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ABSTRACT: The opinions and sentiments expressed by
citizens of a country on the policies of the government of
such country are very vital to the overall running of the
affairs of such a government. This paper therefore explored
data mining tools to evaluate peoples’ sentiments (positive
or negative) towards the administration of the Federal
Government of Nigeria (FGN) under President
Muhammadu Buhari (PMB). Data were collected through
a popular social medial network (Twitter) on various tweets
by Nigerians with respect to their perceptions about the
current administration PMB. The simple but powerful
Naive Bayes (NB) classifier was adopted to classify the
various tweets submitted by Nigerians through this medium
into positive and negative sentiments. For polarity, it was
trained on the combination of Janyce Wiebe’s subjectivity
lexicon and Bing Liu’s subjectivity lexicon which polarized
the submitted words as being negative or positive. Out of
about 13,000 features (peoples’ sentiments) considered,
4,770 of them were used after data cleaning. The results
showed that the proportion of positive and negative
sentiments, as obtained from the data, were 45.2% and
54.8% respectively. However, the data were randomly
partitioned into 80:20 training and testing parts respectively
and the NB classifier was learned on the training set while
its goodness was assessed on the test set. The prediction
accuracy, misclassification error rate, sensitivity and
specificity of the classifier were 78.3%, 21.7%, 82.5% and
88.1% respectively. All analyses were carried out in the
environment of R statistical package (version 3.2.2).
KEYWORDS: Naive Bayes, Sentiment, Twitter,
Text Mining, Polarity.

1. INTRODUCTION

With the explosive growth of printed data from the
electronic archives and World Wide Web, legitimate
arrangement of such tremendous measure of data to
meet our requirements is a basic stride towards many
business achievements. As of late, various examination
exercises have been directed in the field of report
grouping, especially applying in spam separating,
messages ordering, site characterization, development of
information archives and metaphysics mapping.

In any case, the time has come devouring and work
escalated for human to peruse over and effectively
order an article physically. In an attempt to address

this, programmed record characterization studies are
increasing and more interests are now in the
direction of content mining research as of late.
Subsequently, an  expanding = number  of
methodologies have been produced for fulfilling such
reason, including k-nearest neighbor (KNN)
([Yahl2]), Naive Bayes (NB), Support Vector
Machines (SVM) ([B+15]), decision tree, neural
network ([YOJ12]) and maximum entropy classifiers.
Among these methodologies, the Naive Bayes content
classifier ([RisO1]) has been generally utilized on
account of its simplicity as a part of both the
preparation and ordering stage. In spite of the fact that
it is less exact than other discriminative techniques,
(for example, SVM), various specialists demonstrated
that NB is sufficiently powerful to characterize the
content in numerous spaces ([CNO6]). Naive Bayes
models allow each attribute to contribute towards the
final decision equally and independently from other
attributes, in which it is more computational efficient
when compared with other text classifiers.

The use of electronic media is increasing daily. For
example, about 1.8 million Nigerians are using the
Twitter platform to express their feelings on a lot of issues
concerning the affairs of the government at all levels.
Recently, there have been many researches to
monitor public opinion and social trends ([A+10]).
They include election prediction using Twitter data
([BKY10]), monitoring of consumer on a certain
brand ([HLO04]), movie performance prediction using
Twitter ([BAO14]), disease and disaster tracking
using Internet information ([SOMI10]), and
unemployment benefit prediction using Internet
search information ([DMO09]).

The opinions and sentiments expressed by citizens
of a country on the policies of the government of
such country are very vital to the overall running of
the affairs of such a government. As the adage says
that time is money or even more valuable than
money, therefore instead of spending times in
reading and figuring out the positivity or negativity
of text comments as submitted by individuals on
social medial networks, a number of automated
techniques can be explored for sentimental analysis.
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This research work therefore aims at exploring data
mining tools using the Naive Bayes Algorithm to
analyze the sentiments of Nigerians towards the
current administration of President Muhammadu
Buhari using their various tweets from Twitter (a
popularly known social media platform) with respect
to their feelings about the activities and performance
of the government.

2. Materials and Methods

The data used for this study were tweets of
Nigerians from Twitter with respect to their
perceptions about the current administration of
President Muhammadu Buhari. A total of 10,000
tweets were retrieved from the Twitter Application
Programming Interface (API) from which 13,000
features were generated. A total of 4,770 features
were used for analysis after data cleaning.

Given the nature of the data generated, some of the
words might be useless (i.e. do not have predictive
strength of the sentiments’ group) while some words
conveyed similar meanings (e.g the words “bank”
and “banks”), therefore the dataset has to be
preprocessed to filter out the useless features and
unnecessary duplications.

After the data preprocessing phase, critical attributes
have to be selected. In this study, crifical means the
importance of such attribute towards the response
class. For example, the term “bank” categorized in
business class has the highest score in term of term
frequency, therefore it is conjectured that “bank” is one
of the critical attributes to represent the documents that
fell in the business class. Thus, less important features
can be removed and so the computational time can be
improved upon significantly.

As for the classification phase, different classifiers
(such as SVM, K-NN, and Maximum Entropy) are
usually employed to generate the model ([G+13]).
However, this study only focused on the use of Naive
Bayes to classify the documents. Given the
probabilistic characteristic of Naive Bayes, each
training document is vectorized by the trained Naive
Bayes classifier through the calculation of the
posterior probability value for each member of the
response classes. Finally, the goodness of the fitted
model is evaluated on a set of test data. However, in
order to test the classification ability of the model,
several evaluation measures such as precision,
Sensitivity and Specificity were adopted. Without loss
of generality, the following phases were adopted to
build the Naive Bayes classifier on the data.

Phase 1: Preprocessing

This is the data clean up phase at which several
useless attributes (words) like ‘a’, ‘the’ and so on
were removed using a stopword removing algorithm.

To initialize the algorithm, a set of stop words such as
a, a's, able, about, above, according, accordingly,
across, etc. was set beforehand and hence stored in a
text file. Therefore, the model can simply match the
attributes with those preset stop words. After the stop
word algorithm, a missing data checking algorithm
was adopted. This algorithm was used to identify any
missing data and hence interpret a value to it.

The third algorithm applied in the preprocessing
phase is the stemming. Since some words carry
similar meanings but in different grammatically
form (such as “bank” and “banks”), therefore it is
desirable to combine them into one attribute. In this
way, the documents can show a better representation
(with stronger correlations) of these terms. This
would reduce the dimension of the data and the
model would be more efficient for achieving faster
processing time.

Phase 2: Feature Selection

Feature selection is an important phase in
information mining. It is a successful dimensionality
reduction system to expel noise feature.

All in all, the essential thought of the feature
selection algorithm seeks through every conceivable
blend of credits in the information to discover which
subset of elements works best for forecast. In this
manner, the quality vectors can be lessened in
number by which the most important ones are kept
and the immaterial or excess ones are expelled and
erased. Vectors can be diminished in number by
which the most significant ones are kept and the
superfluous or excess ones are expelled and erased.

Phase3: Building the Naive Bayes Classification
Model

Due to preprocessing and feature selection, the
numbers of attributes in the data will be significantly
reduced and are more precise for use in building the
classification model. The data were randomly
partitioned into 80% training and 20% test sets. The
Naive Bayes classification model was built using the
training set while its goodness in document and text
classification was assessed on the test data. Each test
samples in the new documents were classified into
their right categories according to the highest
posterior probability.

For polarity, it is trained on the combination of
Janyce Wiebe’s subjectivity lexicon [WWHO05]) and
Bing Liu’s subjectivity lexicon ((MBO04]), and will
polarize ~ words as  being  ‘negative’  or
‘positive’sentiments as expressed by individuals.
Based on the mixture of positive and negative
words, each tweet was assigned value within the
range of -5 (very negative) and +5 (very positive).
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Phase 4: Model Evaluation

To test and evaluate the fitted model, the remaining
20% of the dataset were used. By comparing the
actual class of the instance with the predicted one
(i.e. generated by the classification model), system
performance was measured in terms of precision.
Precision can be defined as:

Number of correctly classified categories

X 100
Total number of classified categories

Other performance measures such as sensitivity and
specificity of the classifier were computed.

2.1. Naive Bayes Methodology

For a document d and class ¢, by Bayes theorem we
have that

p(dd):% (1)

P(c/d) is the posterior probability of class (target)
given predictor (feature).

P(c) is the prior probability of class c.

P(d/c) is the likelihood which is the probability of
predictor given class.

P(d) is the prior probability of predictor

Thus, the Naive Bayes classifier can be represented
by the relation:

c¥ = arg max.c P(C | d) (2)

For Text Classification
Naive Bayes works as follows for classification of texts
into positive (+) or negative (-) sentiments as follows:

1. Represent each document by vector of words.
2. Use training examples to estimate P (+), P (-), P
(doc/+) and P (doc/-).
Naive Bayes conditional independence assumption
length(doc)
P (ai = wy /v;)
P (doc/vy) = i=1 3)

where P(ai= wi/vj) is the probability that word in
position i is in wy, given v;

Another assumption is:

P(a= wi/vj) = P(aw= wi/vy), for all i,m 4

A new sentence is then classified according to:

()
o7 )

where (w/v;) stands for predicted probability value
or class.

VNB = argmax P(Vj) wrwnris

3. Data Analysis and Results

The goal of this study is to classify the given
specified experimental dataset into two categories
(i.e. positive and negative) correctly. In the data
generation phase, tweets including term “Buhari
Administration” in English are generated. The
tweets search was restricted to the period from 29"
May, 2015 to 29" May, 2016 with tweets being
equally sampled from Twitter users from all the 36
states of Nigeria. A snapshot of the sampled dataset
generated from Twitter social media network is
presented as Figure 1.
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Fig. 2 is the model of Entity Extraction. Data from
stream is the input for the Entity Extraction module.
There is a list of entities specified with respect to
this particular case. The data from stream is then
matched with the list and if there is a match then that
entity becomes the entity for that particular data
after which the sentiment analysis is performed. For
this, the tweet goes through refining processes
namely, stop word removal and noise cleaning. In
stop word removal, words which do not add any
meaning to the sentence, for example of, the, is, etc.
were removed from the tweet. In noise cleaning,

characters such as _@°, _#‘hashtags, extra white
spaces and repeated characters are removed. After
the refining process the features are extracted. The
Naive Bayes Classifier was trained for sentiment
analysis with a training data set labeled with
sentiments positive, negative or neutral. Then the
sentiment classifier model labels the tweet with a
sentiment. The Naive Bayes classifier was built on
the training data after the stop word removal, noise
cleaning and feature extraction processes were
completed on the input tweets.
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The most important part of text analysis is to get the
feature vectors for each document. Next is to create
a document-term matrix. In the document-term
matrix, as shown in Fig. 3, each document (on the

rows) is for a respondent, while each term (on the
columns) are the unique words as identified from
individual tweets. The number in each cell is the
frequency of counts for each word per document.
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As a form of descriptive measure of data Also, a graphical display of the polarity of the
presentation, word cloud, a powerful means of sentiments expressed by Nigerians is shown by the
describing textual data in terms of how frequent barchat of number of positive and negative tweets in
some words occur in a sentence or tweets (as in this Fig 5.

case) was built and the result is as shown in Fig. 4.
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Fig. 4: Word cloud representation of document-term matrix

Sentiment Analysis of Tweets about President Buhari's Administration
(classification by polarity)
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Fig. 5: Bar plot of classification of tweets by polarity
Now that we have a model, we can perform some Table 1: Confusion matrix
prediction exercise. We do this by feeding the test Predicted Observed
data into the built model and comparing the redicte Negative Positive
predicted tweet polarities with the known ones. The Negative 1620 514
latter is done via the confusion matrix — a table in Positive 206 1512
which true and predicted values for each of the Total 1916 2026

predicted classes are displayed in a matrix format as
shown in Table 1.
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A natural question to ask at this point is: how good
is this prediction. This question cannot be answered
with only a single run of the model; we need to do
many runs and look at the spread of the results. The
summary of statistics for correct predictions over
200 runs is shown in Table 2:

Table 2: Summary Statistics of Correct Predictions

Mean 80.5%
Minimum 72.7%
Maximum 82%

Standard Deviation 0.0258

4. DISCUSSION OF RESULTS

Based on the objective of performing sentiment
analysis on drone regulation, we submitted the query
“Buhari Administration” using twitter API. The API
has a parameter that specifies the language to
retrieve tweets in. We set the parameter to “English”
to retrieve tweets in English only. We polled a total
of 10,000 tweets for this study.

We have used the tweets obtained from Twitter to
analyze sentiments expressed by Nigerians about the
administration of President Muhammadu Buhari. At
the end of the analysis, it was discovered that about
45% of the peoples’ sentiments were positive
towards the policy and programs of the current
administration of PMB while about 55% of these
sentiments were negative.

The word cloud representation of the entire as
shown by Fig 4 revealed that amongst other things,
the words that kept creeping into people’s thoughts
on President Buhari’s administration were on issues
of fuel situations, blame game on many government
policies, yet unfulfilled electoral promises as well as
her change mantra. This result is not surprising
because the issue of fuel scarcity for example
generated a lot of controversies during the earlier
periods of the current administration of PMB in
Nigeria. Consequently, the blame-game started in
which the government keeps apportioning the blame
on some people including previous administrations.
Ironically, many Nigerians are very curious and
seriously yearning to experience the promised
change amidst the obvious challenges that are
confronting the current government.

The Naive Bayes classifier has proven to be very
efficient in text mining as shown by the results in
this work. Results of classification of various
sentiments as expressed by Nigerians showed that
the NB classifier has overall average prediction
accuracy of about 80% with a standard deviation of
0.0258.The estimated average overall sensitivity and
specificity of this classifier were about 83% and
88% respectively which further justified the
goodness of the NB model for text mining.

5. CONCLUSION

In this paper, application of a data mining
methodology, the Naive Bayes, to monitor and
classify the opinions of Nigerian citizens on the
administration of President Muhammadu Buhari was
undertaken. The procedure consist of four phases
which include (1) generation of related tweets, (2)
extraction of potential sentimental terms, (3) building
of sentiment dictionary, and (4) tweets sentiment
classification and evaluation of the classifier.

Naive Bayes, though simple, has once again proven
to be a very good classifier for a text data like the
one engaged here by achieving a good prediction
accuracy of the sentiments class of about 80%
relative to some other complex classifiers. It can be
deduced from the results generally that although,
more Nigerians were having a negative opinion
about current administration of President Buhari,
there are still a considerable number of people who
have faith in his administration given a number her
policies and programs.

In future study, the efficiency of more sophisticated
classification methods like SVM, Maximum entropy
and k-NN for text mining shall be examined and
their relative performances shall be compared with
the NB classifier adopted in this work.
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