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Abstract- The swift advancement of the economy prompts individuals to 
increasingly invest in the stock market; yet, many stay reluctant owing to 
uncertainties regarding next-day profits.  Due to the volatility of stock markets 
caused by many factors, such as demonetization, next-day predictions are crucial 
for investors.  Stock market prediction mostly relies on a company's historical data, 
and many studies have utilized deep learning for stock market forecasting, with 
models demonstrating enhanced performance.  Nonetheless, deep learning models 
require a large set of input variables to enhance performance. As the number of 
variables increases, the quantity of parameters also escalates, which leads to the 
issue of overfitting.  In this research, LSTM and RF are merged with SA to resolve 
this issue.  Four worldwide stock indices—S&P 500, KOSPI 200, SSE, and KSE 
100—are used with 43 technical indicators for the experimental validation of the 
selected models.  The RMSE of the proposed SMTP model for the S&P500, 
KOSPI200, SSE, and KSE100 are 16.9, 5.7, 44.11, and 33.19, respectively, 
whereas the forecast accuracies for these indices are 71.21, 95.64, 83.22, and 
98.86.  This demonstrates a significant level of accuracy, indicating that the 
model can facilitate educated investment decisions and serve as a valuable 
resource for investors. 
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INTRODUCTION
The thing that fascinates the most at the current 
time is investing one's capital in the Stock Market 
(SM). The two main strategies that investors use for 
deciding on the SM are investing more money and 
gaining maximum profit with minimum risks [1]. 
Due to the noisy environment in the SM, its 
prediction becomes a difficult yet challenging task 
[2]. Prediction of the stock market is difficult because 
it is influenced by many factors like market news, 
quarterly earnings, etc., as the SM fluctuates because 
of different reasons like war, flood, technological 
change, dollar price many others. If the price is high, 
it might be possible that the next day the Financial 
Market (FM) price will be low, and fluctuations occur 
frequently.  

The SM is a marketplace where investors can 
purchase and sell ownership in publicly traded 
companies. These companies raise capital by issuing 
stocks to investors, and these stocks represent a 
portion of ownership in the company [3]. SM 
provides a platform for investors to buy such stocks 
that are expected to increase in value over time and 
earn a huge return on their investments [4],[5]. They 
can also get a return from shares that pay dividends, 
which are a portion of the company's profits paid to 
its shareholders [6], [7]. 
SM plays a crucial role in the country’s economy as it 
helps companies to raise their capital and helps 
investors with a way to earn maximum profit on 
their investments. Due to fluctuations in the market, 
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it results in changes that affect economic conditions, 
which is the main reason to call it a barometer of the 
overall health of the country’s economy [8]. 
New people who want to invest in the stock market 
feel hesitant about their investments. Stock market 
prediction for the next day with maximum accuracy 
is the main issue for investors. Financial behavior 
includes decisions related to investments, which are 
influenced by human emotions. Accuracy will be 
increased when sentiment analysis is merged with 
ensemble modeling. 
SM plays a challenging role in the worldwide 
economy. It also performs several crucial tasks that 
are listed below. 
 
Raising capital: It helps businesses to generate 
money, and when these stocks are bought by 
investors, they get a share in the company’s control 
and future earnings [9]. 
 
Providing the liquidity: SM provides investors with 
a platform where they can buy and sell stocks of 
publicly traded companies, thereby providing 
liquidity. Due to liquidity, investors can enter or exit 
the market more rapidly [10]. 
 
Valuation Establishment: For determining the value 
of a business, SM offers a method that is based upon 
companies’ market demand, its financial 
performance, and its growth aspects. With the 
support of valuation companies plan for their future 
development and attract new investors [11]. 
 
Investment facility: SM makes it possible for 
investors to invest in a variety of businesses across 
various regions and industries. Diversification made 
it possible for investors to manage risk and create 
assets for the long term [12].  
 
Indicator for business: To know about the overall 
economy of the country, it can be evaluated through 
SM, as it serves as a standard. An increase in prices 
of shares shows strong consumer demand and 
economic expansion, while a decrease in stock prices 
can indicate a weakened economy of that country 
[13]. 
 
 

1.1 Factors affecting SM 
SM’s are affected by a variety of factors, both internal 
and external [14]. Some of the most important 
factors include: 
 
Economic growth: When the economy is growing, 
businesses are doing well, and investors are more 
likely to buy stocks. This is because they expect 
businesses to make more profits, which will lead to 
higher stock prices [2]. 
 
Interest rates: Changes in interest rates can also 
impact the stock market. When interest rates are 
low, it is cheaper for businesses to borrow money, 
which can lead to higher profits. This can lead to 
higher stock prices [15], [16]. 
 
Political stability: Political stability is another 
important factor that can impact the stock market. 
When there is political instability, investors may be 
less willing to invest in the stock market. This is 
because they are worried about the possibility of 
government intervention or changes in laws and 
regulations that could harm businesses [17]. 
 
Foreign investment: Foreign investment is also an 
important factor that can impact the stock market. 
When foreign investors buy stocks, it can lead to 
higher stock prices. This is because foreign investors 
bring new money into the market, which can 
increase demand for stocks [18]. 
 
Company news and performance: The news and 
performance of individual companies can also 
impact the stock market. When a company has 
strong earnings or a new product launch, it can cause 
the stock price to go up. On the other hand, if it has 
a decline in earnings or a product recall, it can cause 
the stock price to go down [19]. 
 
Global events: Global events, such as wars, natural 
disasters, and political upheavals, can also impact the 
stock market. These events can cause investors to 
become more risk-averse, which can lead to lower 
stock prices [17]. 
Financial markets are important to the global 
economy because they offer investment possibilities, 
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companies with capital, and a reliable economic 
indicator. 
 
1.2 Pakistan SM  
The Pakistan stock market is a growing market with a 
lot of potential. The market has been on a bull run 
in recent years, with the KSE-100 Index, which tracks 
the performance of the top 100 companies on the 
Pakistan Stock Exchange (PSX), more than doubling 
in value since 2016 [20]. 
The Pakistan stock market is a good investment 
option for investors who are looking for exposure to 
the Pakistani economy. The PSX is a liquid, 
diversified, and growing market, which offers several 
advantages to investors [21]. However, investors 
should be aware of the risks involved in investing in 
the Pakistan stock market, including the risks of 
political instability, economic uncertainty, and 
foreign investment volatility. 
 
1.3     Indexes of SM of Pakistan 
The Pakistan stock market has several indexes that 
track the performance of different sectors of the 
market. Some of the most important indices include: 
 
KSE 100 Index: The KSE 100 Index is the most 
widely followed index of the Pakistan stock market. 
It tracks the performance of the top 100 companies 
listed on the Pakistan Stock Exchange (PSX) [22]. 
 
KSE 30 Index: The KSE 30 Index tracks the 
performance of the top 30 companies listed on the 
PSX [13]. It is a narrower index than the KSE 100 
Index, and is often used by investors who want to 
track the performance of the largest and most liquid 
companies on the PSX. 
 
PSX Dividend 20 Index: The PSX Dividend 20 
Index tracks the performance of the top 20 
companies listed on the PSX that pay dividends. It is 
a good index for investors who are looking for 
companies that generate income through dividends 
[23]. 
 
KMI 30 Index: The KMI 30 Index tracks the 
performance of the top 30 companies listed on the 
PSX that are considered to be "market leaders" [24]. 
It is a good index for investors who want to track the 

performance of the best-performing companies on 
the PSX. 
These are just a few of the many indices that track 
the performance of the Pakistan stock market. 
Investors can use these indexes to track the 
performance of different sectors of the market and to 
identify companies that are performing well [8]. 
 
1.4 SM Trend Prediction (SMTP) 
Predicting the trend of SM helps investors to make 
more informed decisions about selling, buying, or 
holding the stocks. They can gain insight into future 
movements by analyzing market trends and adjusting 
their investment strategies accordingly [25],[26]. 
Two main approaches for predicting the stock 
market are fundamental and technical analysis. 
Investigating quantitative data, such as stock price 
and portfolio, and qualitative data, such as 
connected firms’ profiles and strategies, can be done 
as a part of fundamental analysis [3]. In technical 
analysis, by examining trends in the past and present 
stocks, the analysts forecast the future of stocks. Such 
approaches are very helpful in studying market 
liquidity [3]. 
 
1.5 Sentiment Analysis 
Sentiment analysis (SA) is a subfield of natural 
language processing (NLP) that deals with the 
identification and extraction of opinions and 
emotions from text [27]. SA is often used to classify 
text as positive, negative, or neutral [3]. SA is a 
powerful tool that can be used to understand the 
opinions and emotions of people. It can also be used 
to identify specific emotions, such as happiness, 
sadness, anger, or fear [22]. 
SA has a wide range of applications, including: 
 

• Market research: SA can be used to track customer 
sentiment towards a product or service [28],[29]. This 
information can be used to improve the product or 
service, or to develop new products or services 
[29],[30]. 
 

• Social media monitoring: SA can be used to 
monitor social media for mentions of a company or 
product. This information can be used to identify 
potential problems or to gauge customer satisfaction 
[15]. 
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• Customer service: SA can be used to identify 
customer feedback in customer service tickets [10]. 
This information can be used to improve the 
customer service process. 
 

• Political analysis: SA can be used to track public 
opinion on political issues. This information can be 
used to inform political campaigns or to gauge the 
public's support for a particular policy [31]. 
 
1.6 Existing Work for SMTP  
Stock market prediction has been under 
consideration for a couple of decades. It was 
observed that many issues arise during the stock 
market's next-day prediction with maximum 
accuracy. 
This study involves an HFS-based LSTM model to 
predict SM and uses a dataset from Pakistan. 
Different metrics involving RMSE, MAE, and MSE 
were evaluated on companies’ datasets like HBL, 
Netsol Tech, etc. A small quantity of technical stock 
price characteristics was used. For United Bank, 
RMSE= 18.52552, MAE= 11.6681, and MSE= 
210.6903 [32]. This study was proposed for the 
Egyptian Exchange to forecast the closing prices of 
the day by using an equilibrium Optimizer with 
Support Vector Regression (EO-SVR). It was 
considered an optimal model due to its superior 
outcomes. CPU time=1.1231 was calculated [19].  
For evaluating the financial markets, soft computing 
was widely accepted by studying different published 
articles that focus on neural and neuro-fuzzy 
techniques. While forecasting input data, 
performance measures, and predicting methodology 
were used for classifying. While defining the hidden 
layers and the structure of the model, difficulties 
arise [33].  
Deep Learning (DL) models were used for intraday 
prediction. CNN and RNN were focused. Results 
show that CNN was far better than RNN, as it helps 
in analyzing the sentiments from texts, and RNN was 
used for modelling complex temporal aspects and 
getting the context information. A hybrid model was 
proposed, named SI-RCNN, in which RCNN was 
used to predict the intraday directional movements. 
CNN was used for financial news gathering, and 
LSTM for technical indicators. Results show an 
accuracy of above 50% but it does not lead to 

profitable predictions of the next day [34]. Over the 
1980 to 2010 period, twelve emerging countries were 
examined for the connection between stock market 
development and exchange rates. It was analyzed in 
the results that six main economies have significant 
long-run relationships. Stock market development in 
China, Pakistan, Mexico, and Venezuela was 
negatively affected by the volatility of the exchange 
rates. While the Philippines and South Africa were 
positively affected [35]. 
Artificial Neural Network (ANN) and Support 
Vector Machine (SVM) were used as classification 
techniques. For the input of the proposed models, 
ten technical indicators were used to predict the 
directional movement of the Istanbul Stock 
Exchange (ISE). From the results, it was analyzed that 
ANN was significantly better than SVM [36]. For 
predicting the Brazilian Stock Market, technical 
indicators were induced into an LSTM to forecast 
the direction of the stock prices. It was concluded 
that LSTM outperformed Multi-level Perceptron 
(MLP) [37]. 
A Regression and LSTM-based ML were focused on 
predicting the stock market. For regression, R-
square=0.86625 was calculated. For training, 
MSE=0.00106, RMSE=0.03, and for testing, 
MSE=0.00875, and RMSE=0.09 were observed. The 
LSTM model offers more accuracy than regression 
[38]. 
Historical data of close prices of the S&P 500 index 
were used in different models of CNN, LSTM, and 
MLP. In the results, it was shown that CNN 
outperformed the other two [39]. For predicting the 
stock prices, deep learning models such as CNN, 
LSTM, MLP, and RNN were used. It was observed 
that deep learning models are better than non-linear 
models [25],[40]. 
To measure the predictive performance of DL 
models, high-frequency data was used. Three 
traditional artificial neural networks, such as extreme 
learning machine, radial basis function neural 
network, and back propagation neural network, were 
compared with DL models. And it was found that 
DL models had shown better results [41]. For 
extracting the qualitative company information, 
several primary studies were observed that 
implement text mining techniques on data. The data 
was utilized for the prediction of the future behavior 
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of stock prices based on how the news impacts the 
company in a good or bad way [23]. 
In the last decade, a study was proposed for stock 
market prediction in which the architecture of a 
Generative Adversarial Network (GAN) with MLP 
was used to classify the input data, and Long Short-
Term Memory (LSTM) was used for processing the 
data. This study was used for forecasting of closing of 
the stock market. In GAN, MAE=3.0401, 
RMSE=4.1026, MAPE=0.0137, and AR=0.7554. 
The GAN model achieved the best result in 
distributing the real stock data [42]. A study was 
conducted to improve the forecasting accuracy of the 
financial expert system neural network (NN), SVM, 
and decision trees were used. An intelligent decision-
making tool was used for effective decision-making 
on the stocks. Exclusion of the other online data 
sources was the major drawback of the proposed 
system [43]. 
Random Forest (RM) and Artificial Neural Network 
(ANN) were used to predict the next day's stock 
price. ANN outperforms RM with RMSE= 0.42, 
MAPE=0.77, and MBE=0.013 [44]. A CNN-
BiLSTM-AM was considered for predicting the next 
day's stock exchange based on the historical data. 
Closing, highest, opening, and lowest prices were 
used as inputs. While processing the input CNN was 
utilized, and for making the feature extraction, learn 
BiLSTM was used. It has the most accurate results 
among the other models [28]. 
Stock prices of different companies were observed, 
and many technical indicators were implemented on 
K Nearest Neighbor (KNN) for forecasting the future 
movements. Comparing experimental results to 
machine learning methods, they performed better 
[45]. 
Bidirectional Encoder Representation from 
Transformers (BERT) is used for sentiment analysis 
of stock market news, and it achieved an accuracy of 
87.3% accuracy [46]. Non-linear regression and the 
K-nearest neighbor method were used to predict 
stock prices, and they were applied to six sample 
companies that were registered on the Jordanian 
stock exchange. According to the results, the 
prediction results were close to the actual ones, and 
it shows that KNN is robust with simple error ratio 
[38].  

A system that consists Hidden Markov Model 
(HMM) was developed to predict the behavior of the 
Tehran Stock Exchange (TSE) to increase the 
precision. The dataset was collected for 3 different 
industries from 2011 to 2014. Industries include 
Shiraz Petrochemical Company, Jaber Ebne Hayyan 
Pharmaceutical, and Shargh Cement Company. 
Results show maximum accuracy 82.37%, F1 
measure=79.37% and precision= 78.57% for Jaber 
Ebne Hayyan Pharmaceutical. While other industries 
show an accuracy between 69% 82% only [47]. 
Brazilian stock indices were predicted by using an 
ANN and the Adaptive Exponential Smoothing 
Method (ESM). Results show that both models 
produce similar results in predicting index returns. 
While ANN outperforms ESM in the forecast of 
market movement [48]. Random RM and SVM were 
used in predicting the stock market. Pre-processing 
of data was done before data analysis. Them ML 
algorithms were applied to the data. RM improved 
the accuracy of forecasting [29],[49]. 
A deep learning technique, the Multi-Channel 
Convolutional Neural Network (CNN), was 
proposed. For optimizing CNN parameters Genetic 
Algorithm (GA) was used. Standard CNN and ANN 
were compared with the model. ANN achieved an 
accuracy of 58.62%, the standard CNNs accuracy 
was 70.16%, and the GA-optimized CNN accuracy 
was 73.74% [50]. An optimized Deep-ConvLSTM 
model was proposed, and it was trained by the Rider-
MBO algorithm. MSE=7.2487 and RMSE=2.6923 
were calculated from the six forms of livestock 
market data. Hence, it was considered an effective 
model for forecasting the stock market [30]. 
SVM and Radial Basis Function (RBF) were used for 
the stock market prediction. SVM doesn’t have a 
problem with overfitting. A dataset from IBM was 
used [14]. The Multi-Model Generative Adversarial 
Network Hybrid Prediction Algorithm (MMGAN-
HPA) is used for improved performance of stock 
market prediction. For the dataset of the TCS 
model, MAE=0.00263344, MSE=0.00003490, 
correlation=0.995985974, it gives better performance 
[51]. 
An equilibrium Optimizer with Support Vector 
Regression (EO-SVR) was proposed for the Egyptian 
Exchange to forecast the closing prices of the day. It 
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was considered an optimal model due to its superior 
outcomes. CPU time=1.1231 was calculated [19]. 
 
2. Materials and Methods 
The methodology consists of several steps, including 
dataset, data preprocessing, feature extraction, model 
training, and evaluation. Figure 1 shows the 
proposed model of SMTP. It consists of multiple 
phases. 
 

2.1 Dataset Acquisition: Datasets are acquired from 
different websites that publicly provide financial 
data, such as Yahoo Finance, Google Finance, 
Quandl, scs trade, PSX, and Dawn News.   
 
Stock Data 
Daily SM data of KSE 100, S&P500, SSE, and 
KOSPI200 is collected from the official website of 
PSX, Yahoo Finance, and SCS Trade. The dataset 
contains date, high, low, open, close, volume, and 
change. 

 

 
Figure 1: Proposed Mode 
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The KSE100 10-year daily dataset is collected for the 
period 1/2/12 to 6/6/23, involving 2733 trading 
days. KOSPI200: 11 years of daily trends are c 
ollected for the period 4/3/02 to 5/18/15. 11 years 
of data of S&P500 for 8/1/02 to 4/23/15, and 10 

10-year dataset for SSE 10/13/03 to 7/21/15.The 
dataset contains 6 columns. Table 1 describes the 
dataset columns, and Figure 2 gives a screenshot of 
the dataset. 
 

 
Table 1: Description of Dataset Features 
Features Description 

Date The date specified for each trading day is in the format of year-
month-day 

Open Price related to stock at market open 

High Maximum daily prices 

Low Minimum daily prices 

Close The stock price when the stock market is closed for a specific trading 
day 

Volume Number of traded shares 

 

 
Figure 1: Snapshot of KSE100 Dataset 

 
The datasets used in this research work belong to 4 
different countries, SMs as America, China, Korea, 
and Pakistan. Every dataset contains approximately 
3000 entries with 6 columns named as date, open, 
high, low, close, and volume. News data is collected 
from Dawn News. 
 
Financial News Articles/Headlines 
Financial news is collected from Dawn News to date. 
API keys are used to extract data from the website for 
performing sentiment analysis. To make any  
financial decision, investors deeply look into 
companies’ profiles, news, trading history, etc. 

 
 Data Preprocessing: Real-time stock data can 
involve missing values due to closed weekends. News 
data includes noisy data like missing data, 
punctuations, tokenization, etc. The main task in the 
preprocessing of data is data cleaning, reduction, and 
transformation. 
Datasets must be cleaned during the preprocessing 
step; during this phase, we apply several cleaning and 
filtering techniques on the news data, such as 
removing links, identifiers, and deleting words that 
contain fewer than 3 characters, and stock data is 
preprocessed to check missing values and filter empty 
words. Features are extracted from the datasets. 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030
https://sesjournal.org/


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

 https://sesjournal.org                | Akram & Bashir, 2025 | Page 603 

Tokenization 
Tokenization is the step that takes the sentence and 
breaks it down into words. Using white spaces and 
punctuation symbols as delimiters, the text is broken 
down into single words or tokens. We must first 
define the words that make up a string of characters 
before processing the natural language. As a result, 
tokenization is the most fundamental step in the 
NLP process (text data). This is significant since the 
text’s meaning can be easily deduced by examining 
the words in the text.  
 
Lower Casing 
 Lower casing is the step of changing to the lower 
case of a word in the English language. Words like 
BOOK and book have the same meaning, but in the 
vector space model, they are represented as two 
separate words if they are not transformed to 
lowercase, which results in more dimensions. 
Lowercasing is one of the most basic and effective 
text preprocessing techniques, which also greatly 
improves desired output consistency.  
 
Stopword, Punctuation Removal, and Stemming  
The common words in any natural language are 
stopwords. These stopwords cannot add much value 

to the context of the document when interpreting 
text data and constructing NLP models. Stop words 
include articles, prepositions, conjunctions, and 
certain pronouns. Some common words in a 
document are "the", "is", "in", "about", "where", "at", 
"to", "", and so on. The concept is to simply eliminate 
the terms that appear in all of the corpus documents. 
The punctuation in the text adds very little or no 
value to the information. When punctuation is 
added to any word, it becomes difficult to distinguish 
it from other words. So, in text preprocessing, we 
also eliminate the punctuation.  
 
2.3 Feature Extraction: In news and stock data 
detection is done using deep learning is used; feature 
extraction is the process of extracting important 
features from the news and stock data that can be 
used to train a deep learning model. The goal of 
feature extraction is to represent the data in a way 
that captures its important characteristics and 
patterns, making it easier for the model to learn to 
predict next-day SM. The dataset is scaled and split 
into training and testing. Null values are evaluated 
and removed shown in Figure 3. The features list is 
gathered from the dataset in Figure 4. 

 

 
Figure 3: Checking Null values 

 

 
Figure 4: Feature List 
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2.4 Sentiment Analysis: SA is performed using 
Vader, which is a tool that combines rule-based and 
lexicon methods. It classifies the textual data 
consisting of emotions into negative, positive, and 
neutral. It uses techniques to determine the 
sentiment of a piece of text. The lexicons are a list of 
words that have been assigned positive, negative, or 
neutral sentiment scores. The rules are used to take 
into account the context of the words in the text. 
 

Technical Indicators 
TI is implemented on the stock dataset to predict 
more accurate values. They are mathematical tools 
that are used to analyze historical price data in an 
attempt to predict future price movements. By using 
them, investors can identify trends and patterns in 
the market, which can help them make better 
investment decisions. Table 2 contains list of 
technical indicators.  
 

Table 2: List of Technical Indicators 
TI Significance 

O, H, L, C  Nominal daily open, highest, lowest, and closing price 

Volume  Daily trading volume 

SD Degree of variation in a trading-price series 

UB & LB Upper and lower Bollinger bands 

FI Force index 

FI5 Average force index 

C%, V% Closing price and volume change 

NVI Cumulative negative volume index 

SEMV Average ease of movement 

TSI True Strength Index 

MFR Money-flow ratio 

MFI Money-flow index 

UVI & LVI Upper and lower vortex indicator 

KST Know sure thing 

KST9 Average knows a sure thing. 

DPO20 Detrend price oscillator 

DX Directional index 

ADX7, ADX14 Average directional index 
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SMA(5,10,20) Simple moving average 

EMA(6,10,14) Exponential moving average 

MACD(6,12) Moving average convergence divergence 

RSI(10,14) Relative strength index 

CCI(20) Commodity channel index 

H–L True range index (high–low) 

H–Cp True range index (high–previous close) 

L–Cp True range index (low–previous close) 

TR True range 

ATR14 Average true range 

ROC12 Price rate of change 

Williams%R Williams percentage range 

OBV On-balance volume 

 
2.5 Final Dataset: The final dataset is the 
combination of stock data and news data, which can 
be used to train DL models to predict the stock 
prices. The stock data provides information about 
the historical prices of stocks, while the news data 
provides information about current events that may 
affect stock prices. By combining these two datasets, 
DL models can learn to predict how stock prices will 
change in the future. This information can be used 
by investors to make better investment decisions. 
 
2.6 Training: Models are trained on the dataset 
provided. The performance of the model depends on 
the quality of the dataset on which it is trained.  
 
LSTM model 
The LSTM model is used for predicting the next 
day's stock market. Due to recurrent and gate 
mechanisms, it is efficient to learn long-range 
temporal patterns. The gate mechanisms in an LSTM 
model are used to control how much information is 
remembered and how much is forgotten. The forget 

gate determines how much of the previous state is 
forgotten, the input gate determines how much of 
the current input is incorporated into the state, and 
the output gate determines how much of the state is 
output. They can be used to predict both continuous 
and categorical variables. They are relatively complex 
to train, but they can be very effective for tasks that 
require learning long-range dependencies. 
 
2.7 RF model: The RF model is used for 
predicting the next day's stock market. It prevents 
overfitting even if many variables are used. In terms 
of performance, it is also an advantageous model. It 
can handle a large number of features, able to learn 
complex relationships between target variables and 
features. The predictions from each decision tree in 
an RF model are then averaged to produce a final 
prediction. This helps to improve the accuracy of the 
model. They can be used to predict both continuous 
and categorical variables. They are relatively easy to 
interpret, which can be helpful for investors who 
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want to understand why the model made a particular 
prediction. 
 
2.8 Testing: Models are tested on the dataset 
provided to ensure that they are working as 
intended. The dataset should be representative of the 
data that the model will be used on in the real world. 
If the model does not perform well on the test 
dataset, it may not be able to generalize to new data. 
In this case, the model may need to be retrained or 
adjusted. 
RF and LSTM models are trained to make 
predictions for the next day's SM. Data is scaled, a 
feature list is made, and splitting data is split into 
training and testing 75% by 25%. Feed the data into 
the trained models to obtain the predicted values. 
Models are tested for the dataset; metrics are 
calculated for evaluating models' performances. 
 
Model testing for prediction 
Model’s performances are evaluated by using metrics 
to measure how well they perform on a given task. 
These metrics can be used to compare different 
models or to track the performance of a model over 
time. 
 
 
Results 
Performance is evaluated by using metrics involving 
RMSE, MAE, MAPE, R2, Precision, recall, support, 
F1, and a confusion matrix is calculated. 
 
2.8 Algorithm for Proposed Model 
Algorithm: Stock Market Prediction using SA  
 
Step 1: Importing Libraries 
   - pandas, - re, - nltk, - sklearn, - matplotlib.pyplot, - 
numpy 
 
Step 2. Load the dataset from a CSV file:  
   - data = pd.read_csv("path/to/dataset.csv") 
 
Step 3. Extracting news and Sentiment Analysis  
   - extract news= API key for Dawn news 
   - date= end_date  
   - dawn_news_sentiment() 
 
Step 4. Preprocessing and feature extraction 

def preprocess_text(text): 
    # Implement your text preprocessing steps here 
(e.g., remove stopwords, punctuation, etc.) 
    return text 
def extract_features(texts,data): 
    vectorizer = TfidfVectorizer() 
    features = vectorizer.fit_transform(texts) 

return features 
 

Step 5. Training the LSTM model 
def build_rnn_model(input_shape, num_classes): 
    model = Sequential() 
    
model.add(Embedding(input_dim=input_shape[0], 
output_dim=input_shape[1])) 
    model.add(LSTM(128)) 
    model.add(Dense(num_classes, 
activation='softmax')) 
    model.compile(loss='categorical_crossentropy', 
optimizer='adam', metrics=['accuracy']) 
    return model 
 
Step 6. Training RF model 
def build_rf_model 
    rf_model = 
RandomForestRegressor(n_estimators=100, 
random_state=42) 
    rf_model.fit(train x, train y) 
    accuracy = accuracy_score(tested values, pred 
values) 

return model 
 

Step 7. Getting actual and predicted values  
Actual values = [...]   
Predicted values = [...]   
Actual_values = [preprocess_stock_data_closing 
prices] 
Predicted_values = [values_calculated] 
 
Step 8. Test the models 
test_data = [...]   
test_data = [preprocess_stock_data] 
test_features = extract_features(test_data) 
lstm_predictions = lstm_model.predict(test_features) 
rf_predictions = rf_model.predict(test_features) 
dt_predictions = 
dt_model.predict(test_features.toarray()) 
Step 9. Results and Metrics evaluation 
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mse = mean_squared_error(test data, pred data) 
    mae = mean_absolute_error(test data, pred data) 

mape = np.mean(np.abs((test_data – pred_data) 
/ test_data)) * 100 
 
3. Results and Discussion 
The proposed SMTP model is designed by applying 
SA, LSTM, and RF. After completion of the 
necessary processing and training of the dataset, all 
the models are assessed. In this work, all the models 
are evaluated in various ways by checking their 
accuracy, confusion matrix, recall, precision, F1-
score, and other metrics. 
 
3.1 Performance Evaluation of KSE100 
For the KSE100 dataset, the following metrics are 
calculated: 
 
Accuracy 
It is the ratio of the number of correct predictions to 
the total number of predictions made by the model. 
A higher accuracy value indicates better 
performance. 

 

Precision 
It is the ratio of the true positive predictions to the 
total number of positive predictions made by the 
model. A higher precision value indicates fewer false 
positive predictions. 

 
Recall 
It is the ratio of the true positive predictions to the 
total number of actual positive instances in the 
dataset. A higher recall value indicates fewer false 
negative predictions. 

 
F1 Score 
It is the harmonic mean of precision and recall. It 
provides a balanced measure between precision and 
recall and is a commonly used metric for imbalanced 
datasets. 

 
 

Table 3: Proposed Model Performance Metrics for KSE100 
Accuracy Precision Recall F1 score 

98.86% 70% 78% 95% 

 
Correlation Heatmap 
A correlation heat map is a visual representation of 
the correlation between different variables in a 
dataset. It uses a color-coded matrix to display the 
strength and direction of the relationships between 
pairs of variables. Positive correlations are typically 
represented by warmer colors (e.g., red), indicating 
that the variables move together in the same 
direction. Negative correlations are represented by 
cooler colors (e.g., blue), indicating that the variables 

move in opposite directions. The intensity of the 
colors reflects the magnitude of the correlation, with 
darker shades representing stronger correlations. 
Correlation heat maps are useful for identifying 
patterns, dependencies, and potential relationships 
between variables in complex data sets. Figure 5 
shows Correlation Heatmap of KSE100 
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Figure 5: Correlation Heatmap of KSE100 

 
 
 
 

 
3.2 Predicted values of KSE100 
For the KSE100 dataset, predicted values are as 
presented in Figure 6. 

 

 
Figure 6: Predicted values 

 
Augmented Dickey Fuller Test 
The Augmented Dickey Fuller (ADF) test is a 
statistical test used to determine whether a time 
series is stationary or not. A stationary time series is  

 
one whose statistical properties do not change over 
time. Figure 7 shows Dickey-Fuller Test for KSE100. 
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Figure 7: Dickey-Fuller Test for KSE100 

 
3.3 Metrics Evaluation 
RMSE 
Root Mean Square Error is a measure of the average 
error between predicted and actual values. It is 
calculated by taking the square root of the mean 
squared error. The lower the RMSE, the better the 
model is at predicting the actual values. 
 
MAE 
Mean Absolute Error is another measure of the 
average error between predicted and actual values. It 
is calculated by taking the absolute value of the mean 
difference between the predicted and actual values. 
The lower the MAE, the better the model is at 
predicting the actual values. 
 
MAPE 
Mean Absolute Percentage Error (MAPE) is a 
measure of the average error between predicted and 
actual values, expressed as a percentage of the actual  
 
 
 
 

 
value. It is calculated by taking the absolute value of 
the mean difference between the predicted and 
actual values, dividing by the actual value, and 
multiplying by 100%. The lower the MAPE, the 
better the model is at predicting the actual values. 
 
R2 
R-squared is a measure of the goodness of fit of a 
model. It is calculated by taking the square of the 
correlation coefficient between the predicted and 
actual values. The higher the R2, the better the 
model is at predicting the actual values. 
 
BACC 
Bias-corrected accuracy is a measure of the accuracy 
of a model. It is calculated by taking the mean of the 
true positive rate and the true negative rate. The 
more accurate the model, the higher the BACC will 
be. All of the above metrics are summarized in Table 
4. 
 
Figure 8 gives training and validation loss graph for 
KSE 100. 

Table 1: Metrics Evaluated for KSE100 
RMSE MAE MAPE R2 BACC 

33.19 1.01 0.75 0.99 0.80 
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Figure 8: Training and Validation Loss Performance 

 
3.4 Performance Evaluation for KOSPI200 

 

 
Figure 9: Correlation Heatmap of KOSPI200 

 

 
Figure 10: Predicted Values of KOSPI200 
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Figure 11: Predicted Graph 

 
 

 
Figure 12: ADF of KOSPI200 

 
 
 
 

 
3.5 Performance Evaluation for S&P500  
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Figure 13: S&P500 Correlation Heatmap 
 

 
Figure 14: Predicted Values 

 

 
Figure 2: Predicted Values Graph 

 
 

3.5 Performance Evaluation for SSE 
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Figure 3: Correlation Heatmap of SSE 

 

Figure 17: Training and Validation Loss for SSE 
 
3.6 Comparing Performances for all datasets 
In Table 4, all datasets performances are calculated and evaluated.  
 
Table 2: Comparing Performances for all datasets 
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4. Conclusion 
This study presents a research contribution by 
concentrating on next-day stock market predictions 
to overcome uncertainty and facilitate informed 
decision-making.  We suggested a model that  
integrates technical indicators and financial news 
data, utilizing long short-term memory (LSTM) and  
random forest (RF) to effectively capture temporal 
dynamics and manage extensive feature sets without  
overfitting.  The model, trained and assessed on data 
from the United States, China, Korea, and Pakistan 
with a distinct training and test set division, attained 
an accuracy of 98.86% for KSE100, demonstrating 
its practical applicability for forecasting next-day 
stock market performance.  These findings suggest 
that the methodology may serve as a significant asset 
for investors.  Future endeavors will broaden the 
framework to encompass additional markets and 
timeframes, enhance the incorporation of financial 
news data, and evaluate practical deployment factors, 
including transaction costs, risk management, and 
resilience during market regime transitions.  
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