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Abstract
Objectives: To develop a new data gathering processing under Big Data
Perspectives. To convert unstructured text data into structured format by not
missing out any text data available. Methods: The unstructured data is pre-
processed using modified stemming and tokenization. From the stemming
output, the proposed Term Frequency-Inverse Document Frequency (TF-IDF)
and N-gram features are derived. Unstructured data is considered from
multiple sources like twitter, consumer complaints and news blog. Findings:
The proposed model with extant TF-IDF features has exposed relatively high
Mean Average Error (MAE) value which is 1.4325 when compared to the
proposedmodel without optimization to be 0.5197.Novelty: The novelty of the
research work is of the stemming process where dictionary checking process
is added and the improved feature extraction, interclass dispersion coefficient
is computed in TF-IDF features.
Keywords: Natural language processing; Structured data; Unstructured data;
Big data; Feature extraction

1 Introduction
Unstructured data are those types of data that do not have any predefined format or
structure. There are no rules to create Unstructured Data. Normally, an Unstructured
Data is in text format, such as open-ended surveys or answers to social media
conversations, but can also be non-textual in nature, such as an Image, Video or an
Audio file.

Since there is a rapid increase in the usage of internet, there is a rise in the production
of unstructured data at an alarming rate. This unstructured data that is being produced
is estimated to be around 90% which is giving an indication to the organizations to
do something quickly about these data that is being produced. Though structured data
is important for organizations, unstructured data is like hidden gem when analyzed
properly it produces drastic results to the organizations (1). They provide a wealth of
insights that cannot be explained by statistics or numbers alone.

This structured, semi-structured and unstructured data are so huge in quantity that
they all fall under the umbrella of ‘Big Data’ (2).

All these three types of data can provide substantial insights, but it’s important for
one to first know the ‘type’ of data, in order to get the insights needed.
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Although it contains numbers, statistics and facts, an Unstructured Data is usually composed of methods which are text-rich
or difficult to analyse.

For example, a social media post can include opinions, discussed topics and feature recommendations. However, it is difficult
to process this information in large quantities. Therefore, in order to reveal practical insights, certain information first needs to
be extracted, categorized, and analysed.

Figure 1 illustrates how unstructured data can be textual or non-textual and take the shape of text, audio, and images.
This information is an important component of an organization’s knowledge base and must be appropriately handled for
long-term use. It offers a significant window of opportunity for profitable economic outcomes. Effective unstructured data
management can increase revenue, profitability, and potential while decreasing risks and expenses. Unstructured data offers
insights into consumers’ motivations, future goals, and potential issues in contrast to structured transaction data, which reveals
what customers did.

Fig 1. Types of Data

The proposed method creates a system that can quickly extract the necessary information from multiple web pages or URL
and organize it into a structured format. From this structured data, any user requested data can be retrieved and used for
further processing. We use Python’s NLTK and few other packages to accomplish this. Structuring of unstructured data helps
in analyzing that 90% of data which is going waste for organizations. In this work the sole concentration is on structuring
unstructured data related to stock market only. This was chosen because lots of unstructured data related to stock market go
unutilized.

Approaches based on pattern discovery can be used to extract structured data from semi-structured Web content. Recent
iterations of these methods focus on extracting patterns from Web pages devoid of user-labeled samples utilizing a variety of
pattern discovery techniques, such as radix trees, multiple string alignments, and pattern matching algorithms (3). These data
extractors can be applied to pages from the same Web data source that have not yet been seen but will not be able crawl from
other web page, whereas the web crawler designed here crawls unstructured data from multiple sources at a single time.

In paper (4) the authors are trying to predict the sentiment from the whole lot of unstructured text available. As most of the
existing system work on supervised learning technique, which requires a labelled dataset and building a labelled dataset for
every domain is an impossible task. In this paper a cross domain label set is used. Here training is done using one domain data
set and performance evaluation is done on another domain. Cross-domain sentiment analysis has shown limited performance
improvement as it suffers with the problem of large number of unseen words (out-of-the-vocabulary). This drawback has been
overcome in our proposed technique as we have added a dictionary during feature extraction which has resulted in better
performance.

The paper (5) presents a classificationmodel which supports both the generality and the efficiency.The generality is supported
by following a logical sequence process and classifying the unstructured text documents step by step. This paper shows the
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importance of unstructured text documents classification. Here based on the documents contents they are classified into
predefined categories by a set of phases and each phase is carried out using different techniques. In the Proposed technique
instead of crawling all the data and the classify it, we have designed the crawler in such a way that based on certain key words
given related to the domain the unstructured data that is only relevant are crawled. Hence there is no need for any classification
model later during preprocessing step.

Here in paper (6) various unstructured data related to stock market is considered to do the prediction of stock market price
movement. The unstructured data considered are from various sources like twitter, Facebook, online news, google trend and
forum discussion. This paper introduces a Spark (7) NLP- based text preprocessing pipeline for removal of the noisy data and
features are extracted using TFIDF (8) method. Whereas in our proposed technique instead of using the existing TFIDF we
add dictionary to the same and use which gave a better result. Here two library Textblob and Vader are used for performing
the sentiment analysis on the unstructured data. Whereas the proposed method uses the Natural Language Toolkit (NLTK)
conglomerate of Python and its libraries. It’s alsomaking use of Python standard library urllib, which contains tools for working
with URLs is used to perform web scraping or crawling of unstructured data from multiple sources. The proposed method
creates a system that can quickly extract the necessary information from multiple web pages or URL and organize it into a
structured format.

2 Methodology
The popularity of internet has resulted in an explosion of information being produced online and it has become extremely
difficult for organizations to find which information is useful and how to extract value out of this information or data. Also,
this information is not present in any central repository that we apply some queries and process it. It needs to be extracted from
multiple sources like twitter, Facebook, online news, Forum discussion etc. Because of this bombarding of information on the
web it is very difficult to understand which information should be extracted and which contains potentially useful knowledge.
Extraction of relevant information from this unstructured data is not only challenging it is also time consuming because of the
huge volume. Hence, conversion of this unstructured data to structured data has become verymuch necessary for organizations
especially in the field of Finance and Banking.

The developed model for predicting stock price includes the following phases.
• Initially, the web crawler crawls the unstructured data from multiple sources and stores it for further processing
• Next, pre-processing is performed, during which the sentiment data (text) is subjected to modified stemming (text) and

tokenization (integer).
• Further, the features like BOW, proposed TF-IDF and N-gram features are derived from the modified stemming output.
Figure 2 shows the overall depiction of the suggested system to convert unstructured data into structured format.

Fig 2. Pictorial representation of Proposed System

Improved Stemming (9): It is a technique to eliminate suffix of word and it aids in minimizing the needed number of
computations. Stemming is deployed in diverse appliances like information retrieving systems. Moreover, it is exploited in
domain analysis for determining the domain vocabulary. In this work, improved stemming process is performed. However,
there is no checking of dictionaries. This has an impact on all words that goes to stemming process. Here, we have added
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dictionary checking process in first step. After that based upon concurrence analysis, the stemming process is done.
For two terms, a and b, the expected mutual information EM is modelled as in Eq. (1), wherein, nabrefers to count of times

a and b co-occur in a text window of fixed size, na and nb refers to count of occurrences of a and b in corpus, EM(a,b) refers
to expected count of occurrences of a and b, k refers to constant based upon corpus and window size. Here, k is computed as
shown in Eq. (2).

EM(a,b) = max
(

nab −EM(a,b)
K ∗na +nb

,0
)

(1)

K =
∑nab

∑nanb
(2)

Tokenization: This process converts the text into tokens prior to transferring to vectors. It is simple to filter the unnecessary
tokens. In addition, tokenization (10) is the procedure of splitting the unprocessed text into small chunks. The raw texts are
broken down into sentences, words termed as tokens during tokenization. Subsequently, the tokens help to know the context
for NLP and aids in understanding the meaning of text via examining the sequence of words.

2.1 Feature Extraction

2.1.1 BOW Features
The text is converted into a bag of words in BOW (11).With sizem x n, the featurematrix is created. Here,m exposes the sentence
count in corpus and n exposes count of unique words. The derived BOW oriented features is signified as FTBOW

2.1.2 TF-IDF Features
TF–IDF (8) is a significant format of text demonstration and includes longer history amongst 3 well known depiction techniques.
It depends upon the BOW method, where a text is characterized by a compilation of words deployed in the document. The
constraint TFi j is describes as the count of times word i appear in document j; the better the value, the more noteworthy the
word will be. The constraint DFi signifies document count, where word i appears once; the better the value, the more frequent
the word is. If word i is significant for document j, it must comprise a superior TFij and lesser DFi. Conventionally, TF-IDF
features are expressed as in Eq. (3), where, TFij signifies the count of times word i appear in document j; m signifies document
count in collection, ni signifies entire count of documents, where features appear. As per improved concept, TF-IDF features
are expressed as in Eq. (4), in which Di refers to inter class interclass dispersion coefficient and is computed as shown in Eq. (5).
In Eq. (6) n refers to the count of classes and F (t, i) refers to the count of document with t and it belongs to same class where
term belongs to.

f T F−IDF = T F × I DFi j = T Fi j × log
(

M
ni

+0.01
)

(3)

f T F−IDF = T F × I DFi j ×Di (4)

Di =
(
∏n

i=1(F(t, i)− avg(F(t, i)))2
)1

2 (5)

avg(F(t, i)) =
1
n

n

∑
i=0

F(t, i) (6)

The extracted improved TF-IDF based features are denoted as FTITF-IDF

2.2 n-gram Features

An n-gram model (12) is defined as “a method of including sequences of words or characters that permits us to maintain richer
pattern discovery in text, i.e. it attempts to captivate patterns of sequences (words or characters subsequent to one another)
while being responsive to appropriate relations (words or characters subsequent to one another)”. The extracted n-gram based
features are denoted as FTn-gram

The features of sentiment data are indicated as FTSD, and it is shown in Eq. (6).

FT SD = FT n−gram +FT IT F−IDF +FT BO W (7)
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3 Results and Discussion
The deployed approach for converting unstructured data into structured format was done in “PYTHON”. The data set was
collected frommultiple sources (13) like news data, twitter data, complaints forum and various related blogs. All the unstructured
data collected was related to stock of two companies mainly, Reliance Communications and Relaxo Footwear. Since the
processed data was further used for prediction of stock prices (14).

The proposed optimized TF-IDF technique is applied to improve the quality of text data conversion.The analysis is done on
the existing System without optimization by tuning the weights to provide better results. The analysis is done by varying the
learning percentage that ranges from 60 to 90 with respect to metrics like Mean Average Error (MAE), Mean Squared Error
(MSE) and Root Mean Squared Error (RMSE).

TheMean Average Error (MAE) of the proposed optimized TF-IDF technique is obtained to be 1.43 when compared to the
existing TF-IDF with any optimization which has an MAE of 0.52. We observe that in MAE the proposed method gives 89.6%
of efficiency when compared to the existing system without optimization.This is because of the interclass dispersion coefficient
computation that is done in the TE-IDF method. With respect to the Mean Squared Error (MSE) value it gives an effienecy of
51.66 % and lastly it was compared with the Root Mean Squared Error (RMSE) value where we obtained an effiency of 70%
when compared to the exisiting one.

Table 1 illustrates the study of, proposed model with extant TF-IDF features, consequently, study is made on diverse metrics
likeMAE, RMSE andMSE. On noticing the results, the proposed TF-IDF features have attained finest values than the proposed
model without optimization. Moreover, the developedmodel has exposed relatively highMAE values than the proposedmodel
without optimization.This demonstrates that none of the unstructured text data has been leftwithout pre-processing. Complete
data that is crawled is converted into structured format.

Table 1. Analysis on existing methods as well as proposed optimization theory
Metrics MAE MSE RMSE
Proposed without optimization 0.51979 0.607331 0.470995
Proposed with extant TF-IDF 1.432516 1.283011 1.132581
Optimized TF-IDF Method 1.896817 1.511884 1.91622

4 Conclusion
This work developed a new unstructured to structured text conversion model, where unstructured text data related to stock
market was considered. The data gathering was done using a web crawler to crawl the data from multiple sources. This crawler
was able to crawl the data from multiple sources at a time where as the existing one was not able to do so. The pre-processing
was done using modified stemming and tokenization. From which the required features are derived. The proposed method
gives 89.6% of efficiency when compared to the existing system without optimization.This converted structured data is further
used to predict the stock price conserving the historical data. This system is not just limited to the conversion of unstructured
data to structured data of stock market, it can be expanded to many other domains like banking, Finance, education etc.
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