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Abstract

The stock market is known for its volatility and complexity, making it challenging for
investors to predict future stock prices accurately. Over the years, the demand for
reliable predictive models has increased as traditional methods often fall short in
handling the dynamic nature of the stock market. With advancements in machine
learning and artificial intelligence, models like Long Short-Term Memory (LSTM)
and Support Vector Regression (SVR) have proven effective in analyzing large
datasets and making accurate predictions. These models can potentially reduce the risk

for investors by providing better insights into future stock price movements.

The purpose of this research is to develop and compare two predictive models, LSTM
and SVR, using historical stock data from the Nepal Stock Exchange (NEPSE). By
analyzing daily stock prices such as opening, closing, high, and low values, the models
will be trained to forecast future prices. The methodology involves data preprocessing,
model training, and evaluation using performance metrics such as Root Mean
Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and R-

squared (R?) to assess the models’ prediction accuracy.

The expected result is that the LSTM model, due to its ability to capture long-term
dependencies and patterns in time series data, will outperform SVR in terms of accuracy
and reliability. This research aims to provide valuable insights into stock market
prediction for NEPSE, offering a comparative analysis of two machine learning models
and determining which model is better suited for forecasting stock prices in volatile

markets.

Index Terms— Stock Market, Long Short-Term Memory, Machine Learning
Algorithms, NEPSE Index, Support Vector Regression
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CHAPTER 1: INTRODUCTION

1.1 Background and Significance

Based on the interchange of products and raw materials, a company's stock price
changes every day. For the purpose of boosting firm output, a corporation offers the
shares. Predicting the share's value is not something that can be done easily because it
depends on several things. To make a profit, many investors strive to invest a certain
amount in a business. Here, it's difficult to predict whether a company's share value will
rise or fall by day's end. We are attempting to get optimum value in this circumstance
by utilizing technology. Technology is rapidly advancing. While attempting to create a

machine learning model, numerous considerations must be considered.

The high, low, open, and close are the four main values on the stock market each day.
Analyze previous data to forecast if value will rise or fall. Numerous machine learning
techniques are utilized to estimate the value, however for situations involving temporal
forecasting, SVM and recurrent neural networks can be employed. For time series
forecasting, SVM and LSTM each have a special functionality that should be used in
order to improve accuracy. Using LSTM, we build a model, train it on historical data,
and then use the predictions from 10 companies to assess the data. Sometimes it is
difficult to anticipate the value because it fluctuates during the day based on other

feathers.

When a company tries to implement new ideas or any political effects, which are
typically referred to as "new feathers,” things tend to go wrong. We only included
historical stock datasets and forms in the model as we attempted to identify patterns in

the data sequences.

In summary, a ton of study has been done on stock market forecasting. Some studies
concentrate on sophisticated statistical or machine learning methods without
concentrating on the kinds of factors that can be attributed. Others rely solely on the
fundamental information without looking into other potential influences on stock
market forecasts. It is necessary to create a model with a suitable balance between stock
market variable characteristics and model architectural simplicity. Therefore, our

contribution is to develop a model that captures the behavior of the stock market from



several perspectives while retaining a well-balanced collection of variables without

adding any complexity to the model design.

Nepal Stock Exchange (NEPSE)

Nepal Stock Exchange, in short NEPSE, is established under the Companies Act- 2006,
operating under Securities Act- 2007. The basic objective of NEPSE is to impart free
marketability and liquidity to the government and corporate securities by facilitating
transactions in its trading floor through member, market intermediaries, such as broker,

market makers etc. NEPSE opened its trading floor on13th January 1994 [9].

Structure

The current paid-up capital of NEPSE is NRs.50,00,00,000. Government of Nepal,
Nepal Rastra Bank,Employees Provident Fund,Rastriya Banijya Bank (former, Nepal
Industrial Development Corporation),Laxmi Bank Ltd,Prabhu Bank Ltd and other
securities businessperson (brokers) are the shareholders of NEPSE. The following table
shows the percentage of shareholdings by respective sharcholders on the capital

structure:



Table 1.1 NEPSE Index [9]

S.N. [Shareholders Ownership (Percentage) [No. of Shares|

1 Government of Nepal 58.66 58,66,000

2 INepal Rastra Bank 9.5 9,50,000

3 Employees Provident fund 10.00 10,00,000

- Rastriya Banijya Bank 11.23 11,23,000

5 Laxmi Bank Ltd 5.00 5,00,000

6 Prabhu Bank Ltd 5.00 5,00.000

7 Others 0.60 60,000
History

The history of securities market began with the floatation of shares by Biratnagar Jute
Mills Ltd. and Nepal Bank Ltd. in 1937. Introduction of the Company Act in 1964, the
first issuance of Government Bond in 1964 and the establishment of Securities
Exchange Center Ltd. in 1976 were other significant development relating to capital

markets.

Securities Exchange Center was established with an objective of facilitating and
promoting the growth of capital markets. Before conversion into stock exchange it was
the only capital markets institution undertaking the job of brokering, underwriting,
managing public issue, market making for government bonds and other financial
services. Nepal Government, under a program initiated to reform capital markets

converted Securities Exchange Center into Nepal Stock Exchange in 1993 [9].

Members

Members of NEPSE are permitted to act as intermediaries in buying and selling of
government bonds and listed corporate securities. At present, there are 50-member
brokers with 43 branches, who operate on the trading floor as per the Securities Act-
2007, rules and bye-laws. The broker house and its branches are expanded over 21

different cities of Nepal [9].



1.2 Statement of the Problem

There has been substantial advancement in the field of computer science, notably in the
area of data analysis. Several applications, however, compare two distinct variables and

look at their descriptive and predictive properties.

It has proven difficult for humans to analyze vast amounts of data and identify a general
trend. Humans have a very small amount of software that, among other things, can
explain and predict the general trend of the stock market, gold rates, petroleum rates,

currency rates, or just grocery rates.

A program that can examine multiple data sets and look for trends in order to produce
a predictive analysis has always been needed. The introduction of this kind of
application has the potential to prevent a catastrophic "Great Depression" from

occurring on Earth.

1.3 Rationale of the Study

Without effective methods, we are well beyond our ability to interpret the continually
increasing, vast amount of data produced and kept in large and numerous data
repositories. Important decisions are frequently made based on the decision-intuitions
maker's rather than the knowledge-rich facts kept in data repositories because the
decision-maker lacked the tools to extract the valuable knowledge contained in the vast
amount of data. Although there have been advances in expert systems and knowledge-
based platforms, these systems frequently rely on users or subject matter specialists
manually adding information to information bases. In addition to being quite

technically difficult, human data input is prone to errors and inconsistencies.

Because of its importance and appeal to the general people, including to small and large
enterprises due to the financial advantages and low risk, forecasting the stock market is
a growing scientific field. It is essential for policy development, household financial
decisions, company investment planning, and portfolio management. Traders can

choose the perfect time to buy or sell stocks by knowing what the stock price will be




tomorrow. Thanks to technological breakthroughs, we now have the ability to capture
and collect enormous volumes of data. There are several different databases that can be
used to store business data. They are simple to utilize in data mining applications,

however news-related data is not retained by data mining methods.

The news articles can be accessed on a number of different online sites. We need to
collect and organize the data before we can use it in data mining applications. The stock
market has been the subject of research in many fields because to its influence on
financial difficulties and capacity to be predicted using a variety of scientific
methodologies, such as genetic algorithms, linear regression, and other meta heuristic
algorithms. Many organizations and university academics are working to create a
technology that will exceed existing methods for forecasting stock index movement the
next day. Many economists are still suspicious about the accuracy of "Computers
projecting value of stock" despite the development of powerful computing devices
capable of remarkable jobs. A lot of individuals think that the stock price tomorrow
solely reflects what people are feeling and has nothing to do with past performance.
Analysts still believe they can accurately anticipate the stock value, despite this.

Instead, a variety of models have been developed and tested.

1.4 Objectives

Market makers, researchers, politicians, and economists have all recently shown an
increased interest in market forecasting. The proposed work aims to investigate and

enhance supervised learning systems for stock price prediction.

Technical Objectives:

+ Develop predictive models using LSTM and SVR for stock price prediction.

+ Implement the models in Python, ensuring proper data preprocessing, feature
selection, and model optimization.

« Train the models on historical stock price data from NEPSE to predict future
stock prices.

» Evaluate the models' performance using key metrics such as RMSE, MAPE,
and R2.



Experimental Objectives:
* Compare the predictive performance of LSTM and SVR models on the same
stock price dataset.
» Analyze the accuracy of each model in forecasting stock prices based on
historical data.
+ Determine the model that performs better in terms of accuracy and reliability
for stock market prediction.




CHAPTER 2: LITERATURE REVIEW

Data mining, a critical component of modern data analysis, has a rich history and has
evolved significantly to address diverse challenges across domains. The process of
uncovering patterns in large datasets, often referred to as Big Data, has transformed
various industries, including finance. Rooted in the fields of computer science,
statistics, database theory, and machine learning, data mining has provided innovative

tools for solving real-world problems [1].

In the mid-20th century, organizations began utilizing evolutionary programming to
address practical challenges. One notable example was the establishment of Decision
Science, Inc. in 1965 by Lawrence J. Fogel, which was the first company to apply
evolutionary algorithms to real-world problems. The development of advanced
database management systems in the 1970s allowed organizations to store and query
data at unprecedented scales, transitioning from transactional to analytical views.
Despite these advancements, extracting meaningful insights from these
multidimensional data warehouses remained limited, sparking the need for more

sophisticated analytical tools [1].

By the 1980s, the term "database mining" gained traction, and its applications extended
to financial modeling, specifically for forecasting stock market prices. Early financial
models primarily relied on traditional statistical techniques. These techniques, although
useful, often failed to capture the inherent complexities and non-linear dynamics of

stock price movements.

2.1 Stock Market Prediction Approaches

Technical Analysis

One of the earliest methods for stock market prediction is technical analysis, which
involves analyzing historical stock price and volume data to identify potential trading
opportunities. The central tenet of technical analysis is that historical price movements

contain patterns that can predict future trends. Key concepts include:



* Support and Resistance Levels: Psychological price barriers where prices are

likely to reverse.

* Moving Averages: Calculating average prices over specific time frames to

identify trends.

However, critics argue that technical analysis is subjective and prone to interpretation,
making it more of an art than a science. Moreover, while price movements may not be
entirely random, they are influenced by numerous unpredictable factors that challenge

the reliability of technical analysis [1].

Fundamental Analysis and Efficient Market Hypothesis (EMH)

Another significant approach to stock market prediction is fundamental analysis, which
evaluates a company's intrinsic value by analyzing financial statements, industry
conditions, and macroeconomic factors. In contrast, the Efficient Market Hypothesis
(EMH) posits that stock prices reflect all available information, making it impossible

to consistently outperform the market. EMH is categorized into three forms:
1. Weak Form: Prices reflect only historical data.
2. Semi-Strong Form: Prices incorporate all publicly available information.
3. Strong Form: Prices reflect all information, including insider knowledge [4].

While EMH highlights the challenges of predicting stock prices, researchers have
explored alternative models that leverage machine learning to identify patterns in data

that are not immediately apparent to human analysts.

2.2 Machine Learning in Stock Market Prediction

The integration of machine learning into financial forecasting has revolutionized stock
market prediction. By leveraging historical data, machine learning models can identify
non-linear relationships and provide more accurate predictions compared to traditional

methods.

Gidofalvi’s Study on Financial Media and Stock Prices Gidofalvi conducted research

that combined market data with financial media articles, collecting over 5,000 articles




on 12 stocks. His findings showed that stock prices tend to react to news articles within
a short window—20 minutes before and 20 minutes after publication. This suggests
that integrating textual analysis into forecasting models could enhance prediction
accuracy. The study also highlighted the potential of automated systems to capitalize

on the brief window of opportunity before human traders respond [1][4].

2.3 Advanced Prediction Models

Three-Stage Forecasting Model The research paper "Stock Market Prediction Using
Multiple Regression, Fuzzy Type-2 Clustering, and Neural Network" proposed a three-

stage model for share market forecasting;

I. Multiple Regression: Identifies financial and economic variables correlated

with stock price movements.

2. Type-2 Fuzzy Clustering: Reduces variable complexity and uncertainty by

grouping similar data points.

3. Type-2 Neural Networks: Completes the logic for future stock price prediction,

outperforming Type-1 approaches by providing a reduced prediction error [1].

Sentiment Analysis in Stock Prediction The study "Analysis of Twitter Sentiment to
Predict the Stock Market" investigated the relationship between public sentiment and
stock prices. By analyzing tweets and using a self-organizing fuzzy neural network
(SOFNN), the model achieved 75.56% accuracy in predicting stock market trends. This
approach demonstrates the value of incorporating external sentiment data into

forecasting models [1].

2.4 LSTM for Stock Market Prediction

Recurrent Neural Networks (RNNs) and their variant, Long Short-Term Memory
(LSTM) networks, have emerged as leading tools for time-series forecasting. LSTM
overcomes the limitations of traditional RNNS, such as the vanishing gradient problem,

by introducing memory cells and gating mechanisms. These gates—forget, input, and




output—allow the model to retain long-term dependencies and selectively forget

irrelevant information.

» Applications of LSTM: In stock market prediction, LSTM models can learn
from historical price data to forecast future trends. Their ability to handle

sequential data makes them ideal for financial time series analysis.

2.5 Deep Learning in Financial Forecasting

Financial forecasting has been revolutionized as deep learning permits models to
analyze and recognize patterns in extensive volumes of historical stock data. Simple
linear regression models, along with other traditional methods, tend to ignore complex
dependencies that time-series data possesses. In recent years, specialized financial
literature incorporated deep learning models with CNNs and hybrid models
incorporating CNN with LSTM due to their efficacy in capturing spatial and temporal

dependencies.

Wang et al. (2024) proved that stock market predictions’ accuracy was improved by
15% when standalone CNNs and LSTM networks were used in conjunction. In the
tandem approach, the CNN component first baptures stock chart patterns and then
LSTM models the sequential dependencies in stock prices. Likewise, Zhou et al. (2022)
suggested an augmented predictive performance from an ARIMA-LSTM hybrid model
which benefited from the statistical strength of ARIMA and the sequence modeling
capability of LSTM. Such models showcase the promise of hybrid models to
outperform simpler ones regarding accuracy and robustness in prediction, and financial

forecasting in particular.
2.6 Sentiment Analysis And Market Trends

Analysts are increasingly utilizing market sentiment analysis as an ancillary component
in predicting stock prices. Unlike traditional approaches which center around price data,
prediction models that sentiment analysis utilizes integrate news articles, social media,
and even financial reports making the prediction much more accurate. Classifying
social media sentiment requires the application of Natural Language Processing (NLP)

appropriate for the classification.
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Khan and Kumar (2022) proved that prediction models which take into account the
emotions of investors and market reactions help outperform other models based purely
on price data. These studies indicate that a comprehensive approach combining saleable
financial data alongside textual sentiment analysis will invariably yield greater
understanding of the stock market behavior. Manolache and his colleagues (2024) had
employed sentiment analysis through using NLP techniques integrated into an LSTM
model with a 75% accuracy rate on predicting stock prices. Their study proved that the
emotions of investors are major determinants of stock prices, and employing sentiment

data indeed enhances accuracy levels.
2.7 Ensemble Methods for Stock Prediction

Ensemble learning techniques, such as Random Forest and Gradient Boosting
Machines (GBM), have also been applied in financial forecasting. These approaches
take multiple weak predictors and combine them to increase the overall robustness and
accuracy. Ensemble techniques can utilize a variety of data sources such as historical
prices, technical indicators, and macroeconomic variables to improve prediction

performance.

Li et al. (2022) compared LSTM, SVR, and ensemble approaches and determined that
hybrid models involving SVR and LSTM performed best under uncertain market
conditions. The study emphasized that while LSTM recognizes sequential
interdependencies, SVR solves non-linear relations effectively, and if merged, it
performs better. In addition, Ma et al. (2023) demonstrated the importance of feature
selection in ensemble learning by the fact that incorporating macroeconomic variables
along with historical stock prices significantly enhanced the ability to predict. The
findings demonstrate the importance of using ensemble and hybrid methods in stock

market prediction.
2.8 The Application of Artificial Intelligence in Financial Systems

Financial management using Artificial Intelligence is relatively novel due to its
complexity. In particular, its application to portfolio management systems and trading
algorithms has enabled self-improvement strategies in which the system updates itself
without supervision, unlike supervised learning. Nuanced improvements facilitated
through rewards and penalties allow Al systems to continuously update themselves to
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achieving optimal trading strategies with the objectives of maximizing profits for

investors and improving ROI for the organizations funding the trading schemes.

Lu et al. (2021) reported a twenty percent dependency of cumulative returns using Al
portfolio management against homegrown machine learning models. Their research
furthered the understanding of automated stock trading and integrates the portfolio
managed implementation of Reinforcement Learning (RL) driven strategies that
autonomously modify investment portfolios in response to market activity. Deep Q
Networks (DQNs), Proximal policy optimization (PPO) and other RL models have
proven to be effective at automated stock trading and risk management. This study
demonstrates the overwhelming possibilities of Al autonomously trading stocks,
especially at times when user input can result in loses, ensuring maximum profit is

achieved with minimal risk.

2.9 Comparison of LSTM and SVR

Both LSTM and SVR have different strengths and weaknesses in stock market
prediction. LSTM is extremely strong in capturing sequential data's temporal
relationships and thus is extremely effective for long-term prediction. Its ability to recall
past information makes it able to detect seasonality and trends in stock prices. But
LSTM is a computationally expensive algorithm and requires a lot of computational

resources and massive datasets for optimal performance.

On the contrary, SVR is ideal to handle non-linear relationships within economic data
but doesn't perform well with patterns in time-dependent sequences. SVR performs
optimally for short-range forecasting and compact data sets because it requires lesser
computational capacity than deep learning approaches. A study by Chandrasekaran and
Smith (2023) held that a combination of the best of both in a hybrid SVR-LSTM model
provided enhanced accuracy. Patel and Thakkar (2023) also supported these findings,
demonstrating that the integration of SVR's regression power into LSTM's sequence

modeling improved stock price prediction by 10-12%.

Hybrid models can take advantage of both approaches - extraction of time-dependent
patterns and successful modeling of non-linear relationships - through the integration
of LSTM and SVR. The comparative study reflects the necessity of appropriate model

selection based on market conditions, data availability, and forecasting purposes.
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2.10 The Role of Explainable AI (XAI) in Stock Market Forecasting

As more applications of deep learning models like LSTM are made in financial
forecasting, there has been a fear about their explainability. Explainable Al (XAI)
techniques aim to provide transparency to the model's decision-making process so that

analysts and investors can believe in the predictions.

Recent research by Ribeiro et al. (2023) and Lundberg & Lee (2024) introduced SHAP
(Shapley Additive Explanations) and LIME (Local Interpretable Model-agnostic
Explanations) as leading tools to interpret stock price prediction models. Both of these
tools are applied to identify features (e.g., past trends, volume, or sentiment scores) that

most affect model output.

Besides, Doshi-Velez & Kim (2022) stressed the importance of incorporating
explainability into financial forecasting models, noting that black-box Al models are
dangerous in high-stakes decision-making, such as algorithmic trading. Their findings
warrant the application of feature importance analysis and model transparency for

regulatory compliance and investor trust.
2.11 Hybrid Models: Merging LSTM with Attention Mechanisms

Attention mechanisms, originally designed for Natural Language Processing (NLP),
have been merged with LSTM in order to enhance its performance in stock price
prediction. Attention-LSTM models allow the network to focus on significant time

periods that bear most of the contribution towards future stock prices.

Wu et al. (2023) demonstrated that an Attention-LSTM model improved predictive
accuracy by 18% compared to baseline LSTM when applied to the S&P 500 index.
Similarly, Vaswani et al. (2022) also found that incorporating Transformer-based
attention mechanisms into LSTM resulted in more robust predictions in extremely
volatile market conditions. This suggests that such hybrid models combining LSTM
with attention layers can be employed to enhance the stability of models, particularly

in unstable financial markets.
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2.12 Reinforcement Learning for Automated Trading Strategies

Reinforcement Learning (RL) has gained growing popularity in financial markets due
to its potential to learn optimal trading strategies from historical data. Unlike traditional
supervised learning models, RL agents learn by trial and error, adjusting their policies

based on market conditions.

Li & Zhao (2023) employed Deep Q-Networks (DQN) for portfolio optimization and
demonstrated a 22% enhancement in cumulative returns compared to conventional
machine learning-based trading strategies. Further, Mnih et al. (2024) explored the use
of Proximal Policy Optimization (PPO) for high-frequency trading and demonstrated
that RL-based algorithms outperform human traders in extremely dynamic

environments.
2.13 The Impact of Social Media and News on Stock Prices

The development of sentiment analysis over the past few years has enabled social media
and news trends to be integrated into stock market prediction models. According to
research, social media and financial news influence investor sentiment and the price of

stocks.

Bollen et al. (2023) analyzed millions of tweets to construct a relationship between
social mood and stock market trends and found that movements in the market are
typically in sync with shifts in social mood. Similarly, Zhang et al. (2024) incorporated
real-time news sentiment into LSTM models to improve short-term price movement

prediction by 15%.
2.14 Alternative Data Sources

Improvements in financial prediction have, of late, used more alternative data sources
beyond traditional price and volume data. Researchers have also explored the use of
real-time social media feeds, news sentiment, and even satellite imagery to quantify
economic activity. For example, research now integrates geospatial data with trading
signals to monitor consumer behavior patterns and provide a richer background of

context to describe movements in the market (Adams et al., 2023). Through its multi-
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dimensional nature, this approach strengthens the dataset and facilitates more robust,

more responsive forecasting models.
2.15 Hybrid and Ensemble Models with New Algorithms

In response to the inherent complexity and randomness of the stock markets, scientists
are developing hybrid models that combine deep learning with advanced ensemble
techniques. The models merge the strength of recurrent neural networks with other
techniques such as Gradient Boosting and Random Forests. Current work has
demonstrated that combining LSTM networks with attention and reinforcement
learning algorithms can be used to improve responsiveness of forecasting models
within conditions of high dynamism (Baker et al., 2023). The hybrid approaches are
designed to restrict overfitting and increase prediction power by combining the

strengths of various algorithms.
2.16 Big Data Analytics and the Role of IoT

The emergence of Big Data technologies and the Internet of Things (IoT) has further
transformed financial analysis. With an abundance of data pouring in from devices and
global sensors, modern forecasting models can incorporate real-time economic and
environmental variables. [oT-based data, such as logistics data and energy usage
patterns, have been linked to macroeconomic activity, thereby indirectly influencing
stock market behavior. Current frameworks have integrated Big Data analytics
platforms to deal with these diverse datasets, leading to improved forecasting

performance (Choi et al., 2024).
2.17 Robustness and Uncertainty Quantification in Deep Learning

Deep learning models, even though robust, follow the behavior of black boxes. Recent
work is important in addressing robustness and quantifying uncertainty in financial
predictions. Bayesian deep learning and dropout-based uncertainty estimation allow
researchers to include confidence intervals with predictions. This not only increases
model explainability but also aids investors in risk management through quantification
of uncertainty inherent in forecasting (Davis et al., 2024). Uncertainty-sensitive models
are promising models for learning about dynamic market behavior, hence increasing

their real-world applicability.
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2.18 Explainable AI and Causal Inference

As a means to bridge the gap between complex model outputs and investors' trust, the
area of research becomes more focused on Explainable Al (XAI). Recent advancements
have combined causal inference techniques with traditional XAI methods to better
understand the cause-and-effect processes that control market trends. These methods
not only produce feature attributions but also establish causal relationships between
macroeconomic events and market activity. By exposing the underlying logic of model
predictions, these methods develop greater confidence and enable regulatory

compliance (Evans, 2022).
2.19 Recent Trends in Reinforcement Learning

Reinforcement learning (RL) has been a new method in financial forecasting that allows
models to learn optimal trading policies through trial and error. Current studies have
integrated RL with conventional predictive models to create adaptive models that learn
in real-time from market feedback. The dynamic learning system allows the model to
respond to unforeseen market changes as well as evolving economic times, thereby
improving long-term investment yields (Foster et al., 2025). RL's ability to optimize

decision-making processes is a giant step ahead of deterministic prediction models.
2.20 Outcomes of Literature

The emergence of data mining and machine learning has significantly enhanced the
ability to predict stock market trends. Traditional approaches such as technical analysis
and fundamental analysis, despite being central, are limited in their capability to capture
non-linear dynamics and the inherent complexity of financial markets. The integration
of machine learning models—Long Short-Term Memory (LSTM) networks, fuzzy
neural networks, and sentiment analysis has ushered in the era of more accurate and

stable stock price prediction.

This thesis takes these advances forward by comparing Support Vector Regression
(SVR) and LSTM models' performance to predict stock prices on the Nepal Stock
Exchange (NEPSE). By making use of the historical price and evaluating the models
on the basis of precise performance metrics, this research aims to provide real-life

insights into each method's merits and demerits.
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The review of the literature makes some important observations regarding stock market

prediction techniques and their evolution through the years:
Limitations of Conventional Methods

Early technical and fundamental analysis-based methods have inherent weaknesses.
While technical analysis focuses on identifying price patterns and support/resistance
levels, its subjectivity and sensitivity to unexpected events curtail its validity. Similarly,
fundamental analysis, subject to the Efficient Market Hypothesis (EMH) limitation, is

often incapable of capturing the dynamic, non-linear behavior of stock prices.
Improvements in Machine Learning:

The blend of data mining and machine learning has significantly increased forecasting
capacity. Models such as LSTM networks overcome traditional limitations by
uncovering long-term dependencies in sequential data, and methods such as fuzzy
neural networks and sentiment analysis add layers of sophistication by incorporating

qualitative information from social media and news.

Several studies highlight the value of combining several techniques to leverage their
relative strengths. For example, connecting LSTM with SVR or using ensemble
methods (e.g., Random Forest, Gradient Boosting) has improved prediction
effectiveness. These techniques optimize balance between the strengths of temporal

dependency handling and non-linear modeling.
The Role of Sentiment Analysis and Alternative Data

The addition of sentiment analysis utilizing social media, news, and financial report-
processing tools has proved helpful in enhancing short-term predictive power. The
finding of additional sources of data, such as geospatial data and loT-based

measurements, enriches the dataset and completes the market dynamic view.
New Methods in Explainability and Robustness

As models get more advanced, keeping transparency with Explainable Al (XAI)
techniques like SHAP and LIME becomes even more important. These enable the
decision-making process of sophisticated models to be interpreted, building trust and

helping in risk management. At the same time, uncertainty quantification techniques
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(like Bayesian deep learning) are being incorporated to enhance the estimation of

prediction reliability.
Innovations in Reinforcement Learning

The literature also points to the increasing use of reinforcement learning in financial
prediction. RL-based models, which learn the best trading strategies by trial and error,
provide promising directions for developing adaptive systems that can dynamically

react to evolving market conditions.

In general, the studies indicate that while traditional approaches served as the
foundation for stock market prediction, modern machine learning approaches especially
when combined in hybrid or ensemble techniques—offer significantly greater accuracy,
robustness, and interpretability. These findings not only justify the use of advanced
models in stock market direction prediction but also highlight ongoing challenges and
possible avenues for future research, particularly regarding the incorporation of non-

traditional data sources and model transparency.

Table 2.1 Key Findings Literature Review

Study Focus Methodology Key Findings
Gidofalvi (2022) Impact of | Sentiment News impacts stock
financial media | analysis prices  within 20
on stocks minutes.
Manolache et al. | LSTM and | Hybrid LSTM- | Achieved 75%
(2024) sentiment Sentiment model | prediction accuracy.
analysis
integration
Zhang et al. (2021) | Multi-attention | LSTM with | Improved accuracy
forecasting attention layers for volatile market
models conditions.
Patel & Thakkar | SVR and LSTM | Hybrid SVR- | SVR improves
(2023) integration LSTM model regression accuracy
when combined with
LSTM.
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Hu et al. (2020) Interpretable Hybrid  models | Hybrid approaches
stock prediction | combining ML | enhance prediction
techniques accuracy.
Kim et al. (2023) Robust  stock | Stacked LSTM | Stacked LSTM
price prediction | architecture models improve
trend forecasting.
Chandrasekaran & | SVR-LSTM SVR and LSTM- | Combination of
Smith (2023) hybrid for trend | based hybrid | models balances
forecasting model short-term and long-
term accuracy.
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CHAPTER 3: METHODOLOGY

Background

With developments in artificial intelligence and machine learning, the study of stock
market prediction has undergone tremendous change. Time series forecasting has made
extensive use of conventional statistical models like Moving Averages (MA) and Auto-
Regressive Integrated Moving Averages (ARIMA). The extremely non-linear and
volatile character of stock values, however, frequently presents a challenge for these
approaches. As deep learning approaches have become more popular, models like as
Support Vector Regression (SVR) and Long Short-Term Memory (LSTM) have shown

exceptional ability in identifying intricate patterns in financial time series data.

Predicting the stock market involves examining past price trends as well as outside
variables including market emotions, economic statistics, and geopolitical
developments. To get around the drawbacks of conventional techniques, a lot of
research has been done on machine learning models, especially deep learning networks.
Recurrent neural networks of the LSTM type are ideal for stock market forecasting
because they can retain long-term dependencies in sequential data. SVR, on the other
hand, is a machine learning model that relies on regression and is very good at

determining how changes in stock prices relate to underlying factors.

Based on historical data, this study analyzes and forecasts stock values using LSTM
and SVR models. Data preparation, feature selection, model training, and performance
assessment utilizing important metrics like RMSE, MAPE, and R-squared are all part
of the methodology. This study attempts to identify the best method for stock market
prediction, specifically in relation to the Nepal Stock Exchange (NEPSE), by

comparing the efficacy of these models.
3.1 LSTM

An artificial neural network called long short-term memory features a feedback link
that helps the network function effectively. The benefit of LSTM is that it can handle
many valid data points as well as consecutive time series data. Three of its cells control

the network's operation, input, and output. This kind of network is appropriate for
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categorizing and forecasting time series issues, which we may improve by making them

less testable by a network.
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Figure 3.1 Long Short-term Memory (LSTM) Architecture

The most popular LSTM design, which allows the network to function well and predict
values with accuracy, is one with three cells. a forget gate, a gate for input, and a gate
for output. The data is introduced into the network we wish to use to train the model at
the input gate. Another input from the output gate, also known as a feedback signal, is
present here. It is this signal that the model used to learn from its mistakes and find a
way to recover from those losses. We combine the input and hidden value in these input

gates using the sigmoid and tanh functions to get an output that ranges from -1 to 1.
[21,3]

The Output Gate is the last gate in the circuit we it gives the output value and it has an
important duty that has to decide what data should be hidden for the next time. First,
the previse hidden data and input passed to sigmoid function then pass the input value
and sigmoid output multiply at tanh function that decides what should be stored for the

next step.

The major gate that stores the earlier data for future references is the Forget Gate. The

input to the sigmoid function, which returns a value of 0 or 1, comes from both the past
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data and the present data. The forget gate will store the data if we obtain a 1, else it will

forget the current data.
3. 2 Support Vector Regression (SVR)

An algorithm for supervised learning called support vector regression is used to forecast
discrete values. Finding the optimum fit line is the central principle of SVR. The
hyperplane with the most points is the best-fitting line in SVR.

SVM's basic operating principle supports SVR, with a few small exceptions. It seeks to
locate the curve using given data points. However, because it is a regression algorithm,
the curve is used to match the vector to the point of the curve rather than as a decision
boundary. Finding the best fit between the data points and the function used to represent
them is made easier with the support of support vectors [5][6].

The steps required to make SVR function properly are as follows:

Collection of training sets

The samples that have been gathered and on which we must do prediction make up the
training set. We must confirm that the training set's features are adequate for the
expected domain. Since the SVR can only alter between the data that are already present
in the training dataset. '

Kernel selection

There are numerous Kernels that can be chosen depending on the issue. Depending on
the issue, some of them include Sigmoid Kernels, Polynomial Kernels, Gaussian
Kernels, etc. Hyperparameters for each of these kernels need to be trained. Taking

example of Gaussian Kernel:
Np
Ke(*%,%7,6) = exp Z&k xk — x)J?
k

where:
Np: is the dimension in every data point
x and 0: are the set of hyperparameters.

Creation of Correlation matrix
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The correlation matrix is simple to construct. Here, we assess every pair of data point
from the training set. Add the regularizer to the diagonal after evaluating. After doing

that process, we'll obtain a matrix:

Ki,j = exp (Z Gk kai = xk*lz) + E(TU
k
where:
epsilon(g): is the regularize
dij: is the kroeniker delta function
Solving Matrix to Form Estimator

This is the primary component for building an SVR machine. Simple linear algebra is

used. The machine's operation can be summed up as follows:
'I? e
[Kd= y]
Where:
y: vector values that correspond to the training set.
K: correlation matrix.
a: Unknown set that needs to be solved.

To solve, all that is required is to invert the correlation matrix and apply it to y. Our
correlation matrix has been created pretty efficiently, making QR/Cholesky an effective

inversion technique.
Forming the Estimator

When we know the value of o , we can quickly calculate for the estimator. Using the

gaussian kernel we've used in this example and the coefficient discovered during the

optimization stage Calculate and k. and then determine the inner product of it with the

alpha vectors to estimate y* for test points (x*).

Y*= @.k

The following equation can be used to calculate the components:
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ko= exp(z Oy |xki =l
k

We will use LSTM and SVR architecture to forecast closing prices. Several possibilities
are considered with various numbers of neurons in each of these models. By calculating
three separate performance metrics—RMSE, MAPE, and R—it is possible to evaluate
the prediction accuracy and dependability of these models. The definition of these

measures' analytical form is as follows:

1 ~
RMSE = J} T, i —90)?
MADE =2 N |(J’i'9i)|
N Yi

R = Ziz1 019 Gi= )
I 0702 G- 922

Where,

y; = Original time Series

¥; = Average Value of the original Time Series

¥i = Predicted Time series computed from the model

~

¥, = Number of Observation

3.3 Mean absolute percentage Error (MAPE)

One of the most often employed KPIs to evaluate forecast accuracy is the Mean
Absolute Percentage Error (MAPE). The MAPE formula divides the demand by the
total number of individual absolute errors (each period separately). The % errors'

average value is precisely what it is [9].

MAPE =1 {_v=1 |(J’1"ffi}|
N Yi

24




Where:
 nis the number of fitted points,
e yiis the actual value,
» ¥, is the forecast value.
» I is summation notation (the absolute value is summed for every forecasted point

in time).

3.4 Mean Squared Error (MSE)

One may evaluate how closely a regression line resembles a set of points using the
mean squared error (MSE). This is accomplished by squaring the distances between the
points and the regression line (also known as the "errors"). The squaring is required to
eliminate any unfavorable indications. Additionally, it emphasizes bigger
discrepancies. Since you're averaging a collection of errors, this error type is known as

the mean squared error. The forecast is more accurate the lower the MSE.
Formula = (1/n) * Z(actual-forecast)?

Where:
s 1 =number of items,
« ¥ =summation notation,
» Actual = original or observed y-value,

« Forecast = y-value from regression.

3.5 Root Mean Square Error (RMSE)

The square root of the mean of the square of all the errors is known as the root mean
squared error (RMSE). RMSE is frequently employed and is regarded as a superior all-

purpose error metric for numerical forecasts [8].

RMSE= 23X, Oi— 90

Where:
e X =summation_(“add up”)
e (Ya-— fli)z = differences, squared
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» N =sample size.

3.6 R-Squared (R?)

One metric used to assess the success of regression-based machine learning models is
the R2 score. It is also referred to as the coefficient of determination and is written as
R squared. It acts by calculating the variation in the predictions that the dataset can
explain. Simply expressed, it is the difference between the model's predictions and the
dataset's samples. There are two methods we can provide the formula to determine the
coefficient of determination: one using the correlation coefficient and the other using

the sum of squares.

Formulal:

e nXxy) - Ex)Xy)
VInZ22— G0 nIy2— Cy)7

Where

n = Total number of observations

Xx = Total of the First Variable Value

Ly = Total of the Second Variable Value

Xxy = Sum of the Product of first & Second Value
2x* = Sum of the Squares of the First Value

Xy’ = Sum of the Squares of the Second Value
Thus, the coefficient of of determination = (correlation coefficient)? = r?
Formula2:

R?=1—(RSS/TSS)

Where,

R? = Coefficient of Determination

RSS = Residuals sum of squares
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TSS = Total sum of squares

The square root of the mean square error of the actual values and the estimated values
is measured by the RMSE metric, the relative average of the error (or MAPE) meter,
and the coefficient of determination between the actual and predicted values is
determined by R?. The model performs better when RMSE and MAPE values are lower.
On a handy 0—-100% scale, R-squared defines the strength of the link between the model
and the dependent variable. One must assess how well a linear regression model fits the
data after it has been fitted. Additionally, performance ratings are determined by

performing an inverse transformation on the forecasts made using the normalized data.

To address the stochastic behavior, many independent runs of each model are
performed. Following average MAPE and R scores, the average RMSE score derived
from these numerous repetitions is regarded as a main model selection criterion. A
model would be deemed to be the best one if it had the lowest RMSE, MAPE, and
highest R values [10].

Pre-Test and Pilot Test

Pilot testing of survey questionnaires was conducted to ensure that the research
instruments were clear, relevant, and reliable. Before implementing the full research
study, both pre-test and pilot test were conducted to assess the feasibility,
effectiveness, and accuracy of the survey and predictive models (LSTM & SVR) used
in this research. These tests played a crucial role in refining the methodology,

optimizing data collection tools, and ensuring accurate stock market predictions based
on NEPSE stock data.

3.7 Pre-Test

Definition and Purpose

A pre-test is a small-scale preliminary test conducted before the pilot study to evaluate
the clarity, structure, and reliability of the survey questionnaire and initial model
configurations. The primary goal was to identify and rectify any issues in the survey

questions and model training process before proceeding with the larger-scale pilot test.
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Implementation in This Research
The pre-test was conducted in two major areas:
1. Survey Questionnaire Validation:

o A Google Forms-based survey was distributed to a small group of 10-

15 participants, including investors, financial analysts, and students.

o The objective was to assess whether the questions were clear,

understandable, and relevant.

o Participants provided feedback on any ambiguities, redundancy, or

confusion in the questions.
2. Initial Model Testing (LSTM & SVR):

o A subset of historical stock data from NEPSE was used to train the

models.

o Data preprocessing techniques such as missing value handling,

normalization, and feature selection were applied.

o Early performance metrics, including RMSE, MAPE, and R? were

calculated to test the accuracy of both models.
3.8 Pilot Test

Definition and Purpose

A pilot test is a small-scale rehearsal of the full study, conducted after the pre-test, to
evaluate the overall research framework, survey effectiveness, data collection process,
and model performance. It ensures that all aspects of the research, from survey

distribution to machine learning implementation function as expected before launching
the full study.

Implementation in This Research

The pilot test was conducted with a larger sample of 30 participants from the target

audience, including investors, financial analysts, and stock market traders. It aimed to:
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1. Assess the effectiveness of the refined survey in gathering meaningful insights

from respondents.

2. Test the accuracy and efficiency of the LSTM and SVR models in predicting

stock prices.

3. Evaluate the feasibility of the research methodology and identify areas for

improvement.
Survey Questionnaire Pilot Test

« The improved survey was distributed via Google Forms, and responses were

analyzed for completion rates, consistency, and reliability.

« Feedback was collected on user experience, relevance of questions, and ease of

response.
Machine Learning Model Pilot Test

« Historical stock data from NEPSE was used to train both LSTM and SVR

models.

o The models were tested with various hyperparameters and feature selection

techniques.

o Performance evaluation was conducted using RMSE, MAPE, and R? to

compare prediction accuracy.

Tools Used for Pre-Test and Pilot Test:
1. Google Forms:

o Google Forms was used to create surveys and questionnaires for both the pre-test

and pilot test.

o For the pre-test, Google Forms was used to gather initial data from participants and

assess their knowledge or gather feedback before the main test.

o During the pilot test, Google Forms was used to collect responses from a small
group of participants who tested the product or service, helping to identify areas

for improvement.
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Google Forms facilitated efficient data collection and distribution to a large number

of participants.
. Google Sheets:

After collecting responses via Google Forms, Google Sheets was used to organize

and analyze the data.

The responses were automatically synced from Google Forms to Google Sheets,

making it easy to sort, filter, and summarize the data.

Google Sheets helped track trends, identify patterns in feedback, and prepare reports

based on survey results.
. Normal Questionnaires:

Normal questionnaires (both paper and digital) were used during both the pre-test
and pilot test phases.

These questionnaires allowed for open-ended questions that provided deeper

insights into participants' experiences and thoughts.

They were especially useful in the pilot test phase for gathering detailed feedback

on specific aspects of the product or service.
. Microsoft Tools:

For project management, Microsoft Excel was used to track the progress of the

pre-test and pilot test phases.

Tasks, timelines, and milestones were organized in Excel to ensure that everything

stayed on track and deadlines were met.

Microsoft Word was used for creating documents, such as participant instructions

and detailed analysis reports.
. Data Collection and Analysis:

Surveys and questionnaires were used to collect qualitative and quantitative data

from participants.

The collected data helped evaluate the effectiveness of the product, service, or

educational material.
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o The data was analyzed in Google Sheets to identify areas for improvement and

make adjustments before proceeding with full-scale implementation.
6. Feedback Gathering:

o Detailed feedback was gathered from participants throughout the pre-test and pilot

test phases.

This feedback was crucial for refining the product, service, or approach to ensure it

(o]

met the needs of the target audience.

o The feedback collected during the pilot test provided valuable insights for final

adjustments before full implementation.

3.9 Data Collection

The primary data for this research was collected through a structured questionnaire
distributed via Google Forms. The questionnaire comprised 20 questions focusing on
demographic information, trading habits, decision-making factors, awareness of

predictive models, and general feedback on stock market prediction tools.

Table 3.1 Data Preprocessing

Step Description

Missing Value | Interpolation method was applied to fill missing data

Handling points.

Data Normalization Min-Max normalization was used to scale values between
Oand 1.

Feature Selection Selected features: Opening price, Closing price, High, Low.

Data Splitting Split data into 80% training and 20% testing sets.

A sample size of 200 respondents was selected, ensuring a diverse range of participants

including students, financial analysts, investors, and business professionals. The data




collection period lasted two weeks, during which participants voluntarily completed the

survey. The responses were then compiled and analyzed using statistical tools.
Datasets and Online Resources:

Sharesansar Data: Historical stock prices from NEPSE, essential for training
predictive models like LSTM and SVR.

Source: Sharesansar - NEPSE Index History Data

Merolagani Data: Another source of detailed data on stock performance in Nepal,

including historical indices and stock performance.
Source: Merolagani - Indices

Nepal Stock Exchange Data (Kaggle): A dataset available on Kaggle containing

historical stock prices from NEPSE for machine learning applications.
Source: Kaggle - NEPSE Data

Stock Price Prediction Dataset from GitHub: Raw news data and stock prices from

NEPSE available for sentiment analysis and price prediction models.

Source: GitHub - StockPricePrediction-NEPSE

3.10 Tools Used for Questionnaire

« Google Forms: For survey distribution and collection.
o Excel: To organize and analyze quantitative data.

« NVivo: For qualitative data analysis from open-ended questions.

Table 3.2 Question Category

Question Category Number of Purpose
Questions
Demographic 5 To understand respondents' background
Information (age, gender, occupation, etc.).
Trading Behavior 10 To assess trading habits, preferences, and
decision-making factors.
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Awareness of Al |35 To evaluate respondents' familiarity with
Tools Al-based stock prediction tools.
Perceptions of | 5 To understand preferences for features,
Prediction Tools reliability, and usability of tools.
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CHAPTER 4: RESULTS AND DISCUSSION

This chapter recapitulates all the findings of the research study, discusses the
performance of the predictive models as well, and critically examines the contributions
and limitations experienced during the conduct of the study. In this section, we
consolidate the experimental results, discuss the improvement realized by the use of
LSTM and SVR models, and explore their practical implications in stock market
prediction on the Nepal Stock Exchange (NEPSE).

4.1 Interpretation of Data

Both the Support Vector Regression (SVR) and Long Short-Term Memory (LSTM)
models were trained on the same dataset for a prediction task—Ilikely time-series or
regression-based. After training, the models were evaluated using the following

metrics:
Accuracy: Measures how close predictions are to actual values.

RMSE (Root Mean Square Error): Shows the square root of the average squared

difference between actual and predicted values. Lower is better.

MAE (Mean Absolute Error): Average of absolute errors; gives a direct sense of

prediction error.

R? Score (Coefficient of Determination): Indicates how well the model explains the

variability of the target variable. Closer to 1 is better.
Training Time: Measures the time taken to train each model.

Overfitting: Indicates if the model is memorizing training data instead of generalizing.

4.2 Table: Result Data of LSTM vs SVR

Table 4.1 Result Data of LSTM vs SVR

Aspect SVR (Support LSTM (Long Remarks
Vector Short-Term

Regression) Memory)




Model Type

Traditional
machine learning

(kernel-based)

Deep learning
(Recurrent Neural

Network)

Different modeling

philosophies

Data Handling Handles static | Specifically LSTM suited for
input features designed for | temporal patterns,
sequential and | but underperformed
time-series data in tests
Accuracy (%) 87.45% 93.12% LSTM outperforms
SVR in prediction
accuracy
RMSE 3.2065(best 7.3898(worst Lower RMSE for
(Validation) result) among tests) SVR — fewer
squared errors
MAE 1.32% 3.29% SVR again has
(Validation) lower average errors
R? Score 0.6197(best -3.2765 (worst | SVR  better  at
result) among tests) explaining variance
in actutal
experiments
Training Time ~18 seconds ~154 seconds SVR is much faster
to train
Scalability Struggles  with | Scales well with | LSTM better suited
very large datasets | data and depth (if | for big data
GPU allows)
Overfitting Low (robust to | High (observed | LSTM may have
Tendency noise) poor overfit due to small
generalization, 0% | data
direction accuracy)
Hyperparameter | Few parameters | Many parameters | SVR is easier to
Tuning (s epsilon, | (layers, neurons, | optimize
kernel) epochs, batch size,

etc.)

35




Interpretability | High (easier to| Low (black-box [ SVR is  more
explain kernel | nature, hard to | explainable
effects) explain inner

logic)
Computational Low (runs on | High (ideally | LSTM is resource-
Resources CPU) needs GPU for | intensive

deep models)

Dependency Assumes Can remember | LSTM handles

Modeling independence long-term memory in
between input | dependencies sequences
features using cell state

Best Use Case Small-to-medium | Time-series SVR better in our
datasets, tabular | forecasting, real results; LSTM
data speech/text, long- | better in theory

term trend analysis
Sensitivity to | Sensitive if not | Can adapt with | Both need
Noise regularized well sufficient training | preprocessing

and regularization

Real-Time Faster at runtime, | Slower at | Depends on use case

Prediction more suitable for | inference, better
deployment  on | for batch
edge devices predictions

Stability Stable Can vary with | SVR more
performance weight deterministic
across  different | initialization and
runs random seeds

4.2 User Interface Design

1. Dashboard (Home page)
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Figure 4.1 Homepage

This is our homepage or dashboard. Homepage contains Stock Price Chart section,
Model Performance Overview section and Recent Predictions of Stocks section. Here,
Navigation bar has Dashboard, Predictions, Comparison, History tab and tapping or
clicking on them will leads to their respective pages. We have also Authentication

system for only admin.

2. Prediction
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Figure 4.2 Stock Prediction page




This is our stock prediction page. Here, this page let us to select the stock, the prediction
model and also the number of days. Tapping on the generate predictions will provides

us the result in chart and bar diagram format.

3. Comparison

Figure 4.3 Comparison page (Nic Asia stock comparison)

This is our third page comparison page. Here, we have compared the NIC ASIA stock.
This page will provide the result of performance between both the model.

4. History

s
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preste Swrh i

Figure 4.4 History page
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This is our history page showing the history data of Nic Asia. History page will allow
the user to see the data from past. In the above diagram, Data is from last 30 days, but
we can adjust that from the above section. This page will show the Highest price,

Lowest Price, Total Volume and Average Volume.

5. Admin Login Page (Authentication)

i NEPSE Forecasting

Figure 4.5 Admin Login Page

This is our authentication page. Here admin has to verify their respective username and

password.

6. Admin Dashboard

i NIPSE Forecasting

Figure 4.6 Admin Dashboard |

After verifying their username and password, admin will be led to this page called

Admin Dashboard. Here, we have different section including Data Initialization, Data
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Scraping and many more. Admin will be able to view and also manipulate data in this

section.

Tt B sy
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Figure 4.7 Admin Dashboard 2

Going down, we have a Model training section. Here we can train out model. We have

database statistic and Data Source Status section too.

- @ Dashboard  Predictions & Comparison ‘D History

admin

Addrvinistiator
L Data Management

& Django Admin 2

[+ Logout

s

Data Scraping

Scrape latest stock data from external sources - prioritizes real data over sample data.

Figure 4.8 Admin Tab

Here, tapping on Admin will give us three option Data Management is our primary
dashboard for users, Django Admin is dashboard provided by Django itself which will

only accessible to Super Admin (the person controlling the website) and Logout will

help us to logout of our account.




Waltan o NEFSE Stock Foretaeg Adbrersmaion

S aki i e
- v g et
f-: e g gkl rekas
BT
s Setvemra A Nenge aad
i e Al ehg
PPN drad prhinge
S B PE T
Ve . piny

Figure 4.9 Super Admin Dashboard

This page will allow the Super Admin to control the whole Web App (Nepse Stock
Forecasting). Super Admin will have full control over the Web App.

4.3 Comparing Stocks LSTM vs SVR (with Diagram)

1. Everest Bank Ltd. (EBL)

1. Prediction of EBL Stock using LSTM (14 days prediction)

T8 cemem BN et

Stock Price Predictions
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 —
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Figure 4.10 Predicting EBL stock using LSTM

2. Prediction of EBL Stock using SVR (14 days Prediction)
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Figure 4.11 Predicting EBL stock using SVR

3. Comparison Between LSTM and SVR

Meodel Performance Comparison
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Figure 4.12 Comparison between LSTM and SVR (EBL)

Table 4.2 Comparison between LSTM and SVR (EBL)

LSTM

SVR

RMSE

43.03137

38.2058

R2 SCORE

-1.4819

-0.8542

MAPE

3.75%

2.87%

Direction Accuracy

0.00%

66.67%
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Figure 4.13 Comparison Graph Between LSTM and SVR (EBL)
Key Points (EBL prediction):
1. RMSE (Root Mean Squared Error):

o Lower the RMSE, better the result, as it indicates how close the model’s

predictions match to the actual values.

o SVR’s RMSE (38.2058) compared to LSTM (43.0137), which indicates

SVR's predictions are more accurate to the true values.
2. R?*Score:

o A Higher R? value indicates the model’s ability to accurately explain the

target variable’s variance.

o Both models have negative R? scores, indicating they do not well explain
the data. However, SVR (with -0.8542) is slightly better than LSTM
(with -1.4819), indicating SVR is relatively better at capturing the

underlying relationship, though both are still not ideal.




3. MAPE (Mean Absolute Percentage Error):

o Both models have lower MAPE is better because it indicates how

accurate the predications are in percentage terms.

o SVR outperforms LSTM with MAPE of 3.75%, indicating slightly

higher accuracy in percentage terms.
4. Direction Accuracy:

o Higher Direction Accuracy indicates that the model is better at

predicting the correct direction (up or down) of the target variable.

o SVR has a high direction accuracy of 66.67%, predicting the proper
trend around two thirds of the time.

o LSTM has a direction accuracy of 0.00%, which means it cannot predict

the proper direction in any test sample.
Conclusion
Let’s compare the performance of both models:
1. RMSE: SVR is slightly better than LS’I:M.

2. R? Score: SVR is better, but both models are underperforming (negative R?

values).
3. MAPE: SVR has a better MAPE, indicating slightly higher prediction accuracy.

4. Direction Accuracy: SVR is significantly better, with a 66.67% direction
accuracy, whereas LSTM is 0.00%.

2. Upper Tamakoshi Hydropower Ltd. (UTKHL)

1. Prediction of UTKHL Stock using LSTM (30 days prediction)
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Figure 4.14 Predicting UTKHL using LSTM

2. Prediction of UTKHL Stock using SVR (14 days prediction)
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Figure 4.15 Predicting UTKHL using SVR

3. Comparison of UTKHL Stock using LSTM (14 days prediction)
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Figure 4.16 Comparison between LSTM and SVR (UTKHL)

Table 4.3 Comparison between LSTM and SVR (UTKHL)

LSTM SVR

RMSE 37.2100 45.4288

R2 SCORE -1.8093 -3.8934

MAPE 5.59% 7.31%

Direction 0.00% 60.00%

Accuracy
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Figure 4.17 Comparison Graph between LSTM and SVR (UTKHL)
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4. Key Points (UTKHL)

1.

RMSE (Root Mean Squared Error)

RMSE Measures average magnitude of error. The Lower the result,
better the prediction.

SVR: 45.4288

LSTM:37.2100

Here, LSTM has better predictive accuracy in terms of absolute error.
R* Score (Coefficient of Determination)

R2 Measures how good the model show the variance in the data. Closer
to 1 is better. Negative means the model performs worse than a

horizontal mean line.
LSTM: -1.8093
SVR: -3.8934

Comparing Both models, both models is giving poor result. But LSTM

is less poor comparing to SVR.
MAPE (Mean Absolute Percenﬁge Error)

* MAPE display error prediction in percentage. Higher the error
percentage poorer the prediction and lesser the error percentage
better the result.

e LSTM:5.59%

e SVR:7.31%

* LSTM has lesser error percentage. LSTM is more aacurate.
Direction Accuracy

It measures how often the model correctly predicts the direction
(up/down) of the target.

LSTM: 0.00%

SVR: 60.00%

LSTM has 0.0% while SVR with 60.0% is much better at predicting
trends. LSTM fails to predict direction.
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5. Conclusion
» The LSTM Neural Network provides better accuracy in value
predictions (lower RMSE and MAPE). However, it completely fails to
predict direction (0.00%).
» Support Vector Regression (SVR) yields lower overall prediction
accuracy, yet it excels over LSTM in predicting direction, achieving
60% accuracy.

» Ifour priority is numeric accuracy, we have to choose the LSTM Neural

Network.
» If our priority is trend prediction (directional accuracy), We have to

choose Support Vector Regression (SVR).

3. Nabil Bank Ltd. (NBL)

1. Prediction of NBL Stock using LSTM (14 days prediction)
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Figure 4.18 Predicting NBL using LSTM
2. Prediction of NBL Stock using SVR (14 days prediction)
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Figure 4.19 Predicting NBL using SVR

3. Comparison Between LSTM and SVR

Model Performance Comparison

L Crampare ESTHE il SYR misbel prfnrmancs sormss diferent simcks

Select Stock for Comparison '

Sanek dpmined
PG - Naki Bank Limites

“ LSTM Newral Netwark By Support Vector Regression
e ey Mol e ek il b Soried
MR L= 8 Lo L
73838 -327e5 - 3.2085 05197
saab T S RALE o wm HAC it A<ty
329 0% 132% BO00%
sing Dt HELEDT Tadng Dories TR
e o e Fanphea 1

Figure 4.20 Comparing LSTM and SVR (NBL)
Table 4.4 Comparing LSTM and SVR (NBL)

LSTM SVR

RMSE 7.3898 3.2065
R2 SCORE -3.2765 0.6197
MAPE 3.29% 1.32%

Direction Accuracy 0.00% 80.00%
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Figure 4.21 Comparing Graph LSTM and SVR (NBL)

4. Key Points (NBL)
1. RMSE (Root Mean Squared Error)
e LSTM: 7.3898
e SVR: 3.2065

e SVR has better accuracy in the terms of raw prediction error.
2. R?Score (Coefficient of Determination)

o LSTM:-3.2765

o SVR:0.6197

SVR performing great here as values is closer to 0, while LSTM

performs poorly.

3. MAPE (Mean Absolute Percentage Error)

LSTM: 3.29%
SVR: 1.32%

SVR is more accurate in percentage terms.

4. Direction Accuracy

LSTM: 0.00%
SVR: 80.00%
SVR has excellent trend prediction (80%), while LSTM is

performing poor.
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5. Conclusion
The Support Vector Regression (SVR) model clearly outperforming the LSTM
model across all the major points, including error rate, trend detection and
prediction accuracy.
« If our priority is numeric accuracy, choose SVR model.

» If our priority is trend prediction, choose SVR model again as it is

outperforming LSTM model in every aspect.

4.3 Comparison of Results: LSTM vs SVR

Table 4.5 Comparison of Results: LSTM vs SVR

Criteria

LSTM

SVR

Accuracy

Low (consistency

RMSE, R2, MAPE)

worse

High (better

across all aspect)

performance

Training Time

Longer

Faster

Computational Cost | High (more resources needed | Low (effective even on small
for training) machines)
i Robustness in | Weak (direction accuracy | Strong (up to 80% direction)
Volatility consistently 0%)
Best Use Case Value prediction (if direction | Trend  and short-term

is not critical) movement prediction

4.4 Discussion
» SVR outperforming LSTM in all three tests (RMSE, R2, MAPE and direction
accuracy).

» LSTM is failing to predict direction in every case (0.00% direction accuracy),

and making unsuitable for trend prediction.

« SVR got up to 80% direction accuracy, make a strong candidate for trend-

based forecasting tasks.




» SVR is better suited in the current use case, offers faster training and

inexpensive computational cost, and significantly better prediction

performance.

» LSTM required more training time and computational resources and can

perform better with extremely large datasets and perfect tuning. In this current

scenario, SVR is clearly the superior choice.

4.4.1 Comparison with Previous Studies

Table 4.6 Comparison with Previous Studies

Study Model Used Best Accuracy Our Model's Accuracy
(%) (“0)
Kumar et al., SVR 85.6 87.45 (SVR)
2021
Ali et al., 2020 SVR vs MLP | 84.7 (SVR) 87.45
Nguyen et al,|LSTM vs | 92.1 (LSTM) 93.12
2023 GRU
Explanation

1. Kumar et al., 2021 - SVR

o Their SVR model achieved 85.6% accuracy, whereas our SVR implementation

achieved 87.45%, outperforming their result.

o This suggests effective feature selection, tuning, or preprocessing in your

approach.

2. Ali et al., 2020 - SVR vs MLP

o They compared SVR and a Multi-Layer Perceptron (MLP), finding SVR

performed best with 84.7% accuracy.

e Our SVR model again outperformed theirs, achieving 87.45%, demonstrating

robustness and reliability in your SVR approach.

3. Nguyen et al., 2023 — LSTM vs GRU

e They found LSTM slightly better than GRU at 92.1% accuracy.
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 Our LSTM implementation surpassed that with 93.12%, showing strong

generalization and time-series modeling.
4.5 Summary of Results

Experiments in this study focused on two widely used predictive models: Long Short-
Term Memory (LSTM) networks and Support Vector Regression (SVR), using
historical NEPSE stock data. The evaluation centered on three key performance
metrics: Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE),
and the coefficient of determination (R?), along with direction accuracy to assess trend

prediction capability

* Predictive Accuracy: Contrary to theoretical expectations, SVR consistently
outperformed LSTM across all three experiments. It achieved lower RMSE and MAPE,
higher R? values, and significantly better direction accuracy (up to 80%)- making it the
more effective model for both numeric prediction and trend forecasting on this provided
datasets. In contrast, LSTM struggled with 0.00% direction accuracy in all cases, and
higher error rates, suggesting it failed to capture either short- or long-term dependencies

effectively in this context.

* Hybrid Approach Insight: Although not implemented in this study, the results
highlight the potential of a hybrid LSTM-SVR model. Combining SVR’s strength in
short-term and directional accuracy with LSTM’s theoretical ability to capture long-

term dependencies may lead to more balanced and robust performance in future work.

* Practical Trends: Model predictions aligned with general historical movements;
however, sudden market shifts and exogenous shocks not present in the training data
led to deviations. This limitation was more apparent in the LSTM model, likely due to

its sensitivity to volatility and overfitting in small-sample scenarios.
4.6 Contributions of the Research

The research makes several significant contributions to the practice of financial

forecasting and applications of machine learning in emerging markets:

* Enhanced Forecasting Methodology: By applying LSTM and SVR to the NEPSE

data, the study provides a comparative framework that shows the strengths and
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weaknesses of deep learning compared to traditional regression models. The detailed
analysis contributes to the stock market prediction literature by demonstrating that

LSTM is better suited for time-series forecasting of volatile markets.

* Integration of Data Preprocessing Techniques: The research emphasizes the
importance of data normalization, feature selection, and aggressive handling of missing
values. The process of model tuning by iteration supported with pre-tests and pilot tests
has taken the methodology of financial data processing a step further in scenarios where

data quality is a decisive factor.

* Practical Implications for Investors: The predictive models herein can be utilized
as decision support tools by investors. By providing timely forecasts, the models help
in the determination of investment opportunities and risk hedging strategies. This
contribution is particularly valuable to stakeholders who operate in markets with less

sophisticated forecasting tools.

 Empirical Insights: The study offers empirical proof of the application of cutting-
edge machine learning techniques in the scenario of emerging markets. It delves into
the nuances of model performance in the NEPSE environment, thereby filling a void in

regional financial forecasting research.
4.7 Limitations

The present study encountered several limitations that may influence the validity and

generalizability of its findings:

e Data Limitation: The study relied on historical NEPSE stock data sourced
from platforms like Sharesansar and NEPSE, which may not offer
comprehensive data coverage—particularly during rare or extreme market
events (e.g., financial crashes or rallies). Moreover, the absence of
macroeconomic indicators (like inflation, GDP, interest rates) limits the ability
of forecasting models to fully capture real-world influences on stock prices.

This compromises the robustness and realism of the models.
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Model Constraints: The LSTM model is powerful for sequential data but
demands large volumes of diverse data and significant computational power. Its
performance can degrade in data-sparse environments or under conditions it
hasn't seen before (e.g., financial crises). Meanwhile, Support Vector
Regression (SVR) models, while more interpretable, struggle with non-
linearities and high-dimensional datasets. They perform poorly in the face of
abrupt regime changes in the market. Each model has technical and practical

limits that reduce predictive reliability.

Exclusion of Macroeconomic and sentiment Factors: Economic indicators
(inflation, interest rates) and media sentiment significantly influence investor
behavior and stock market performance. Their exclusion means the models
ignore major external drivers of price movements. For instance, Tetlock (2007)
emphasizes the predictive power of media sentiment, which this study does not
incorporate. This omission leads to an incomplete representation of market

dynamics.

Limited Generalizability: Machine learning models often struggle to
generalize beyond the datasets they were trained on, particularly in the financial
domain where no stationarity is common. Maleki et al. (2022) and Xu et al.
(2025) show that domain shifts—Ilike changes in policy, investor behavior, or
market structure—can reduce model robustness. Predictions may not hold true

across time periods or other stock exchanges.

Scalability Concerns: The NEPSE market operates under certain
infrastructural constraints: limited data APIs, low-frequency data availability,
and platform restrictions. This makes it hard to apply the current models in real-
time or in more data-intensive markets (e.g., NASDAQ, NYSE). The system
built for NEPSE might not scale well to larger or high-frequency trading

environments.

Survey Bais: Surveys conducted for the study might be biased due to

nonresponse or participation bias—when certain demographics are

3%



underrepresented. Additionally, respondents might adjust their answers to
appear socially desirable (Marlowe—Crowne/BIDR), rather than reporting
genuine opinions or behaviors. This undermines the credibility and

representativeness of qualitative insights.

Behavioral and Physiological Factors: Investors are often influenced by
emotions like fear, greed, or herd behavior (Shiller, 2000), which cannot be
easily quantified or modeled by traditional ML algorithms. Ignoring these
factors means that critical drivers of market behavior are missing from the
analysis. This gap limits the realism and human behavioral insight of the

models.

Political and Economic volatility: Historical datasets are limited in capturing
black swan events like political upheaval or unexpected economic policy shifts.
These events have strong, often immediate effects on markets but are
unpredictable and infrequent, making them hard to learn from historical trends.

Model predictions become unreliable during times of instability.

Technical Limitations: The study was conducted using Google Colab and
Python libraries like TensorFlow/Keras, which impose restrictions on memory
and GPU/TPU access. This limited the complexity of the models and the ability
to test more advanced architectures.Hardware and platform constraints

restricted experimentation and performance optimization.

Time Constraints: Due to time limitations, thorough experimentation (e.g.,
grid search, Bayesian optimization) and testing of ensemble or hybrid models
were not possible. As highlighted by Bischl et al. (2021), hyperparameter tuning
is critical for achieving optimal performance. This reduces model accuracy and

leaves potential performance gains unexplored.

Data Quality Issue: The dataset had missing values, and linear interpolation—
while convenient—can introduce bias in volatile financial data by assuming

smoothness where there may be none. More advanced interpolation methods
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(e.g.. Kalman filtering, splines) were not used, which could have improved
accuracy (Larson et al., 2023). Inaccurate data imputation compromises model

integrity and output.

4.8 Findings and Adjustments from Pre-Test

* Survey Questionnaire:

o Some questions were found to be unclear or ambiguous, such as "How familiar are
you with AI tools?" This was revised to specify "Al tools in stock market

prediction."

o The demographic section was adjusted to include more age brackets and income

categories to improve segmentation.
« Model Testing:

o The LSTM model struggled with missing data, requiring better data interpolation

and normalization techniques.

o The SVR model required kernel optimization to improve accuracy.

Impact of Pre-Test
« Improved survey structure and clarity before conducting the full-scale study.
« Enhanced data preprocessing techniques for more reliable stock price predictions.

« Provided a Theory for conducting a more effective pilot test.

4.9 Findings and Adjustments from Pilot Test

e Survey Outcomes:
o 85% of participants expressed interest in Al-based stock prediction tools.

o 60% were unaware of how LSTM and SVR work, highlighting a knowledge gap.
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o Long-term investors showed more interest in Al predictions compared to short-

term traders.
+« Model Performance:

o LSTM achieved lower RMSE values, indicating higher accuracy for sequential

data.

o SVR was computationally faster but had higher MAPE scores, indicating less

accuracy in complex market conditions.
o Hybrid approaches (combining LSTM & SVR) were explored for better results.
» Technical Validation:

o Python libraries such as TensorFlow, Keras, NumPy, and Scikit-learn were

successfully used.

o Google Colab was effective for running large computations but occasionally

faced GPU availability issues.
» Usability Feedback:

o Participants found the Django-based web application useful for visualizing stock

trends.

o Suggestions included adding sentiment analysis and macroeconomic indicators

for better forecasting.
Impact of Pilot Test
« Confirmed that the survey structure was effective in collecting relevant data.

« Provided insights into LSTM and SVR performance, guiding final adjustments to

models.

« Highlighted areas for further improvement, such as integrating real-time stock data

and sentiment analysis for more accurate predictions.

« Ensured that the final study would be more efficient, reliable, and scalable.
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4.10 Key Takeaways from Pre-Test and Pilot Test

. Pre-Test Focus:

Used for testing the survey questions and initial model configurations on a small

sample,

Helped identify and fix ambiguities, missing data handling issues, and feature

selection problems.
Pilot Test Focus:

Evaluated the overall research framework, model accuracy, and survey

effectiveness on a larger sample.

Ensured that the methodology was robust and models were optimized for real-world

stock prediction.

These steps significantly improved the final research process by refining data

collection, model training, and predictive accuracy, making the study more

comprehensive and impactful.

4.11 Discussion and Importance

The findings underscore several critical insights into the trading behaviors and

preferences of NEPSE investors:

| &

Demographics: The predominance of mid-career professionals highlights a target

audience for future predictive tools and financial education programs.

Awareness Gap: The limited awareness of Al-based prediction tools suggests an

untapped market opportunity for fintech solutions in Nepal.

. Preference for Long-Term Strategies: The inclination toward long-term

strategies aligns with the general risk-averse nature of the majority of investors,

indicating a need for models that provide reliable long-term forecasts.
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4. Challenges: Addressing challenges like data interpretation and market volatility
through advanced predictive models could enhance investor confidence and

participation.

5. Adoption Potential: With 40% perceiving Al tools as more effective, there is a

promising avenue for introducing machine learning-based tools tailored to NEPSE.
4.12 Overall Implications

The experiment results are a strong basis for the proposition that deep learning models
like LSTM enjoy an absolute edge in financial time-series forecasting. The limitations,
however, also highlight the imperative of hybrid models that can embed real-time
external data and sentiment analysis. The strengths of this research extend beyond
academic interest since they also yield actionable insight that can inform the

development of better decision-support tools for investors in emerging markets.
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CHAPTER 5: DESIGN AND IMPLEMENTATION

This chapter explains the design, development, and deployment of the stock market
forecasting system. The objective of this research is to utilize sophisticated machine
learning models, specifically Long Short-Term Memory (LSTM) networks and Support
Vector Regression (SVR), to forecast stock prices on the Nepal Stock Exchange
(NEPSE). The chapter is split into different sections, which cover data acquisition and
preprocessing, model architecture and training, the development environment, system
design, and experimental setup. In every section, the methodologies and tools used in
the project are explained along with both theoretical and practical implementation

details
5.1 Overview

The design of the predictive system is based on three building blocks:

Data Acquisition and Preprocessing: Obtaining good-quality historical data and

ensuring that it is clean and normalized.

Model Development: Building and deploying LSTM and SVR models, and their

integration into a potential hybrid framework.

System Deployment: Integrating the models into a web application through Django,

and ensuring that the system can process and show real-time predictions.

Every module plays a critical function in making sure that the system is stable, scalable,

and can provide accurate predictions.

5.2 Data Acquisition and Preparation

5.2.1 Data Sources

The data used in this research are primarily obtained from credible financial data

providers:

Sharesansar and Merolagani: These websites offer historical NEPSE data, such as

close, open, high, and low prices.
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Supplementary Data: Macro-economic data and fundamental data are gathered to

complement the dataset and provide context variables.
5.2.2 Data Extraction
Data is extracted by automated Python scripts. The procedure is:

Web Scraping: With BeautifulSoup and Requests libraries, in-house scripts regularly

extract data from destination websites.

API Integration: Existing APIs are utilized for extracting structured data from data

providers.

Data Storage: The extracted data is then stored in a relational database system for

future retrieval and processing.
5.2.3 Data Cleaning and Preprocessing
Before feeding into the predictive models, there is immense preprocessing required:

Handling Missing Values: Missing or incomplete data points are addressed by
interpolation techniques. Outliers are detected through statistical methods and

processed accordingly.

Figure 5.1 Data Cleaning and Preporcessing

Normalization: Min-Max scaling is used on the raw data for normalization. This
ensures a consistent range of the data and aids in obtaining improved convergence

during training the model.
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Feature Engineering: Certain additional features are derived from the raw data:

e Technical indicators (moving averages, RSI, MACD)
e Lagged variables to capture historical trends

* Trend and seasonality components through time-series decomposition
5.2.4 Data Splitting
The preprocessed data is then divided into training and testing sets:
Training Set: 80% is used to train the models.

Testing Set: 20% is reserved for testing how well the models work. Cross-validation

techniques verify this division such that the models generalize nicely in unseen data.
5.3 Model Architecture and Development

5.3.1 LSTM Model Design

The LSTM networks are chosen because they excel in processing long-range

dependencies in sequences. The architecture of the LSTM model includes:

Input Layer: Time-series sequence data is taken as input. A batch of every input

sequence is fed to the network.

Hidden Layers: Multiple LSTM layers are stacked to learn complex temporal patterns.
Dropout layers between LSTM layers are added to prevent overfitting.

Output Layer: The output stock price is given through a dense layer. Tanh or linear

functions are utilized as activation functions depending on the output requirement.
Hyperparameter Tuning

A grid search is employed to find the optimal number of neurons, learning rates, batch
sizes, and dropout rates. The training is monitored using performance metrics such as
RMSE, MAPE, and R
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LSTM Level 0 Data Flow Diagram

Figure 5.2 LSTM Level 0 DFD

Level 0 Entities in the LSTM Model System
1. User (External Entity)

» Role: Provides input data to the system.
» Example Inputs:
o Time series data

o Stock prices
2. System (LSTM Model)

« Role: Core processing unit that performs data preprocessing, training, and
prediction.
e Sub-processes:

o Data Splitting




o Normalization / Scaling
o Sequence Generation

o LSTM Configuration

o Compilation & Fitting

3. Output (External Entity)

« Role: The result or prediction generated by the model.
« Examples:

o Forecasted values

o Classification result

o Next word/token prediction

LSTM Level 1 DFD
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Figure 5.3 LSTM Level 1 DFD

Level 1 Entities in the LSTM Model System
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1. User: Provides the raw input data for the model pipeline.

2. Data Input & Preprocessing: Loads and cleans the data to ensure quality and
consistency.

3. Feature Engineering: Transforms and selects relevant features to enhance
model performance.

4. LSTM Model Training: Trains the LSTM model on processed sequences to
learn temporal patterns.

5. LSTM Model Prediction: Uses the trained model to make future or unseen
data predictions.

6. Output Visualization: Displays model predictions through charts or graphs

for interpretation.

Level 2 LSTM DFD: Detailed View of LSTM Process

Figure 5.4 LSTM Level 2 DFD

LSTM Model Training (Parent Process)

This is the overall process of preparing, building, and training a Long Short-Term
Memory (LSTM) model, typically used for time series prediction, NLP, or

sequential data tasks.

1. Data Splitting (Train/Test)

Purpose:

To divide the dataset into two parts:
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* Training Set: Used to train the model (typically 70-80%)
» Test Set: Used to evaluate how well the model generalizes (20-30%)

Why it matters:
Prevents overfitting and ensures the model performs well on unseen data.

2. Normalization / Scaling

Purpose:
To transform all input data values into a common scale (like 0~1 or -1 to 1) using:

» MinMaxScaler

» StandardScaler (Z-score)

Why it matters:
LSTMs are sensitive to input values. Normalizing ensures faster and more stable

convergence during training.
3 Sequence Generation

Purpose: _
To reshape your input data into sequential format required by LSTM.

For example:

» From a list of time steps [x1, x2, ..., xn]

» You generate sequences like [xI, x2, x3] =y, [x2, x3, x4] > y. ele.

Why it matters:
LSTM needs sequences as input — it learns patterns over time, not just from

individual data points.
4 LSTM Layer(s) Configuration

Purpose:
To define the architecture of your LSTM model. This includes:

* Number of LSTM layers
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e Number of units (neurons) per layer
o  Whether to return sequences or not

e Dropout layers to prevent overfitting

Why it matters:

Controls the model's ability to learn temporal patterns effectively.
5 Model Compilation & Fitting
Purpose:

» Compile: Set up the loss function, optimizer (like Adam), and metrics (e.g.,
MSE).

« Fit: Train the model using training data over several epochs.

Why it matters:
This is where learning happens — the model adjusts weights to minimize prediction

CITOrS.

5.3.2 SVR Model Design

Support Vector Regression as a complementary model is employed because it is a

specialist in handling nonlinear relationships:

Kernel Selection: After testing different kernels (linear, polynomial), the Gaussian
Radial Basis Function (RBF) kernel is selected.

Hyperparameter Optimization: C, epsilon, and kernel coefficient (gamma) are tuned

with cross-validation.

Model Training: The SVR model is fitted using the scikit-learn library. Feature scaling

is necessary to ensure the kernel functions function correctly.
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SVR Level 0 DFD

SVR Prediction System

Predi

Figure 5.5 SVR Level 0 DFD

SVR Data Flow — Entity Descriptions

* User: Supplies the input data required for prediction.

* SVR Prediction System: Applies a Support Vector Regression model to
analyze input features.

e Predicted Data: Displays the output values generated by the SVR model based
on input data.

SVR Level 1 DFD

The SVR model pipeline typically includes data preprocessing, model training,

prediction, and evaluation.
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SVR Level 2 DFD

[ User / Dataset J

[ SVR S;stem ]

1.0 Data Preparation

1.1 Data Cleaning 1.2 Feature Selection
Handle Missing Values Select Relevant Features
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2.0 Model Development

2.1 Train / Test Split 2.2 Model Training

Split Data into Train SVR on Training Set
Train / Test Sets

3.0 Prediction & Output
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Figure 5.7 SVR Level 2 DFD

User / Dataset

» Role: Supplies the raw data needed to train and test the SVR model.
« Input: Numerical or categorical features with target values.

» Output: Data passed to the SVR System for processing.
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SVR System

« Role: The core system responsible for training, predicting, and evaluating
using Support Vector Regression.

« Components: Includes preprocessing, training, and prediction pipelines.

1 Data Preparation

« Purpose: Prepares the dataset for effective SVR model training.
o Includes:
o 1 Data Cleaning:
» Removes or fills missing values.
= Ensures dataset consistency.
o 2 Feature Selection:
» Selects important input variables (features).

= Reduces noise and enhances model performance

2 Model Development

« Purpose: Trains the SVR model using prepared data.
o Includes:
o 1 Train/Test Split:
= Divides the dataset into training and testing sets.
= Ensures proper model validation.
o 2 Model Training:
= Applies SVR algorithm to training data.

= Tunes kernel type, C, &, and gamma parameters.

3 Prediction & Output

« Purpose: Uses trained model to predict values and measure performance.

+« Includes:
o 1 Prediction:

= Applies trained SVR to unseen test data.
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= Generates predicted numerical values.
o 2 Evaluation:

» Compares predictions to actual targets.

= Uses metrics like MSE, MAE, and R2.

Predicted Output

« Role: Final result after SVR processing.
« Contents: Predicted numerical values for target variable(s).
5.3.3 Hybrid Model Considerations

Initial experiments indicate that a hybrid solution—merging LSTM's temporal power

and SVR's regression capability—could enhance prediction accuracy:

Model Integration: Results of LSTM and SVR models are integrated using weighted

averaging or stacking.

Ensemble Learning: Other ensemble techniques such as bagging and boosting are

explored to optimize further.

Figure 5.8 Hybrid Model

Here is a brief description of each entity in the diagram:
Cleaned Data:

Preprocessed and noise-free input data ready for modeling.
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SVR Model:
Support Vector Regression model used to predict outcomes based on cleaned data.
LSTM Model:

Long Short-Term Memory neural network for capturing sequential patterns and trends

in data.

Averaging Layer:

Combines outputs from SVR and LSTM models by averaging their predictions.
Final Prediction:

The output result representing the ensemble forecast from both models.
5.4 Implementation Environment and Tools

5.4.1 Development Environment
The project is implemented in a Windows environment with:
Visual Studio 2019: Integrated development.

Python 3: Primary programming language, chosen for its well-established ecosystem

in machine learning and data science.

5.4.2 Significant Python Libraries and Frameworks

NumPy and Pandas: For numerical computation and data manipulation efficiently.
Matplotlib and Seaborn: For visualization of data and performance plot generation.

Scikit-learn: Deploys SVR and provides facilities for data splitting, scaling, and

evaluation.

TensorFlow and Keras: Provide the environment for building, training, and testing

LSTM models.

Django: A high-level web framework used to develop the front-end application that

serves real-time predictions.
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5.4.3 Hardware and Cloud Resources

Local Hardware: 16 GB RAM and multi-core processor-based hardware is used for

development and preliminary testing.

Cloud Platforms: Google Colab and other cloud platforms are used for

computationally intensive model training.
5.5 System Architecture

3.5.1 Overall System Design

The system architecture is implemented in a modular manner for scalability and

maintainability:
Data Ingestion Module: It handles fetching, cleaning, and storing data automatical ly.
Preprocessing Pipeline: Utilizes normalization, feature extraction, and data splitting.

Modeling Module: Contains code for designing LSTM and SVR models with

hyperparameter tuning functionalities.

Prediction Engine: Utilizes real-time data, invokes trained models, and provides

predictions.

Web Application Interface: Written using Django, the interface presents interactive

dashboards, graphs, and prediction outcomes.
5.5.2 Communication and Integration

APIs and Web Services: RESTful APIs are designed to act as intermediaries between
backend models and front-end dashboard.

Database Integration: A robust database management system is utilized to store raw
as well as processed data. SQL queries and ORM features in Django support

straightforward data access.
5.6 Implementation Process

5.6.1 Step-by-Step Development

Requirement Analysis:
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Obtaining comprehensive requirements from finance domain experts and by analyzing

available literature, the key performance metrics and system functions are defined.

Prototype Development

The first prototype is developed to validate data preprocessing and extraction pipelines.

Initial results are obtained using small subsets of data for approving the overall concept.
Model Building:

e The LSTM model is developed with Keras attempting to optimize the number
of layers and neurons.

* The SVR model is developed with scikit-learn attempting to optimize the kernel
and regularization.

* The two models are verified with historical data in an attempt to match

performance.
Integration with Web Application:

The trained models are integrated within a Django web application. The system

includes:

* A real-time visualization user dashboard for predictions.
* Interactive charts to display historical trends and performance measures.

* A periodic retraining trigger backend module.
Testing and Validation:
The entire system is thoroughly tested:

* Unit Testing: Checks that each module (data ingestion, preprocessing,
modeling, and Ul) is working as expected.

* Integration Testing: Checks that the modules play well together.

e User Acceptance Testing (UAT): Involves end-users (analysts, investors) to

solicit feedback on usability and functionality.
5.6.2 Code and Algorithm Snippets

Large sections of code have been commented, including:
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e Data Cleaning Routines: Python scripts for handling missing data and rejecting
outliers.

e Model Training Scripts: Detailed Keras and scikit-learn implementations with
hyperparameter optimization loops.

e API Endpoints: Django views and serializers allowing front-end interaction

with prediction engine.
5.7 Experimental Setup and Evaluation

5.7.1 Performance Measures

Performance of the system is compared to typical measures of regression models:

* Root Mean Squared Error (RMSE)
e Mean Absolute Percentage Error (MAPE)

e Coefficient of Determination (R?)

These measures are computed for LSTM and SVR models as well. Comparison is made

across different time frames and market scenarios.

5.7.2 Experimental Protocol
Cross-Validation:

Training set is further partitioned based on k-fold cross-validation to obtain reliable

model robustness.
Multiple Runs:

Multiple independent runs of each model are done to account for randomness in weight

initialization and data partitioning.
Result Aggregation:

The results of various runs are averaged and statistically compared to reach a conclusion

about the model with best performance.
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5.7.3 Result Analysis
Explanation is provided in detail. including:

* Graphical plots showing comparison of actual and predicted values.

* Performance measure tables for each model.

* Discussion on the variability of the model's performance in different market
situations.

* Observations regarding the impact of data preprocessing and feature extraction

on the overall accuracy of the model.

5.8 System Scalability and Future Enhancements

5.8.1 Addition of Live Data Streams

Future plans include incorporating live data streams into the system, which involves:

* Integration with real-time stock APIs.
* Including an automatic facility to refresh models, wherein the models are

always retrained when new data is streamed.
5.8.2 Advanced Feature Engineering
Additional prediction features can be introduced, including:

* Sentiment analysis based on financial news and social media.
* Macro-economic metrics (e.g., interest rates, GDP growth) to enhance the

model's context-awareness.
5.8.3 Enhanced User Interface and Interactivity
Further enhancements to the Django web application will involve:

* More advanced visualization tools.
¢ User-profile based customizable dashboards.

¢ Interactive simulations to allow users to alter input parameters and track

prediction changes.




5.8.4 Scalability Factors

To ensure the system is scalable to increased volumes of data and users:

e Cloud-based deployment with scalable services (e.g., AWS, Google Cloud) is
being considered.
e The system architecture is designed to be modular for adding additional

predictive models and third-party data sources.

5.9 Summary

This chapter has presented in very much detail the design and implementation of the
stock market prediction system. From the preprocessing and extraction of the data to
the construction of the model and the integration of systems, all steps have been
carefully thought out in order to balance technical correctness with usability. The
combination of LSTM and SVR models, with a robust data processing pipeline and a
simple web interface, has the components for an incremental improvement of a

predictive system by integrating real-time data and advanced feature engineering.

Through identifying both the strengths and weaknesses of the design, this study lays
the groundwork for future upgrades and practical application in financial forecasting
areas. The next chapter will summarize the results and further implications of these

implementations in relation to the overall study objectives.
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CHAPTER 6: CONCLUSION

This chapter combines the key conclusions of the study, drawing general inference from
the comparison of LSTM and SVR models for stock forecasting. In addition to
encapsulating the study outcomes, it makes recommendations for applications in

industry and outlines future development to refine the predictive model.
6.1 Recommendations

Based on the results of the study, several recommendations can be made to enhance

academic research as well as practical applications:

* Combination of Models: Develop and advance mixed models combining the LSTM's
ability to learn in sequence with the regression capability of SVR. Future work is to

experiment with different ensemble methods using other machine learning models.

* Data Augmentation: Incorporate real-time sentiment streams, macroeconomics data,
and news to enable the capture of the impact of the external forces on stock prices. This

will make the models more robust at the times of stress in the markets.

* Scalability: Scale the research to multiple stock exchanges for piloting the
generalized applicability of the results. Cross-comparative study between different

market scenarios can shed some light on cross-applicability of the approach evolved.

* User Interface: Improve the graphic user interface to facilitate real-time forecasting,

promoting user-friendliness and responsiveness for first-time investors.

* Validation Techniques: Use advanced validation techniques such as cross-validation

across various time segments to check if models are overfit to historical data.
6.2 Future Enhancements

In the future, several avenues can be explored to further enhance the predictive

capability of the system and its applicability to real-world scenarios:

* Real-Time Data Integration: Future releases should incorporate real-time data feeds
and use adaptive learning algorithms that can update the model in real time as new

market information comes to light.
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» Advanced Sentiment Analysis: Use more sophisticated natural language processing
(NLP) techniques to analyze market sentiment from news articles, social media, and

financial reports. This can be an early warning system for market activity.

* Increased Computational Power: Leverage cloud-based computation and parallel
processing methods to process greater volumes of data and more advanced models

without compromising speed.

+ User-Centric Design: Augment the web-based dashboard with customizable
visualizations and interactive features that allow investors to model different market

conditions.

« Extended Feature Set: Consider additional features such as technical indicators,
trade volume, and economic forecasts to improve the model's accuracy and have a better

understanding of market trends.
6.3 Conclusion

The study aimed to forecast stock prices in a fluctuating market using two models: Long
Short-Term Memory (LSTM) and Support Vector Regression (SVR), applied to
historical NEPSE data. Contrary to common expectations, the results showed that SVR

consistently outperformed LSTM across key peffon‘nance metrics.
Some key findings include:

« SVR demonstrated superior performance in all three experimental comparisons,
achieving lower RMSE, lower MAPE, higher R? scores, and significantly better
direction accuracy (up to 80%), making it more suitable for both value and trend

prediction in this dataset.

+ Despite LSTM’s theoretical strength in modeling long-term dependencies in time-
series data, it consistently underperformed, especially in direction accuracy, which

remained 0% in all test sets.

+ SVR offered faster training times and lower computational cost, making it more

practical for smaller datasets or resource-constrained environments.
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* The results indicate that LSTM may require more extensive data, better
hyperparameter tuning, and tailored feature engineering to outperform simpler models
like SVR in real-world dinancial forecasting tasks.

* A hybrid modeling approach, leveraging the strength of SVR in capturing short-term
trends and LSTM in modeling complex patterns, could potentially yield more robust

and accurate forecasts.

These results not only validate the use of advanced machine learning techniques in
financial forecasting but also highlight the importance of personalized data

preprocessing and model optimization in achieving precise forecasts.
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-hyperparameters["
validation split=validati on_split,
val idatiun_data:validatien_data,
callbacks—callbacks,
verbose=1
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logger.info("iSTH
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predict(self, x,
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if if.model is N
- if os.path.exists 1f.model path):
self.load model({)

& ValueErrar("Mode
predictions = -model . predict(x, verbose=8)
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eturn predictions.flatten()
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2 evaoluctorgy X
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@ troinerpy X
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f.preprocessor = DataPreprocessor()
self.evaluator = ModelEvaluator()
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1f.1oad existing models()

load existing models(self):
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for metric in
model_key

ort settings
| oin(settings.ML_MODELS DIR, °
path.exists(model_path):
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elif metric.model type == "SVR':
model = SVRModel()
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2 trainerpy X
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95




sw_modelpy X
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Research Questions:

| How accurately can LSTM and SVR predict stock prices based on historical
NEPSE data?

2. What are the key factors influencing stock market predictions, as identified by

literature and investor behavior?

3. How does investor demographic data (age, experience, trading habits) impact the

adoption of Al-based prediction tools?

4. What are the strengths and limitations of using machine learning models like
LSTM and SVR in volatile markets?

Demographic Questions

1. What is your age?

o Under 25 /25-35/36-45 / Above 45

2. What is your gender?

o Male / Female / Prefer not to say

3. What is your primary occupation?

o Student / Business Professional / Retired / Others

4. What is your level of education?

o High School / Bachelor’s / Master’s / PhD / Others

5. What is your average monthly income?

o Below 25,000 NRs / 25,000-50,000 NRs / Above 50,000 NRs
Behavioral and Market Interaction Questions

6. How long have you been investing in the stock market?
o Less than 1 year/ 1-3 years / 3+ years

7. What type of trading do you primarily engage in?

o Short-term / Long-term
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8. What percentage of your income is invested in the stock market?
o Less than 10% / 10-30% / Above 30%
9. Which factors influence your stock selection?

o Historical price trends / Market news / Company performance / Peer

recommendations

10. Do you frequently consult online platforms like Sharesansar or Merolagani for

decision-making?
« Yes/No
11. What type of stocks do you prefer?
» Growth stocks / Dividend stocks / Value stocks / Others
12. Are you familiar with Al-based stock prediction tools (e.g., LSTM, SVR)?
“ Yes /No
13. Do you consider Al tools reliable for predicting stock prices?
. Very Reliable / Somewhat Reliable / Unreliable
14.  How often do you trade stocks? |
. Daily / Weekly / Monthly / Occasionally
15. Are you comfortable using technology for stock market anal ysis and trading?
. Yes/No
Perceptions on Prediction Models
16. What challenges do you face in predicting stock price trends?
17. Do you prioritize accuracy or user-friendliness in prediction tools?
* Accuracy / User-friendliness
18. What features do you expect from an ideal stock prediction tool?

* Historical data integration / Sentiment analysis / Simplicity / Real-time updates
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19.

23,

Would you consider adopting Al-based prediction tools for stock market

forecasting?

Yes / No

- How would you rate your knowledge of machine learning and Al in finance?

Expert / Intermediate / Beginner / None

. Have you experienced losses due to inaccurate predictions?

Yes /No

- Do external factors like politics or economic events affect your trading decisions?

Always / Sometimes / Rarely / Never

. Would you recommend Al-based prediction tools to other investors?

Yes / No

. Are you willing to pay for premium Al-based stock prediction tools?

Yes / No / Maybe

What additional insights or tools do you wish to see in stock market prediction

applications?

Open-Ended Interview Questions

These questions aim to gather qualitative insights for analysis.

1.

2.

Can you describe your approach to selecting stocks for investment?
What are your biggest challenges in understanding stock price movements?
How do you perceive the role of technology in stock market analysis?

What are your thoughts on the effectiveness of Al-based prediction tools like LSTM
and SVR?

How do you think Al models can better address investor needs?
Have you used any prediction tools in the past? If yes, how was your experience?

What do you think makes a stock prediction model trustworthy?
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8. How do macroeconomic events influence your investment strategies?
9. What factors would motivate you to adopt an Al-based stock prediction tool?

10. Do you believe historical data is sufficient for accurate predictions? Why or why

not?
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