Determining the mood of social network users in
real-time by sentiment analysis methods using
Big Data tools

Rostyslav Ivankiv, Ihor Lazarovych

Vasyl Stefanyk Precarpathian National University
Ivano-Frankivsk, Ukraine

I. INTRODUCTION

As the number of Internet users increases, so does the amount of content they generate. All
this content carries a large amount of data that can and should be used for further analysis. To do
this, there is a separate area of artificial intelligence - natural language processing, and one of its
promising areas is sentiment analysis.

The purpose of the work is to determine the mood of users about a particular topic in real-
time. It is necessary to find the optimal method of determining the mood of social network users,
using approaches to sentiment analysis in the context of working with large amounts of data.

Firstly, a common problem with big data analytics is that traditional analysis systems are not
reliable to process large amounts of data at an acceptable rate. Secondly, big data processing usually
requires costly processes of cleaning, pre-processing and data conversion, as data is available in
different formats, both semi-structured and unstructured. Finally, big data is constantly generated at
high speed, which means that none of the traditional data preprocessing architectures is suitable for
efficient real-time analysis. The paper describes general practices for the current subject and
proposes improvements for sentiment analysis methods in the real-time streaming conditions and
further processing by means that allow you to scale on the total load.

Il. ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS

There are a lot of different research for the current topic which covers some specific designed
solution. Essentially they can be classified as follows: sentiment analysis research by itself (Lexicon
analysis, Machine learning [1], Deep Learning [2]) and sentiment analysis research in terms of Big
Data (Batch processing, Near Real-time processing, Real-time processing).

For example, the next publication [3] described the various sentiment analysis techniques and
their general methodology using MapReduce on a Hadoop, which is performance limited because of
historical reason while selecting storage architecture on disk only. In most of the works, an analysis
was performed on static data, but in the next work [4] discovered near real-time processing
improvements. The other authors [5] created a finding patterns methodology related to the health
events where they tried to analyze it using the approach upon classifying the list of words. Such
authors as Nguyen and Jung [6] was offering a method of event detection through the behavioral
analysis of Twitter users by utilizing real-time data analytics on big social data. Also, an
architecture [7] was developed for social media text analysis by keywords filtering, languages, and
other informative aspects of a large number of tweets.

I1l. PRESETATION OF THE MATERIAL

Determining the mood of social network users can be done in the way of using techniques for
sentiment analysis after you have relevant and clean data.
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The tonality of the text is determined by the lexical tonality of its constituent units and rules
for their combination. A tonal score can be presented in one of the following types: binary (positive
/ negative), ternary (positive / neutral / negative), ranged.

It is proposed to search for lexical sentiment in the text according to pre-compiled tonality
dictionaries (lists of patterns). In the dictionary, each word corresponds to tonal assessment. Such
an indicator is a set of five values (Vi, V2, Vs, V4, Vs). Each word determines the degree of
belonging of the word to one of the classes: very negative(Vi), negative(V2), neutral(Vs),
positive(Vs), very positive(Vs). The sum of all values for a particular word is equal to 1. In the case
if word is absent in the dictionary, its tonality is considered neutral. For the final tone assessment of
the whole text, is needed to calculate the ratio of these components using the formula [8]:

N va;+vs;
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where S - tone score of the sentence; V = [V1, V2, V3, Vs, Vs] - tone score of the word; Vi, Va2 -
negative components; Vs, Vs - positive components; Vs — neutral component; N - number of words
in the sentence.

Based on the results of the experiments the accuracy of sentiment determination is calculated as
follows [9]:

A= e, )

where A — accuracy of the sentiment determination; N¢ - number of experiments with correctly
defined sentence tones; Na - total number of experiments.
Table 1 — Accuracy evaluation results

Dataset Accuracy
Twitter dataset with 1.6 million tweets[10] 0.73
Historical Twitter Datasets[11] 0.70
Facebook comments dataset[12] 0.65
Twitter US Airline Sentiment dataset[13] 0.81

The described approach to analyze tone of a text is possible to use and integrate into the
application (Figure 1).
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Figure 1. Sentiment analysis app view

The creation of a basic pipeline (Figure 2) is required for a better understanding of the general
view of the components and their potential usage. Data was streamed using Twitter API and other
social network resources, real-time data was pushed and assembled in Kafka messaging queue for
further processing on Spark - analytics engine for large-scale data processing. Once it has been
processed there is an opportunity to visualize the results using different frameworks. By utilizing
such Big Data tools as Kafka and Spark it is possible to scale horizontally accordingly to needs
which allows working on a high throughput with high efficiency. Although sometimes it also not a
good fit. For instance, when you have low computing capacity since Spark uses cluster memory,
you should go for other alternatives, such as Apache Hadoop which uses a disk instead. Also Kafka
stores redundant copies of data, which can increase storage costs. Kafka is originally designed to
cope with the high load so that usage is an overkill when you need to process only a small amount
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of messages per day (up to several thousand). Recommended using traditional message queues like
RabbitMQ in such cases.

React

Figure 2. Real-time sentiment analysis pipeline

IV. CONCLUSIONS

Using dictionaries that were used in current work most likely is the simplest possible way to
perform sentiment analysis. Even though sometimes it is possible to use for many cases, it still fails
to handle all the complexities of a language. Under circumstances that prediction accuracy is critical
and if training data is available, it does make sense to use the ML-based approach which often
outperforms dictionary-based methods. In general, the following approach for real-time processing
which requires a bunch of data and resources to handle is considered to be valid and helpful with
the usage such well-designed, high-throughput, fault-tolerant facilities as Kafka and Spark, since
that makes the whole process of development and maintenance easier and faster.
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