, and relationships of words.
Therefore, this study aimed to explore the combination these two approaches for an improved sentiment anal-
ysis by text mining.

2. LITERATURE REVIEW
Affective computing is study for developing systems and devices that can recognize, process, interpret,

and simulate human affects. It is an interdisciplinary field combining computer science, psychology, and
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cognitive science [1]. One of the motivations for such research is the ability to give machines emotional
intelligence, including simulated empathy. The machine should interpret the emotional states of humans and
adapt its behaviour to them, giving appropriate responses to those emotions. To detect the emotions, we start
from the sensors that collect data on the status or physical behaviour of humans, without interpretation. The
data from the sensors are comparable to the data from human senses reflecting other human’s emotions. For
example, a camera can detect facial expressions, posture, and physical movements; and a microphone can
detect speech. Furthermore, there are other sensors that can directly collect physiological data, such as body
temperature, brain waves, and electrical conductivity of the skin. In addition, emotional recognition needs
to extract meaningful patterns from the collected signals, which can be learned by various machine learning
algorithms, such as those for speech recognition, face detection, and natural language processing (NLP). After
that, these can be interpreted as emotions.

Sentiment analysis is a subset of affective computing. It is about NLP that learns from the sentences in
documents, and then translates to express feelings, thinking, or attitudes. Sentiment analysis is separated into
two major types: positive and negative [2]. Some research also considers a type called neutral [3]. Sentiment
analysis consists of two major techniques. First, machine learning or data mining is used to find patterns and
relationships inside a large dataset for sentiment analysis, by using mathematical, statistical, and pattern recog-
nition approaches [3]-[5]. Second, the types of words in a document fall into two categories: positive words
and negative words. After that, each word can be given a score and summed to a total score. If the positive
words dominate over the negative words, then the sum is positive and we can conclude that this document is
positive [6].

Natural language processing plays an important role in sentiment analysis. Benamara et al. [7] pro-
posed using a combination of adjectives and adverbs in sentiment analysis. The results show that this combina-
tion helps improve the performance of sentiment analysis using pearson correlation. Furthermore, Kouloumpis
et al. [5] studied the parts of speech; nouns, verbs, adjectives, and adverbs in sentiment analysis by data mining.
The data representation in this research used a bag of words [8], which accounts for each word separately with-
out considering their order. The method of data representation by term frequency–inverse document frequency
(TF-IDF) [9] is well-know and a standard method. However, Plansangket and Gan [10] have proposed a novel
data representation called the class specific document frequency (CSDF). It is a data representation method
which focuses on the important words in text mining. These are the words that often appear in documents of
the same class, but rarely appear in documents of a different class. The experimental results show that CSDF
gives a better classification accuracy than the TF-IDF.

TF-IDF and CSDF are a bag of words model. Each word is independently accounted without reference
to word order. However, the order of words is important in meaningful sentences. A different order of words
gives a semantic difference. For example, “ the rabbit ran faster than the turtle ” and “ the turtle ran faster than
the rabbit ” are totally different semantically, although made up of the same words. Therefore, some studies
have used ontology in text mining for information retrieval [11] and sentiment analysis [12].

Ontology is a study of object characteristics, regarding what is this object, how many types of this
object are there, and structure, properties, events, processes of this object, and relations between objects in
the real world. In addition, ontology is the reliable reality in the real world [13]. Furthermore, ontology is
the principal foundation of knowledge representation that collects all knowledge, semantics, and relationships
from different sources [14]. Ontology separates things into different types; therefore, it relates to text mining
and sentiment analysis.

Nowadays, extensive research focuses on integrating ontology with machine learning and deep learn-
ing techniques. For example, Sharma and Kumar [15] proposed a new hybrid semantic indexing approach
for unstructured text documents was introduced by integrating machine learning with domain ontology. The
method enhanced its capability to identify concepts that are semantically related to document content through
the use of a machine learning–based skip-gram model. Experimental results demonstrated that the proposed
method outperformed state-of-the-art techniques on the evaluated datasets, achieving an average accuracy im-
provement of 29%. Moreover, Jain et al. [16] presented a new ontology-based natural language processing
techniques that combine feature extraction with deep learning–based classification. A comparative analysis
was conducted between the proposed approach and existing techniques, with the proposed method achieving
superior results.
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Although the use of machine learning and deep learning can yield good results, their complexity and
the significant amount of time required for learning led the researchers to choose a simpler and more convenient
approach for learning. This study aims to explore two novel approaches to improve the classification accuracy
of sentiment analysis data using combined word-based approach, namely TF-IDF or CSDF, and ontology-based
approach, namely ontoSen. The two new methods called ontoTF-IDF and ontoCSDF may help to improve the
performance of sentiment analysis.

3. METHOD
Methodologies in this research which aims to improve the performance of sentiment analysis were

separated into three major approaches.

3.1. Data representation
Data representation using alternatively TF-IDF and CSDF method is used in both training and testing

set. First, the TF-IDF scores [17], [18] are calculated as (1):

TFIDFji =

{
(1 + log2TFji) × log2

N
DFi

, if TFji > 0

0, otherwise
(1)

where TFIDFji is a score for term i in document j, TFji is the frequency for term i in document j, N is the
total documents in the training set, and DFi is the number of documents that term i appears in, in the training
set.

Second, CSDF score [10] of term i in class k is defined as (2):

CSDFik =

{
DFik

Nk
/ (DFi−DFik)

(N−Nk)+1 , if TFik > 0

0, otherwise
(2)

where DFik is the count of term i appearing in the training set and in class k, DFi is the total number of
documents that term i appears in in the training set, Nk is the total number of documents in the training set and
in class k, and N is the total number of documents in the training set. However, we do not know the values
of DFik and Nk in documents of the test set. Therefore, CSDF values of term i in both training and testing
documents are defined by the variance value of original CSDF for term i in class k, as shown in (3).

CSDFi = var(CSDFik) (3)

3.2. The ontology
The data representation using ontology in this research was applied as in the research of Wójcik and

Tuchowski [19]. The ontology or knowledge base is the collection of all facts about the objects in the real world,
including relationships between them. The structure of this collection is a hierarchical structure that is ranked
one above the other by importance. For example, the root class is thing, with phone as its direct subclass.
This class serves as the parent for categories that represent the main features of smartphones. Subsequent
levels in the hierarchy describe less significant or more detailed phone characteristics. Each class is assigned
a single level based on its position in the hierarchy. The phone class is designated as the first-level class. Its
immediate subclasses form the second level, while their descendants correspond to the following hierarchical
levels. Therefore, the total sentiment is defined as follows:

OntoSeni =

∑n
j=1

[
OntoSeni(j)

leveli(j)

]
n

(4)

where OntoSeni is the total ontology score of term i from each document j, n is the total number of documents,
OntoSeni(j) is an ontology score of term i of document j, and leveli(j) is the relationship level of term i of
document j.
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3.3. ontoTFIDF and ontoCSDF
ontoTFIDF and ontoCSDF are two novel methods proposed in this research. They are methods that

combine word-based approach and ontology-based approach, aiming to calculate combinations of statistical as
semantic scores for a word. ontoTFIDF and ontoCSDF are defined as follows:

ontoTFIDFi = α × TFIDFi + (1− α) × OntoSeni (5)

ontoCSDFi = α × CSDFi + (1− α) × OntoSeni (6)

where ontoTFIDFi and ontoCSDFi are the sums of TFIDFi or CSDFi scores and ontoSeni score,
respectively, and α is a weight used to balance (tune) the scores of two methods from 10% to 90% to find the
best combination.

4. EXPERIMENTAL DESIGN
The data set used in this research is sentiment analysis data on opinions regarding Amazon products,

collected by Johns Hopkins University’s Department of Computer Science [20] . There are four categories in
this dataset; books, DVDs, electronics, and kitchenware. In the book category, there are 1,025 documents in
training set and 80 documents in the testing set. For DVD categories, there are 1,017 documents in the training
set and 106 documents in the testing set. For electronics, there are 4,721 documents in the training set and
1,182 documents in the testing set. Finally, in kitchenware category, there are 4,120 documents in the training
set and 1,031 documents in the testing set. Therefore, the overall number of documents in the training set is
10,883 documents and 2,399 documents in the testing set. The split between training and testing sets 80%
–20%. Each category in these data is separated into four classes: very satisfying (best), satisfaction (good),
lower than expectation (bad), dissatisfaction (worst). There is no neutral class in this study.

The bag of words model is applied in this research. There are 351,672 words in the training set and
100,066 words in the testing set. Data cleansing or data preprocessing is an important process removing all
the stop words and special characters, and retaining only necessary data for the analysis. The training set was
subjected to preprocessing. Starting with removing all meaningless words, stop words, and special characters
from 351,672 words the set came down to about 200,000 words. After that, an NLTK library in Python called
nltkstopword was used to remove all stop words; bringing the word count to 45,613 words.

A challenge of text mining is to select the right features for classification [17], [21], [22]. Feature
section decreases the size of the data, removes duplicate data, and removes all unrelated words. It helps to
easily find the hidden patterns in data for classification. Overall there were 10,883 documents; and there were
overall 45,613 words. The overall document count is four times less than the overall feature count, so that
feature section [22] is very necessary in this case. Starting with choosing meaningful words both in English
dictionary and in ontology. This experiment uses NLTK library in Python called PyEnchant to select words
in the English dictionary from 45,613 words this selected 10,403 words. After that, the features are reduced
by choosing part of speech. The study [7] found that sentiment analysis related to nouns, verbs, adjectives,
and adverbs. This experiment uses a NLTK library in Python namely nltkpos–tag to choose nouns, verbs,
adjectives, and adverbs. This step decreased the number of features from 10,403 words to 3,080 words.

Normally, there are two feature selection approaches; filter approach and wrapper approach. However,
due to the limited time, this study chose the filter approach ignoring the wrapper approach that would need a lot
of time to find the best features. Function CfsSubsetEval [23] in the Weka package [24] was applied to the filter
approach in this study. It uses correlation-based feature subset selection [25] algorithm to select the features that
relate and effectively might classify the data, and to remove duplicate data. This function returns a ranking of
the features from the best features that are associated with the classes, in descending order. Therefore, from the
3,080 features, only the top 400 features were chosen. After that, there are some documents that are not related
to these features. Therefore, some documents were removed from this experiment. To summarize, there 4,903
documents remaining from the 10,883 documents in the training set. These are separated into four classes;
very satisfaction 1,142 documents, satisfaction 1,171 documents, lower than expected 1,257 documents, and
dissatisfaction 1,331 documents. On the other hand, in test data from initial 2,399 documents 1,241 were
retained, separated into four classes; very satisfaction 283 documents, satisfaction 315 documents, lower than
expected 317 documents, and dissatisfaction 326 documents as shown in Table 1.
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The selected 400 retained features were used in this experiment. The data in these files is the frequency
data from the original dataset, both in training and testing sets. After that, data representation was applied by
calculating the scores for TF-IDF, CSDF, ontoTFIDF, and ontoCSDF, following the equations in methodology
section. The ontoTFIDF and ontoCSDF scores were calculated for alpha values from 0.1 to 0.9. The final step
is classifying the data, and comparing the classification accuracies of five alternative classification methods;
SMO or support vector machine (SVM), Naı̈ve bayes, J48 or decision tree, IBk or k-nearest neighbors (kNN)
algorithm, and logistic regression.

Table 1. Statistics of training and testing data
Sentiment Best Good Worse Bad Total

Training set 1142 1171 1259 1331 4903
Testing set 326 283 317 315 1241

Total 1468 1454 1576 1646 6144

5. EXPERIMENTAL RESULTS
The experimental results are shown in Table 2, Table 3, and Figure 1. To ensure that our predictive

models are correct, these were tested by the training data. The experimental results show that the TF-IDF
gave poor classification accuracy already with training data of less than 60%. This shows that the TF-IDF data
representation is not appropriate for creating a good predictive model, in this case study. On the other hand,
the experimental results with CSDF gave classification accuracy of prediction in training data as 100% with
IBk or kNN approaches, 95.38% with J48 or decision tree approach, and over 44% but less than 60% with
Naı̈ve bayes, logistic regression, and SMO approaches. Therefore, CSDF data representation may allow an
appropriate prediction model by using IBk or J48 methods.

Table 2. Classification accuracies on using TF-IDF, CSDF, ontoTFIDF, and ontoCSDF data
Classification accuracy

Classification
method

Document
representation method

Prediction with
training data

Prediction with
testing data

Naı̈ve Bayes
TFIDF 41.79 40.53
CSDF 44.54 43.23

Logistic
TFIDF 50.68 41.5
CSDF 58.31 51.68

SMO
TFIDF 48.91 41.02
CSDF 59.93 55.7

IBk
TFIDF 59 37.39
CSDF 100 96.47

J48
TFIDF 44.1 38.2
CSDF 95.38 96.56

Table 3. Classification accuracies on using TF-IDF, CSDF, ontoTFIDF, and ontoCSDF data (Continued)
Classification accuracy

Classification
method

Document
representation

method
α values of ontoTFIDF and ontoCSDF

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Naı̈ve Bayes
TFIDF 40.85 40.94 40.94 41.34 40.94 38.76 37.79 35.38 36.1
CSDF 34.04 39.9 41.43 41.43 40.12 40.77 40.77 41.26 41.26

Logistic
TFIDF 41.82 41.74 41.74 41.1 41.18 41.5 41.42 41.66 41.02
CSDF 44.46 44.63 44.87 44.71 45.12 45.2 45.37 45.86 48.07

SMO
TFIDF 40.69 41.42 41.1 41.02 40.61 40.77 40.69 40.85 40.94
CSDF 42.49 42.66 42.74 43 43.15 44.46 47.17 47.74 48.24

IBk
TFIDF 38.03 37.47 37.31 37.71 38.11 38.2 38.03 37.95 37.79
CSDF 63.5 78.5 80.23 82.61 86.4 87.04 88.27 88.52 90.4

J48
TFIDF 38.2 38.2 38.2 38.2 38.2 38.2 38.2 38.2 38.2
CSDF 35.03 37.87 36.26 39.21 39.71 39.62 39.71 40.2 40.28
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The experimental results from using testing set gave better classification accuracy for CSDF data than
for TF-IDF data with any classification method. For J48 and IBk approaches, CSDF data gave classification
accuracy of about 96%. However, the classification accuracies of SMO, Naı̈ve bayes, and logistic regression
were below 56% with all data representation methods, including CSDF.

ontoTFIDF combines the scores from ontoSen and TF-IDF, while ontoCSDF combines the scores
from ontoSen and CSDF. The combination uses alpha as a weighting factor to balance the two combined scores,
with values from 0.1 to 0.9. The experimental results show that the classification accuracy of ontoCSDF data
with all alpha values were lower than with CSDF data. Increasing the ontoSen scores degraded classification
accuracy below that with CSDF data. Therefore, ontoSen did not improve the performance of classification. On
the other hand, the experimental results with ontoTFIDF which combines ontoSen and TF-IDF in the different
proportions are shown in Figure 2. It was found that the classification accuracies of logistic regression, SMO,
and J48 methods were almost similar to each other with TF-IDF data. In addition, the classification accuracy
of ontoTFIDF by Naı̈ve Bayes method gradually decreased; while the classification accuracy of ontoTFIDF by
IBk method gradually increased from 37.39% of original TF-IDF to the maximum of 38.2% at alpha = 0.6.
We used a t-test assuming unequal variances to determine if there is a significant difference between the means
of the classification accuracy of ontoTFIDF. The results are shown in Table 4: the classification accuracy with
ontoTFIDF data was significantly better than that with TF-IDF data on using IBk method, at a significance
level of 0.05. Therefore, ontoTFIDF helped significantly improve the performance of sentiment analysis by
IBk classification method, compared to TF-IDF scoring.

Figure 1. The classification accuracies with TF-IDF, CSDF, ontoTFIDF, and ontoCSDF data

Figure 2. The classification accuracies with TF-IDF and ontoTFIDF data
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Table 4. t-Test comparison of using TFIDF and ontoTFIDF
(Two-sample t-test assuming unequal variances)

TFIDF ontoTFIDF
Mean 37.35 37.91125

Variance 0.0032 0.057498
Observations hypothesized mean difference 0

df 8
t Stat -5.98727

P(T¡=t) one-tail 0.000164
t Critical one-tail 1.859548
P(T¡=t) two-tail 0.000328

t Critical two-tail 2.306004

6. CONCLUSION
This study explored two novel approaches to improve the classification accuracy in sentiment analysis

by using combinations of a word-based approach (TF-IDF or CSDF) with an ontology-based approach (on-
toSen) giving two new methods, called ontoTF-IDF and ontoCSDF. The experimental results show that based
on classification accuracy the CSDF was the best data representation method for sentiment analysis, using J48
or decision tree, and IBk or kNN classification methods. The best classification performance was about 96%.
However, a combination of CSDF and ontology-based approach, ontoCSDF, did not improve the classification
of sentiment analysis data. On the other hand, the classification of TF-IDF data was not good enough; there-
fore, the combination of TF-IDF and ontoSen (ontoTFIDF) improved the classification accuracy significantly
(p<0.05) on using IBk classifier.

7. DISCUSSION AND FUTURE WORK
From the observations, CSDF method with normalization adjusts the values measured on different

scales to a notionally common scale. The CSDF values are only from 0 to 1. This may have improved the
performance of classification of sentiment analysis data. Furthermore, instead of using the ontoSen method,
there are alternative ontology-based approaches that could improve the performance of sentiment analysis in
the future.
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