
IJCST  Vol. 6, ISSue 2, AprIl - June 2015

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  67

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

Social Learning in Stock Market: Prediction Model
1Dudhat Ankit Kumar M, 2Prof. R. R. Badre, 3Prof. Mayura Kinikar

1,2,3Dept. of Computer Engineering, MIT Academy of Engineering, Pune, Maharashtra, INDIA

Abstract
Business and financial news bring us the latest information about 
the stock market. Studies have shown that business and financial 
news have a strong correlation with future stock performance. 
Therefore, extracting sentiments and opinions from business 
and financial news is useful as it may assist in the stock price 
predictions. In this paper, we present a sentiment analyser for 
financial news articles using lexicon-based approach. We use 
polarity lexicon to identify the positive or negative polarity of 
each term in the corpus. A typical financial website called money 
control has been selected as an experimental platform where a 
corpus of financial review data was collected. Empirical results 
suggest solid correlations between stock price volatility trends and 
stock forum sentiment. Results also imply that investor sentiment 
has a particularly strong effect for value stocks relative to growth 
stocks.
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I. Introduction
Business and financial news provide the latest information about 
the stock market to investors. Studies have shown that business 
and financial news have a strong correlation with future stock 
performance. The availability of online newspaper, made it 
possible for us to easily access news articles relating to business 
and financial news. In most cases, business news and financial news 
can indirectly affect the performance of a particular stock. Investors 
would usually rely on the sentiments or opinions expressed in the 
news articles to either buy or sell a particular stock. However, 
one needs to analyse multiple news articles in order to arrive to 
a certain buy or sell decision. One of the possible solutions is to 
implement software that is able to provide financial analysis and 
market sentiment based on specific newspaper articles.

Stock market is a very complex, volatile and non-linear dynamical 
system [1]. So many parameters/factors have direct or indirect 
influence on stock market index price including politics, economic 
conditions, international markets etc. News and decisions made in 
these fields have huge impact on stock market. Also some factors 
like traders’ expectations, fear, greedy flow changes stock market 
condition. Therefore, prediction on stock market price movements 
is very difficult. But these movements in market prices are not 
random. They behave in a non-linear way. There have been many 
attempts using the techniques like artificial neural networks (NN) 
in this area. Many successful applications have been developed 
and all experiments reveal that ANN can be a very useful tool in 
time series forecasting. But some cases proved that however, ANN 
had some limitations in learning the patterns because stock market 
data contains huge noise and complex parameter set.
 
Sentiment analysis is the task of extracting sentiment from text. 
There are several ways to performs sentiment analysis. According 
to [2], the two main approaches to sentiment analysis are lexicon-
based approach and machine learning approach. The lexicon-
based approach utilizes dictionaries or lexicon. The step involves 

calculating the orientation for a document from the semantic 
orientation or polarity of words or phrases in the document [3]. 
Machine learning approach is a supervised classification task 
which involves building classifiers from labeled instances of texts 
or sentences [4]. There are several popular sentiment classification 
techniques that have been used including Naïve Bayes, SVM and 
N-gram [5].

Investors have often found it very costly to acquire useful 
information to assist them in investment decision making. For 
example, many investors have devoted a great deal of time to read 
messages posted on internet stock message boards to estimate 
asset prices based on information of varying quality. It has been 
reported that these message boards can have a significant impact on 
financial markets [6]. Efficient investment decision making today 
is based on a variety of information sources including historical 
financial data series and messages posted on stock message boards. 
There have been a number of studies showing that the sentiment 
contained in these messages has been correlated with stock prices. 
This idea has been supported in Eastern Europe [7], Germany [8], 
and in China [9]–[11]. There is also case study work on systemic 
risk occurred in banks and financial institutions using data from 
online, financial, and business-related discussion. However, it is 
not clear how this sentiment information can be used to make 
beneficial investment decisions.

Our work develops a novel decision-support system using 
sentiment analysis, Naïve Bayes and Prediction Accuracy Model 
(PAM). Money Control, a widely used Indian financial website 
has been selected as an experimental platform where a corpus of 
financial review data was collected. The intent is to obtain insights 
on how forecasting accuracy varies across alternative tools under 
different levels of volatility, providing evidence of how investment 
decisions might be made under differing conditions.

The remaining of the paper is organized as follows. We highlight 
previous research related to stock message boards and stock 
markets in the related work section and introduce our method in 
the proposed system. We collect data and conduct experiments 
to quantitatively evaluate our method in the experimental result. 
Finally, we conclude the paper.

II. Related Work
There are many works related to the stock market forecasting 
problem. These works use different models: Support Vector 
Machines in [13], Neural Networks in [14], Bayesian Networks 
in [15], etc. Early works used only financial and technical analysis 
data. Recent works used more diversified features. Sometimes, 
these features have no direct relationship with stock values. It’s the 
case in [12] where features are sentiments measured on tweets.

The main motivation in sentiment analysis is to find out what other 
people think [16]. Although sentiment analysis of narrative text 
is a mature field, learning sentiment from web documents was 
initiated about a decade ago. Especially in recent years there is 
a marked increase in sentiment analysis on social media such as 
Twitter and Facebook.
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O’Connor et al. [17] studied relations between tweet sentiment 
and public opinion. Public opinions are observed by surveys and 
polling systems. Wilson et al. [18] measure tweet sentiment as 
the ratio of positive and negative words in a tweet obtained using 
Opinion Finder [19].

Yu used genetic algorithm based support vector machine model 
for exploring stock market movements. Huang, Nakamori, and 
Wang (2004) adopt SVM to predict stock market dynamism with 
9 macroeconomic factors. Yu, Wang, and Lai (2005) utilize SVM 
and GA to predict stock market dynamism with dynamically 
selecting 18 stock market technical indicators [20].They showed 
that SVM performed better than the BP networks on the criteria 
as hit ratios.

Analyzing news articles and market prices concurrently has also 
been studied by many works in computer science. Seo, Giampapa 
and Sycara [21] built a TextMiner system (a multi-agent system 
for intelligent portfolio management) which could evaluate the 
risk associate with companies by analyzing news articles. Fung 
and Yu [22] trained text support vector machine classifiers to 
classify news articles into up/neutral/down three categories and 
predict newly released news articles’ directional impact based 
on the trained model. AZFinText system built by Schumaker and 
Chen [23] not just gives directional prediction of price but further 
provides quantified estimation on prices by using support vector 
regression.

Bandari et al. [24] proposed a method to predict the popularity of 
news items on the social web. For each news article, features are 
generated based on the source of the news story, news category, 
subjectivity of the news, and named entities mentioned in the 
news. They apply regression and classification algorithms to 
predict news popularity based on these features. Their experiments 
showed that it is possible to estimate ranges of popularity with an 
overall accuracy of 84% considering only content features.

In contrast to [24], Hong et al. [25] predicted popularity of recent 
messages on twitter. They modelledthe problem as a classification 
problem, and constructed features based on message content, 
temporal information, metadata of messages and users, as well 
as the users’ social graph.

III. Proposed System

A. Data Set
In this project, the targeted opinions were obtained from India’s 
most famous financial social network namely Moneycontrol.com. 
Since main focus is on business and financial domain, only business 
and financial opinions were collected. These opinions contain 
information related to individual stock in Bombay Stock Exchange 
(BSE) or National Stock Exchange (NSE). The topics includeed, 
but are not limited to earning announcements, quarterly reports, 
and product unveilings. Opinions selected which have significant 
polarity strength of either positive or negative. Approximately fifty 
different companies’ opinions were used in this experiment.

B. Building Lexicon
Lexicon utilizes technique based on subjectivity. Since our main 
research focus is in the business and financial domain, we intended 
to develop lexicon that are sensitive to the norms of business and 
financial domain. Therefore we will keep adding new words to 

the lexicon to produce a much larger domain specific lexicon. 
We generated the new word list from news articles and tag the 
polarity of each word as positive or negative. The new word list is 
then added to the existing lexicon. There are approximately eight 
thousands words in our lexicon and each word is tagged for its 
polarity of either positive or negative.

C. Sentiment Analysis
Sentiment analysis approach makes use of the pre-built lexicon. As 
mentioned, there are approximately eight thousands pre polarity 
tagged words used. The steps involved in our sentiment analysis 
are as follow: First, we pre-processed the data gathered. Data 
pre-processing is performed to eliminate the noises in the text 
such as stop words, redundant words and punctuations. In this 
step, each financial news article is tokenized into tokens. For 
this, we used a parsing algorithm to separates the news articles 
using whitespace.

Fig. 1: Proposed System Architecture

Fig. 2: Lexicon Approach

Algorithm is stemming algorithm which is used for the data pre-
processing.

Algorithm: Data Pre-processing: Stemming Algorithm
Input: Financial news articles
Read news articles from text file
WHILE (text file is not empty)
Remove punctuations and redundant words.
Tokenize the news article into tokens.
FOR (each token){
Match token with stop word list
IF (token matched a stop word) THEN
Remove stop word.
Apply Porter Stemmer.
Output: News article in stemmed tokens

The next step is to look up the tokens that match the words in the 
lexicon. If the token matches with a word, then we will look for 
the word’s polarity. We will tag the token as positive or negative 
polarity according to the pre-tagged polarity of the word in the 
lexicon. As our lexicon is not comprehensive, tokens that do not 
match with the words in the lexicon are ignored. If the token tagged 
by positive polarity then the count of positive will increase by +1 
and if token tagged by negative polarity then negative count will 
increase by +1. And at last it gives the total number of positive 
and negative polarity.
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To determine the polarity of entire data for the particular company 
count the total number of positive and negative tokens and apply 
a formula called positive and negative ratio (P/N ratio). P/N ratio 
is measured by counting the number of positive tokens versus 
number of negative tokens. The end result is to get an average 
sentiment value for the entire data for the company. There are six 
conditions to calculate the sentiment ratio given below.

If Pc ≤ Nc ratio = -1*(Nc ⁄ Pc )

If Pc > Nc ratio=(Pc ⁄ Nc )

If Pc =0 ratio = -10

If N_c=0 ratio = 10

If ratio >10 Assign ratio = 10

If ratio < -10 Assign ratio = -10

The sentiment value for each company data is between 10 to -10 
in which the 10 shows the greatest positivity and the -10 shows 
the greatest negativity.

D. Prediction Model
yt is sum of the deterministic meanreturn utand a stochastic term 
εt, also known as the shock, forecast error, residual, innovation, 
etc [26-27], representsthe information set available at time t and 
σt

2 is thetime-varying variance of both yt and εt.

yt = ut + εt      (1)

Where,
 yt - Daily return for day t
 ut - Deterministic mean return
 Ԑt - Forecast error, innovation

E. Calculate the Daily Return
let vt denote the closing price on day t, the daily changing rate yt 
of the price is denoted as

    (2)

Where, n = the number of times information is collected
 vt = closing price of the day.

F. Calculate Deterministic Mean

 (3)

Where, R - Ratio of rise or fall (% of price fall/rise in price) for 
days t
n - Number of days for which Ratio is calculated

G. Calculate Forecast Error
To designate the financialinformation volume as one variate 
of εt is justifiable. Therefore we formulated εtusing the 
followingequation:

     (4)
Where, It = fuction to process of day t
Datat = collected for day t

H. Function to Process data for a day:
During the polarity detection our system will check for the positive 
and negative words line by line. If any positive or negative word 
found it will count that sentence as positive or negative review 
and also hold the value of positive and negative words and also 
find the probability then calculate the positive and negative data 
for a day using the below equation.
It = P (Positive Reviews*α) - P(Negative Reviews*β) +P (Neutral 
Reviews*γ)     (5)
  
Where,
 α - Prediction Factor for positive sentiment
 β -Prediction Factor for negative sentiment
 ϒ -Prediction Factor for neutral sentiment

IV. Experimental Results

Fig. 3: Volume of Comments

This graph shows the number of comments available on particular 
day on the website and taken those data for the prediction.

A. Polarity Detection
Using polarity detection algorithm system calculates the count of 
total positive and negative words available in the data.

Table 1: Polarity Counts for Data Downloaded

Date Gain/
Loss

Gain/
Loss%

Polarity Detection

+ve -ve

27/03/2015 45.27 1.77 25 5

30/03/2015 25.67 1.01 11 11

31/03/2015 -19.29 -0.76 66 22

1/4/2015 -22.47 -0.86 34 17

2/4/2015 -3.56 -0.14 65 13

4/4/2015 -3.56 -0.14 26 13

6/4/2015 -31.64 -1.26 27 18

7/4/2015 28.31 1.1 44 22

8/4/2015 29.29 1.12 33 11

9/4/2015 14.36 0.54 30 6
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Fig. 4: Polarity Detection

B. Sentiment Calculation
Using the above given conditions sentiment ratio can be calculated 
and also store the current ups and down value for the particular 
company.

Table 2: Sentiment Ratio Calculation

Date Gain/
Loss

Gain/
Loss%

Sentiment 
Ratio

27/03/2015 45.27 1.77 5

30/03/2015 25.67 1.01 1

31/03/2015 -19.29 -0.76 3

1/4/2015 -22.47 -0.86 2

2/4/2015 -3.56 -0.14 5

4/4/2015 -3.56 -0.14 2

6/4/2015 -31.64 -1.26 1.5

7/4/2015 28.31 1.1 2

8/4/2015 29.29 1.12 3

9/4/2015 14.36 0.54 5

Fig. 5: Graph of Sentiment Ratio

C. Predicted Results
Table 3: Predicted Results
Date Existing Proposed Real Time
25/3/2015 -10 -20 -24
26/3/2015 -67 -50 -58
27/3/2015 30 48 42
30/3/2015 65 35 41
31/3/2015 -1 -6 -10
1/4/2015 11 -7 -3
2/4/2015 10 5 -3
6/4/2015 -20 -21 -31
7/4/2015 43 37 28
8/4/2015 44 39 30
9/4/2015 29 25 13

Table 3 shows the actual predicted results for the particular 
company. In the previous system it calculates the variance of 
the stock by using the closing price of the previous day and the 
closing price of the current day.

Fig. 6: Comparison of Predicted Results by Existing System, 
Proposed System and Real Time Value

As shown in the above graph given in fig. 4 it shows the graph of 
date v/s value of stock. In this bar chart, the first bar shows the 
predicted result by existing system, second bar shows the predicted 
result by proposed system and third bar shows the ac

But the influence of the variance in the Indian stock market is 
low. So, to predict the Indian stock market based on that system 
is difficult and it gives less prediction accuracy than proposed 
system.

After launching of FDI (Foreign Direct Investment) policy in 
India the influence of sentiments on the marketincreasing day 
by day. So, prediction based on that will give the accurate result 
than existing system.

V. Conclusion and Future Scope
It is believed that opinions about financial market have impact 
on stock prices. However, the quantity of every day’s opinions 
increases tremendously nowadays, which needs great amount of 
human power to deal with.  An automated system which could 
analyse those articles and generate market movement is the wish 
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of many people. In this paper, a Prediction Model is proposed 
which work on sentiment classification for Indian stock market. 
The system is comprised of data collecting, data pre-treatment, 
classifier and analyser. This research work has demonstrated 
sentiment analysis intelligent system is doable and can be very 
beneficial for the investors. Proposed system predict the result for 
the stock with 65% accuracy which is higher than the existing 
system for the Indian stock market. A lexicon-based approach 
is a simple, robust solution in sentiment analysis. Currently, our 
algorithm only matches one word at a time. One of the drawbacks 
of this algorithm is that the word before or after the word may affect 
the sentiment of that particular word e.g. negation. Also, we cannot 
easily detect the sentiment by considering just a single word. There 
are many instances where a sentiment is analysed by looking at 
multiple words or phrase in a sentence such as “He is a good liar.”, 
“The bank reduces interest.” For future work, we will examine the 
lexicon-based approach by analysing phrases in the news articles 
rather than individual words. We would also like to investigate 
the possibility of using SentiWordnet lexicon to evaluate different 
dimensions of polarity such as polarity intensity which measures 
the strength of negative/positive polarity in a text.
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