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Abstract. Several volumetric, sentiment, and social network methodologies are presented and assessed in this
study with the aim of predicting significant decisions from social media platforms. The opinions of the people are
quite essential when it comes to determining certain major decisions. People from all walks of life have had a
global platform for public expression on social media for almost twenty years. When trying to gauge public
opinion, sentiment analysis also called opinion mining can be useful. Each step of the process from selecting a
method to preprocessing, feature extraction, and training the model requires exact sequentially. There were two
distinct phases to the data preparation process. Separate from cleaning the Twitter data that was retrieved is data
wrangling, this comprises changing the format of the data. A feature extraction process makes use of ngrams,
which are collections of n words taken from a source text. Extracting features is the first step in training a
ResBiLSTM model. Both Resnet and BiLSTM, two state-of-the-art algorithms, are surpassed by this novel
approach. The results show that the accuracy reached 95.45%, which is a huge improvement.

Keywords: Election prediction - Categorical Proportional Difference (CPD) - Natural Language Processing
(NLP).

1 Introduction

Predictions for the next presidential election have piqued the curiosity of both scholars and the broader public.
The academic literature is dominated by two primary schools of thinking about election outcome prediction. There
was an initial trend in political science. Political scientists have been working on models to predict elections since
the 1980s. These models examine the interrelationships among economic development, a number of predictive
variables, and the expected vote outcomes of a single presidential candidate, typically from the incumbent party.
The second thread originates from the field of computer science. As big data on social media has grown in
popularity in the 2010s, some academics have started to analyze Twitter sentiment as a predictor of future
elections. Obtaining very accurate sentiment ratings from pertinent social media posts is usually the main goal.
When voters see a candidate in a positive light, they are more likely to vote for that person. Although there are
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many scientific and practical advantages to both techniques, there are also some drawbacks. When using
traditional models to forecast election outcomes, polling rates are essential. Poll surveys, however, can be
expensive and time-consuming to conduct. The term "fake news" has grown in popularity as a blanket term for
any deceptive material shared on the internet. Have examined the typology and distinguishing features of different
types of incorrect information. Conversely, contend that further academic study is needed to examine where the
prevalent disinformation comes from, how extensive it is, and what effects it has. The findings of this study add
to the mounting evidence that the spread of politically motivated disinformation and false news can have serious
consequences for society and government. The current conversation over the effects of the post-truth or fake news
problem on society lacks evidence. Examples of such arguments include the claims made, who argue that the
continued spread of disinformation poses a threat to democracy because it undermines public trust in government.
The dissemination of misleading information is the most pressing social problem facing American adults today,
according to a nationwide survey. The impact of such deceptive information on democratic processes has only
been somewhat investigated, with only two studies addressing this significant issue are among the works that have
focused on this topic previously. These works primarily involve experiments that examine how incorrect
information influences people's opinions on the stories. An increasing amount of research has focused on electoral
forecasting since its inception. Having trustworthy results projected is important for many people, including
politicians, practitioners, and policymakers. This is true for both the present and the future. Such a feat would
have an effect on party financing, political strategy, and strategic decisions. Big data, political markets, and polls
have all played a role in creating complex models that try to make better predictions. More precise predictions
were possible than with polls alone thanks to online data sources and the Internet in this case. People who utilize
the Internet are more informed and more inclined to vote as a result. A number of studies have used search-volume
indices such as Google Trends or tweet analysis to make predictions about online news, despite the fact that there
are large datasets that contain this information found that there are a number of situations when looking at online
news can help with financial, political, and economic predictions. An officially acknowledged group of people
with shared political views and aims whose declared purpose is to influence government policy by electing party
members to public office is called a political party. A political party takes over the government when it’s officially
supported or approved candidates win the election. Also, they are in charge of political campaigns and making
sure that people vote. To win elections and use those victories to shape public policy is the raison d'étre of political
parties. They need to rally a wide range of voters with shared values if they want to win. Whether their work is
directly apparent to the public through the presentation of candidates or the electoral campaign, political parties
perform multiple crucial functions that may influence the people who are eligible to vote. It's widely known that
campaign appearances by candidates can also affect election outcomes. With the proliferation of social
networking, microblogging, and blogging websites, individuals now have more methods than ever before to
express themselves and generate vast quantities of data. Notable studies have consistently found little evidence to
support the use of social media data for election prediction, and the criticism around this practice has been strong.
You could begin to question these claims until you realize that most of these successful "predictions™ happened
after the election, when all the facts are known. Many famous studies that looked to have succeeded fell apart
when evaluated objectively. Nevertheless, disregarding any technological worries, a comprehensive analysis of
this topic uncovers some fascinating fundamental issues that occur in any attempt to understand and maybe predict
human behavior using data from social media.

2. Literature Survey

The use of probability sampling and the expected form and solicitation of participant data are two of the most
fundamental assumptions of conventional survey research that have been disrupted by social media predictions.
[1] Starting off, probability-based sampling, a foundational method in scientific survey research, is "a possible
compromise to measure the climate of public opinion" by assuming that all opinions should be correctly weighted,
since they are all equally valid. A critical component in molding public opinion, the fact that individuals'
interpersonal influence levels differ across the population is, however, ignored by this method [2]. We don't learn
much about the leaders' views, which can influence the attitudes of many other citizens, from traditional surveys,
although they can occasionally reveal whether the individuals who have a given perspective are a coherent unit.
The predictive power of social media analysis is independent of user representativeness, as pointed out by [3] in
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their study. According to them, "if we assume that the politically active internet users act like opinion-makers who
can influence (or to 'anticipate’) the preference of a wider audience: consequently, it would be found that the
preferences expressed through social media today would act (predict) the opinion of the entire population
tomorrow" [4] 345 pages. To restate: just because social media data doesn't represent the population accurately
doesn't mean it's useless for opinion mining. Also, it's possible to oversimplify public opinion by viewing it only
through the lens of publicly expressed views on particular issues; [5]this approach misses the mark when it comes
to the values and impact that are inherent in popular opinion. The ability to see into the future would be a godsend
for many. [6] Several studies have proven that social media data is crucial for this type of prediction. Among the
many fields that have made use of social media data for prediction are marketing, politics, and finance. [7] Our
research in this area led us to concentrate on social media prediction and human behavior mining. Predicting the
results of elections has thus been the writers' primary subject, and this has attracted a great deal of interest. The
challenges of using social media data to forecast election outcomes, which is why the authors were inspired to
perform this analysis. [8] Social media sentiment research can help us understand the public's mood and draw
meaningful conclusions. Plus, there are a tonne of messages in the form of tweets, and technically speaking,
collecting them is easy and straightforward. When it comes down to it, Twitter seems to be a fantastic spot to
gauge public opinion on various political candidates and parties. [9] Another reason to perform this research is
that most prominent figures, including politicians, celebrities, and actors, and normal users of both sexes and all
ages (over thirteen), communicate their opinions on a variety of themes through tweets. Thus, reading their tweets
can teach us about their emotions, which can help with data mining for human behavior, which can improve our
ability to make predictions and educated decisions. [10] Another reason to look at social media sentiment is that
it's more cost- and time-effective to acquire public opinion through social media platforms than to do a field
survey. For example, polls are sent to a certain group of individuals to gauge their views on different political
parties and the impending election in attempt to predict the results.[11] The phrase "social media" encompasses a
wide range of online platforms, including but not limited to YouTube, Facebook, Instagram, LinkedIn, Twitter,
WhatsApp, and Facebook. [12] Online forums like these bring people together from all over the globe to talk
about societal, political, and economic issues. Politics being what it is, it's rare for a political event to go unnoticed
on social media. Since elections are significant events in the lives of people all around the world, they naturally
attract a lot of attention and discussion on social media. [13] Multiple studies have shown that the abundant usage
of social media can drastically change the political scene. [14] The bulk of academics agree that social media
facilitates extensive communication and influences election outcomes. Two well-known case studies that show
how social media was crucial to the success of Barack Obama's 2008 US presidential campaign. [15] Since the
general elections of 2014 in India, both politicians and ordinary residents have made heavy use of social media,
especially Twitter. [16]Instagram didn't launch until 2010, Facebook and Twitter didn't launch until 2006, and
other modern SM platforms are still in their early stages. Social media began to be used in modern political
activities and was even considered as a method to forecast elections soon after it was released. It is possible that
Tilton was among the first to attempt to predict election outcomes using SM data [17]."Could Facebook be used
to estimate the results of a student election?" was the question he set out to address. It took place barely two years
after Facebook became publicly accessible. [18] In this case, the linked society in issue was a school. His model
has a 21 percent success rate in predicting the candidates' final total out of 27 elections. Despite the fact that other
researchers in the field use Tilton's work less frequently, we think it provides a very useful foundational
examination of the subject (maybe because it is unrelated to formal political scenarios). Two were pivotal in
utilizing SM data to predict political elections, and nearly all subsequent studies credit them. In 2010, [19]
documented the results of the German federal election that took place. They were able to correlate the amount of
tweets with the results of the election by collecting all tweets that mentioned any of the six parliamentary parties
in Germany or prominent politicians from these parties. The researchers claimed that "the mere number of tweets
mentioning a political party can be considered a plausible reflection of the vote share and its predictive power
even comes close to traditional election polls™ as a result. [20]replicated consumer confidence and presidential
job approval polls from the same year by using an emotion detector based on Twitter data. Study participants'
levels of positive and negative messaging were intended to be related to the outcomes of the election. [21] They
gathered all tweets on a political party or candidate and classified them as positive, negative, or neutral using
sentiment analysis. Data collection through sentiment analysis and an open search on Twitter proved to be the
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most challenging aspects of our investigations. These online applications, often referred to as social media, allow
individuals from all over the globe to engage with one another. These platforms make it easier for people to
communicate, share knowledge, and work together. [22]state that it can be seen as a tool for education that
promotes information sharing and discovery, which in turn facilitates connections with like-minded individuals.
Contrary to other instances, several businesses, such as hospitality and tourism, use websites and mobile
applications for brand management [23]. These characteristics are largely responsible for the meteoric rise of
social media during the past two decades. [24]notes that in 2003, a singular social network called MySpace
enabled users to make free profiles, interact with each other, and share material, which led to the network's
subsequent stratospheric ascent. The intended audience loved these new features. In less than a year, we went
from zero to one million users and briefly overtook Google in US traffic. Roughly one-third of the world's
population is linked to some kind of social network. Years after MySpace went live, other popular social networks
began to draw users; one such platform is Facebook [25]. Since social media platforms enable communication
regardless of physical location, a growing number of people utilize them regularly. No matter where they were in
the world, users could virtually meet others who shared their passions and perspectives. The rise of these platforms
brought to a new phenomenon: the online polarization effect on users. Topics abound on these social media sites
because to the proximity of individuals who have same interests and personalization algorithms that show users
what they've indicated a preference. The rest of this paper is structured as follows. The methods section covers
the study area, data acquisition, processing, and analysis, while the materials part details the study methods, model
evaluation criteria, and training parameters for ResNet, BiLSTM, and ResBiLSTM models. Section Il provides
an introduction to the methods and materials. Section 111 details the results of the ResBiLSTM model's predicted
accuracy for various growth stages, day delays, and model comparisons, while Section IV describes the additional
study. Lastly, Section IV presents the conclusions.

3. Proposed System

Since the advent of social media, users have had a strong voice to express themselves. Institutions like businesses
can't make better decisions without first understanding the public's stance on important subjects. Political entities
utilize public opinion data to inform their campaign strategy; hence the arena of politics is one such use. A lot of
individuals believe that sentiment analysis on data from social media is a fantastic method to monitor people’s
preferences.

3.1 Preprocessing

The data preparation phase was divided into two parts. Data wrangling, which entails altering the data's
format, and cleaning the retrieved Twitter data are two separate processes.

3.1.1 Wrangling of data

For the aim of analysis or human inspection, data wrangling is employed to examine complicated and, in theory,
massive data sets. Data wrangling can be approached in various ways. Some of these alternatives include graphing,
schema matching, converting data repair value formats, entity settlement and merging, and data extraction from
sources such as deep networks or online tables. The study used data wrangling to convert the raw data obtained
from Twitter into a more understandable manner. Data modification occurs when multiple tables' worth of
information is combined into a single processing component via a join query. It is possible to collect information
about both the user and their tweets by combining data from the Tweet table with the User database in a specific
method.

3.1.2 Cleaning of Data

In order to make data analysis easier, data cleaning involves stripping tweets of unnecessary characters such as
spaces, numbers, punctuation, and capitalization. Data cleansing entails three stages: cleaning, stop-wording, and
stemming [22]. To clean it up, you have to change all the capital letters to lowercase and remove any numbers,
spaces, or punctuation. The term "stop-word" describes words that are not as important as other symbols. As it
stands, no NLP system employs a universal, language-specific blacklist of words [26]. When it comes to twitter
data, terms like "on" and "on" in English are treated as stop words. Although these terms don't really signify much,
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they're essential for making filtering, indexing, crawling, and final tweeting more efficient. Some types of words
are excluded from stemming in order to create a standard morphological definition called the stem. When two
words share a root, stemming makes them simpler by removing the inflective and derivational affixes from them.
On sometimes, only the suffixes that are attached to the right side of the root are left out. Following stemming,
there will be more material phrases and a better chance that they will meet the context notion.

3.2 Feature Extraction

In this case, ngrams provide the foundation for all feature extraction methods. A set of n words taken from a text
is called a ngram. This sequence is known as a unigram when only one word is chosen at a time. Another option
would be to select pairs of words from the text. For each of these chosen sequences, the word "bigram™ is most
suited. Here, it ran with the bag of words method, which uses a ngram's document-specific frequency as its
foundation. Each word in a set of words, called a vocabulary, which consists of unigrams (one word), is assigned
an index number r. h,. is the word with index number r, and v is the number of words in the vocabulary.

n= {hl,hz,h3,...,hr,...,hv},r,v ev (1)

It is possible to represent a document as a vector f with n lexical dimensions. The document-wide counting
frequency of h,. from vocabulary n is stored in every element g, of vector f, in reference to (2).

f=191.92,93 - 9rs . gl T,V EV (2)

Selecting appropriate vocabulary has an immediate impact on the vector representation of documents. As a rule,
vocabulary consists merely of a compilation of all unigrams extracted from corpora. It can reduce the original
vocabulary to a more manageable set of ngrams that are better suited for class separation by employing feature
selection techniques. The Chi-Square test can be used to determine the level of relationship between ngram and
classes [23]. When ngrams occur frequently in many classes, the Chi-Square value will be low; when they occur
in few classes, the value will be high. Use Categorical Proportional Difference (CPD) to find out how much of an
impact a term has on class discrimination. It was originally designed to be used for text classification tasks. For
each class, a word's CPD can take on a value between -1 and 1, where 1 indicates that the term never appears in
any class and -1 indicates that it appears solely in that class. Finding ngrams and phrases with CPDs greater than
a certain level allows us to focus our search. Categorical Probability Proportional Difference (CPPD) is an
optimization of the prior method [27]. With CPPD, we may measure how much an ngram or sentence fits into a
given class. Simply put, CPD merely assesses the distribution of classes, but CPPD rates them based on the
likelihood of the same ngram or phrase occurring in that class and how those classes are distributed. Our search
is then limited to ngrams and phrases with CPD and probability values greater than certain thresholds. For this
investigation, can determine the optimal probability ranking terms by applying the following restriction to CPPD.
Notation for the necessary feature count is n, and the critical path distance (CPD) is 1.

3.3 Model Training
3.3.1 ResNet

In local receptive fields, ResNet's foundational arithmetic integrates channel-wise and spatial-wise input to
uncover significant characteristics. The ResNet architecture revolves around the residual block. This block's
components include an activation layer called ReL U, a batch normalization layer called BN, a convolution layer
called the weight layer, an output called W (t), and a residual mapping function called D(t). It is not an easy
process to adapt the model so it matches the actual mapping W (t). The restructured ResNet residue building
components in a hierarchical format. In order to solve the problem of performance loss caused by network
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stacking, ResNet implements a "skip connection™ that allows it to directly fit the residual mapping D(t). The
model can approach the actual mapping, which is actuallyW (t) = D(t) + t, by decreasing the residual function
D) =W()—t.

T-1
AV L Z 1D[t(r) +HO) 3)
r=

Internal covariate shift occurs when there is a change in the data distribution of internal nodes during training the
model. The BN layer is used to rectify issues with improper or uneven data distribution in deep neural networks.
With the BN layer, training deep neural networks becomes much faster [28]. Data is normalized after the activation
function transforms the input data from the preceding layer in a non-linear way. This retains the network's
characterization ability, speeds up convergence, makes sure the network can be trained, and reduces the influence
of big changes on the network’s internal distribution. With its sparse activation characteristic, the Rectified Linear
Unit (ReLU) activation function avoided overfitting. Mathematically, it seems like

dloss _ dloss at™
t®» — 9t® gt»

dloss d Y-1
- - () (D]
ot (1 + ot(y) zr= D™ +H )> @

1

This study employed an improved residual block structure that addressed the issue of gradients disappearing or
exploding during deeper network training. The modified structure differed from the original version in that
gradients in the modified block could be directly connected to any earlier layer via shortcuts. When the data
distribution of internal nodes changes during model training, it causes internal covariate shift. To address the issue
of inconsistent and uneven data distribution in deep neural networks, the Batch Normalization (BN) layer is
employed. Deep neural networks can be trained more quickly with the help of the BN layer. It normalizes the data
after the activation function does a non-linear transformation on the input data from the previous layer. This way,
the neural network can keep the input data distribution consistent, be trained, have its internal distribution less
affected by large changes, converge faster, and keep its characterization ability. To prevent overfitting, Rectified
Linear Unit (ReLU) exhibited sparse activation as an activation function. This is the mathematical formula:

d(y) = max(0,y) (5)
3.3.2BIiLSTM

An adaptation of the RNN architecture, the Memory Unit is the fundamental building block of the Long Short-
Term Memory (LSTM) structure; it is able to forget, remember, and output via its gate structure. You can control
the information state by calculating the forgetting gate dg, memory gate r;, and output gate mg using the prior
hidden state w,_; and the current input y,. With the Memory Unit, RNN no longer experiences gradient explosion
or gradient disappearance since it remembers crucial data while discarding irrelevant data.

3.3.3 ResBiLSTM

The ResBiLSTM model integrates two sub-models to extract spatial-temporal information from the dataset. The
meta-learner enhances its data fitting capabilities by gaining a deeper understanding of the derived spatio-temporal
features. In order to combine and understand the gridded SWC data from the ResNet branch and the
meteorological time series data from the BIiLSTM branch, a meta-learner is used. The model is trained using
Adam, an iterative optimization strategy, with MSE serving as the loss function. Combining continuous multi-
depth SWC with weather data can transform several time series datasets into a two-dimensional matrix. Using a
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top-down arrangement of time series, the grid data matrix shows meteorological and multi-depth SWC variables
from left to right. This gridded time series data can be described in a few different ways:

Tixv Tyx—v “ Tnx—v
T T o T
— 1,x-v+1 2,x-v+1 m,x—v+1
Ty = |1 : fmsx ©)
Tl,x T2,x o Tm,x

the input variables' count (m), the historical time step x, and the input items' matrix T, ,. Grid data used by the
ResNet subset undergoes a progression that includes a 2D convolution layer, two subsequent residual blocks,
output flattening, and a full connection layer containing 62 filters. In order to keep the model lightweight and
make sure enough information is recovered, considering how small the input pieces are in comparison to the
images, it is constructed with two layers of leftover blocks. A 2 x 2 convolution kernel size and 62 feature
mappings make up the 2D CNN layer [24]. A 2D convolutional neural network (CNN) layer with 62 filters and a
4 x 4 convolution kernel size is set up in the same way for both residual blocks. The BiLSTM branch flattens the
input items before feeding them into two successive layers. Lastly, they output to a fully linked layer of 62 filters.
We can improve our ability to capture time domain characteristics by stacking the two BiLSTM layers and
superimposing a trend prediction on top of each time step's forecast. Using fully linked layers, we can train a
metalearner to learn more feature parameters from the ResNet and BiLSTM branches. The initial step in creating
a dense layer of 252 neurons is to splice 130 neurons from each branch. All feature layers in the ResNet and
BiLSTM branches use the ReL U function in their activation functions to prevent overfitting. The layer responsible
for learning meta-output makes use of the linear activation function.

4. Result and Discussion

The "sentiment analysis™ practice of attempting to assess public opinion on a certain problem or event has piqued
the interest of natural language processing experts since the emergence of social media in the previous decade.
Finding out how someone feels about a topic is what sentiment analysis is all about. The public's perception of a
candidate impacts their likelihood of becoming the leader of the nation. A large, diverse data collection collected
from Twitter represents the current public opinion on the candidates. It uses a lexicon-based approach to analyze
the collected tweets and determine the public's sentiment.

Comparison of Models

M ResBilSTM
B ResNet

B BiLSTM

Performance Measures

Precision Recall F-Score

Fig. 1. Comparison of Precision, Recall and F-measure for all CNN Models

When comparing the three models' performance on the dataset, as shown in Figure 1, the results demonstrated
significantly improved f-measure, precision, and recall. Resnet is well-known for feature selection, and Bi-LSTM
empowers the model to incorporate context by supplying past and future sequences; together, they form
ResBILSTM, a dataset classification algorithm.
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Performance Measures

0.400 A

0.375 A

0.350 1

0.325 1

0.300 A

0.275 A

0.250 1

0.225 A

—— RMSE

ResBILSTM

Fig. 2. Comparison of Error Rate

ResNet

Models

BiLSTM

Figure 2 shows a comparison of the ResBiLSTM models' error rates as measured by MAE and RMSE. The
ResBIiLSTM models with various parameter settings are shown on the X-axis of the bar chart, while the

performance measurements for each ResBiLSTM model are shown on the Y-axis.

0.95 1
0.90 -
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0.80

Loss

0.65 -
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Training and Validation Loss

Train

—— \Validation
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Epoch

T
60

80

T
100

Fig. 3. Training and Validation Accuracy of ResBiLSTM

The models' ResBiLSTM training and validation accuracy is displayed in Figure 3. Different performances and
forecast times are displayed at epoch 20. Therefore, ResBiLSTM provides us with the highest validation accuracy
and the shortest execution time.

1.0 1

0.9

0.8

Loss

0.6

0.5 1

0.4

Training and Validation Loss

Train

—— \Validation

Fig. 4. Training and Validation Loss of ResBiLSTM

o4

Epoch

Model loss behavior is seen in Fig. 4. Figure 4 illustrates that there is overfitting since the training loss is nearly

zero and the validation set loss is rising. Training loss of 0.25% for the proposed model.
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5. Conclusion

Sentiment analysis is a part of computer science that studies how people express themselves emotionally and
subjectively in written form. When used in this sense, "polarity" denotes a problem with classifying words, more
especially with identifying those words as positive or negative. Assessing public opinion of candidates and
political parties has never been easier than with Twitter sentiment analysis. The procedure of preparing the data
consisted of two separate steps. Separate from cleaning the obtained Twitter data is data wrangling, which involves
altering the data's format. In a feature extraction procedure, ngrams groups of n words extracted from a source
text are utilized. All of the accessible parameters are considered by the ResBiLSTM algorithm during training.
The proposed strategy routinely achieves better results than both the ResNet and BiLSTM models, which achieve
an average accuracy of 95.45 percent.
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