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Abstract 
The research focuses on improving predictive accuracy in the financial sector 
through the exploration of machine learning algorithms for stock price pre-
diction. The research follows an organized process combining Agile Scrum 
and the Obtain, Scrub, Explore, Model, and iNterpret (OSEMN) methodolo-
gy. Six machine learning models, namely Linear Forecast, Naive Forecast, 
Simple Moving Average with weekly window (SMA 5), Simple Moving Aver-
age with monthly window (SMA 20), Autoregressive Integrated Moving Av-
erage (ARIMA), and Long Short-Term Memory (LSTM), are compared and 
evaluated through Mean Absolute Error (MAE), with the LSTM model per-
forming the best, showcasing its potential for practical financial applications. 
A Django web application “Predict It” is developed to implement the LSTM 
model. Ethical concerns related to predictive modeling in finance are ad-
dressed. Data quality, algorithm choice, feature engineering, and prepro-
cessing techniques are emphasized for better model performance. The re-
search acknowledges limitations and suggests future research directions, 
aiming to equip investors and financial professionals with reliable predictive 
models for dynamic markets. 
 

Keywords 
Stock Price Prediction, Machine Learning, LSTM, ARIMA,  
Mean Squared Error 

 

1. Introduction 

Investors engage in the buying and selling of ownership interests, securities, and 
company shares on the stock market, a dynamic and evolving marketplace that 
is a key component of the larger equity capital markets, facilitating the issuance 
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and trading of shares in publicly listed companies. Companies go public to raise 
capital for expansion or debt repayment by issuing stocks on stock exchanges, 
allowing investors to become shareholders and benefit from the company’s 
growth and profits. The stock market’s significance has led to a strong interest in 
accurate market predictions and trend evaluations, helping participants make 
informed decisions. This interest has grown, attracting individual traders, mar-
ket participants, and data analysts focusing on machine learning and artificial 
intelligence, all aiming to gain insights into market movements and make 
well-informed financial decisions [1]. 

This research, which is being conducted against the backdrop of a growing 
interest in the topic, aims to investigate and comprehend the intricate dynamics 
of stock markets. Trading on the stock market and investing in the stock market 
both come with certain inherent risks since share values are affected by a wide 
variety of factors. These factors include the performance of a company’s revenue 
and sales, as well as external influences such as governmental regulations, mi-
croeconomic indicators, and the ever-changing relationship between supply and 
demand. Because of the complexity of these factors, it is necessary to conduct 
extensive research to design and develop software and programs that make use 
of advanced learning techniques such as artificial intelligence, machine learning, 
deep learning, and neural networks [2]. In this way, these forecasts prove to be 
of tremendous value because they reduce the likelihood of monetary loss while 
simultaneously increasing the possibility of monetary gain because of the in-
vestment process. Traders can use these algorithms to engage in algorithmic 
trading strategies, stock forecasting, and the establishment of their trading set-
ups with target prices and stop-loss levels. This research aims to enhance predic-
tive accuracy in the financial sector by exploring the application of machine 
learning algorithms for stock price prediction. Accurate stock price forecasting is 
critical for investors, financial analysts, and other market participants as it in-
forms investment strategies and decision-making processes. To achieve this, the 
study employs a structured approach that integrates Agile Scrum methodologies 
with the OSEMN (Obtain, Scrub, Explore, Model, and iNterpret) framework as 
shown in Figure 1. 

This combination ensures a flexible and iterative development process while 
maintaining a systematic and comprehensive approach to data analysis and 
model development. The research evaluates the performance of six distinct algo-
rithms: Linear Forecast, Naive Forecast, Simple Moving Average (SMA) with 
windows of 5 and 20, ARIMA (Autoregressive Integrated Moving Average), and 
Long Short-Term Memory (LSTM) with a 30-day prediction horizon. These al-
gorithms are assessed using the Mean Absolute Error (MAE) metric, providing a 
robust measure of their predictive accuracy [3]. By comparing these models, the 
research seeks to identify the most effective machine learning techniques for 
stock price prediction, ultimately contributing to more reliable and actionable 
financial insights. 
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Figure 1. Integration of methodologies for development. 

1.1. Justification  
1.1.1. Problem Statement 
In the volatile stock market, traders and financial organizations have many ob-
stacles in predicting stock values. This complex financial landscape makes accu-
rate predictions difficult. Market instability and uncertainty make stock price 
predictions challenging. Economic, political, technical, and investor mood all 
affect the stock market. Stock price changes are complicated by these various 
and unpredictable influences. Financial data is enormous and diversified, com-
plicating the issue. Market indicators, news stories, social media sentiment, 
business financial statements, and historical price data fill the stock market. Data 
comes in many types and structures, making integration and processing difficult. 
Meaningful insights and powerful prediction models depend on data quality and 
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consistency [4]. However, the sheer volume and variety of financial data make it 
difficult to sort through the noise and discover relevant information, leaving 
traders desiring effective methods and tools to make sense of it. The complex 
and non-linear interactions between stock price variables are another difficulty. 
In the stock market, variables interact non-linearly, affecting stock prices. Such 
nuanced linkages challenge the basic assumptions of typical linear models, re-
quiring more advanced methods to identify these hidden patterns [5]. 

Another challenge is determining trade entry and departure sites. Trading at 
the right time maximizes profits and minimizes losses. Price fluctuations and 
external factors make entry and exit positions challenging for traders. Traders 
can’t confidently and precisely execute transactions without appropriate tools 
and methods. Trading in fast-changing markets requires real-time data analysis. 
Traders need real-time data and insights to make smart judgments. Traditional 
manual analysis methods may not process and analyze real-time data quickly, 
putting traders at a disadvantage in the dynamic market. Market participants 
endure manual prediction errors. Manual predictions are biased and inaccurate 
due to the stock market’s complexity and many influences. Predictions based on 
gut impressions or biases might lead to inconsistent results and ineffective trad-
ing tactics [6]. Without dependable analytical tools and objective procedures, 
traders may struggle to anticipate and maintain profits. Investment bias should 
be considered when predicting stock values. Preconceived beliefs or emotional 
biases may influence traders’ financial decisions. 

1.1.2. Proposed Solution 
Using advanced machine learning methods, this research project aims to address 
the complexities of stock market analysis and enhance predictive accuracy. By 
analyzing historical price data, the research seeks to uncover underlying patterns 
and trends, providing vital insights into market behavior. The heterogeneity and 
complexity of financial data, which includes fundamental indicators and social 
media sentiment, present significant challenges [7]. To overcome these obstacles, 
the study employs robust data processing techniques, such as Long Short-Term 
Memory (LSTM) models, which can isolate significant signals from background 
noise. This research evaluates six distinct models: Linear Forecast, which applies 
a straightforward linear approach to future price prediction; Naive Forecast, 
which assumes that future prices will be the same as the most recent prices; Sim-
ple Moving Average (SMA) with windows of 5 and 20, which smoothens price 
data to identify trends; ARIMA (Autoregressive Integrated Moving Average), 
which is a comprehensive time series model combining autoregression, differ-
encing, and moving average components; and LSTM (Long Short-Term 
Memory) with a 30-day prediction horizon, known for capturing temporal cor-
relations and complex patterns in sequential data. These models are assessed us-
ing the Mean Absolute Error (MAE) metric to determine their predictive accu-
racy. By identifying the key variables driving stock price fluctuations and auto-
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mating calculations, this research aims to provide traders with crucial infor-
mation to inform their investment decisions, allowing them to focus on other 
strategic aspects of their investment methods. 

The typical process for creating a machine learning model to predict stock 
prices includes several stages: gathering historical data through an API, 
pre-processing the data, developing a forecasting model, and assessing the mod-
el’s performance. During pre-processing, zero values are removed, duplicates are 
eliminated, and features are scaled. Key features are then selected, and valid data 
is chosen for predicting or forecasting stock prices [8]. This article examines 
various popular machine learning and deep learning algorithms, such as linear 
regression, moving average, naive Bayes, ARIMA (autoregressive integrated 
moving average), and LSTM (long short-term memory). The mean absolute er-
ror (MAE) is used to evaluate the performance of the regression or price fore-
casting models. 

1.2. Research Aim and Objective 

The research aims to build six distinct machine learning models leveraging his-
torical stock prices and assess their predictive accuracy using the Mean Absolute 
Error (MAE) metric. Through a comprehensive literature review, existing stud-
ies, research papers, and scholarly articles will be explored to identify method-
ologies and evaluate their effectiveness in predicting stock prices. By addressing 
limitations and proposing solutions for algorithmic prediction, the study seeks 
to enhance the efficacy of these models. Clean and structured datasets will be 
prepared to facilitate model training and evaluation. Subsequently, the most ac-
curate model identified will be implemented into a user-friendly web applica-
tion, forming the foundation of an accurate full-stack price prediction system. 

1.3. Research Questions 

1) How does the accuracy of different machine learning algorithms compare 
in predicting stock prices?  

2) What are the key factors that significantly influence the performance of 
machine learning algorithms in stock price prediction?  

3) What are the ethical considerations and dilemmas associated with using 
machine learning algorithms for stock price prediction?  

2. Materials and Methods  
2.1. Materials  
2.1.1. Data Collection 
The research used different datasets for different purposes. Historical financial 
data for NABIL bank’s stock was obtained from the NepseAlpha platform, while 
real-time and historical data for various stocks were fetched using the Yahoo Fi-
nance API. NABIL dataset was primarily used for training and testing the mod-
els while Yahoo Finance API was used to fetch real-time stock data for web ap-
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plications. 

2.1.2. NepseAlpha 
NepseAlpha consists of all the stock data listed in NEPSE which is the stock in-
dex of Nepal. The study uses the NABIL dataset which is a banking stock for the 
model training and testing purpose [9]. The dataset contains date, open price, 
high price, low price, close price, percent change, and volume for the stock as 
sample shown in Table 1. 
 
Table 1. Data table. 

Date Open High Low Close 
Percent 
Change 

Volume 

2013-07-22 1910.0 1915.0 1885.0 1885.0 −1.31 1031 

2013-07-23 1885.0 1920.0 1870.0 1920.0 1.86 898 

2013-07-24 1920.0 1900.0 1843.0 1890.0 −1.56 2886 

2013-07-25 1890.0 1905.0 1880.0 1889.0 −0.05 1962 

2.1.3. Yahoo Finance 
As there is no API that allows real-time data integration of NEPSE, Yahoo Fi-
nance was used to fetch real-time stock data for foreign stocks for the web ap-
plication [10]. It consists of date, open price, high price, low price, close price, 
volume, dividends, and stock splits as sample shown in Table 2. 
 
Table 2. Data table. 

Date Open High Low Close Volume Dividends 
Stock 
Splits 

2023-07-24 193.410004 194.910004 192.250000 192.750000 45377800 0.0 0.0 

2023-07-25 193.330002 194.440002 192.919998 193.619995 37283200 0.0 0.0 

2023-07-26 193.669998 195.639999 193.320007 194.500000 47471900 0.0 0.0 

2023-07-27 196.020004 197.199997 192.550003 193.220001 47460200 0.0 0.0 

2023-07-28 194.669998 196.630005 194.139999 195.830002 48254600 0.0 0.0 

2.2. Methods  
2.2.1. Data Processing and Analysis 
The project utilized various tools and technologies to process and analyze data 
for stock price prediction. Python was used for data collection and storage, with 
its versatility and libraries making it ideal for data manipulation and analysis 
tasks. NumPy was used for data manipulation and analysis, while Pandas was 
used for data cleaning and preprocessing. The structured and cleaned data were 
prepared for further analysis stages [11]. For feature engineering, Python librar-
ies such as NumPy and Pandas were again instrumental in creating new features 
from the raw data. Features like day return, log day return, and weekday were 
included as shown in Table 3. 
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Table 3. Data table. 

Date Open High Low Close 
Percent 
Change 

Volume 
Day 

Return 
Log Day 
Return 

Weekday 

2013-07-23 1885.0 1920.0 1870.0 1920.0 1.86 898 0.0186 0.0184 Tuesday 

2013-07-24 1920.0 1900.0 1843.0 1890.0 −1.56 2886 −0.0156 −0.0157 Wednesday 

2013-07-25 1890.0 1918.0 1880.0 1905.0 0.85 2279 0.0085 0.0084 Thursday 

2013-07-29 1905.0 1910.0 1890.0 1900.0 −0.26 2562 −0.0026 −0.0026 Monday 

 
The exploratory data analysis (EDA) process was carried out using Python’s 

data visualization libraries, Matplotlib, and Seaborn. These libraries allowed for 
the creation of informative visualizations, enabling a deeper understanding of 
the data distribution, and identifying potential correlations between features and 
stock price movements as shown in Figures 2-4. 
 

 
Figure 2. NABIL dataset daily close price. 

 

 
Figure 3. NABIL dataset daily return distribution. 
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Figure 4. Auto-correlation plot for NABIL dataset. 

 
The combination of these tools and technologies ensured a comprehensive 

and efficient data phase. By leveraging the power of Python and its libraries, the 
project was able to process and analyze large volumes of financial data from 
NepseAlpha and Yahoo Finance API effectively. The resulting clean and struc-
tured dataset, enriched with engineered features and insights from EDA, laid a 
solid groundwork for the subsequent stages of machine learning model devel-
opment and web application creation [12]. 

2.2.2. Building Models 
In the model-building phase of the project, the primary objective was to develop, 
evaluate, and compare six distinct machine learning algorithms for stock price 
prediction. These algorithms, namely Naive, Simple Moving Average (SMA 5 
with a 5 day trading week window), Simple Moving Average (SMA 20 with a 20 
day trading month window), Linear Regression, Autoregressive Integrated 
Moving Average (ARIMA) model, and Long Short-Term Memory (LSTM) 
model were carefully selected based on their suitability for time-series prediction 
tasks [13]. Python’s powerful libraries, Scikit-learn, TensorFlow, and Keras, were 
used to implement and train machine learning algorithms. Scikit-learn provided 
an extensive collection of machine learning models, while TensorFlow and Keras 
offered a robust platform for developing and configuring deep learning models 
like LSTM. The machine learning process began with preparing a dataset divided 
into training and testing sets. Each algorithm was meticulously configured by 
setting appropriate hyperparameters, such as window size, epochs, learning 
rates, and activation functions, to ensure accurate predictions and capture un-
derlying patterns in stock price data [14]. The Mean Absolute Error (MAE) met-
ric was used to evaluate the performance of each algorithm. An iterative and in-
teractive approach was adopted during the experimentation process using Jupy-
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ter Notebook, allowing for easy modification of hyperparameters and rapid 
comparison of the algorithm’s performance on the dataset. 

The machine learning models were primarily tested on the NABIL dataset. 
Testing the algorithms on multiple datasets provided valuable insights into their 
generalizability and performance across different stocks and market conditions. 
After a comprehensive evaluation, the best-performing model was selected for 
further refinement and integration into the web application for stock price pre-
diction. Techniques like hyperparameter tuning and cross-validation were ap-
plied to optimize the model’s performance and ensure its ability to generalize 
well to unseen stock price data [15]. The rigorous evaluation and comparison of 
the machine learning algorithms provided valuable insights into their strengths 
and weaknesses for stock price prediction. The selected best-performing model 
served as the foundation for the successful integration of the machine-learning 
component into the web application. 

2.2.3. Naive Model 
In our research, we delve into the efficacy of the naive forecast method within 
our predictive modeling framework. With our dataset spanning nearly 2200 dai-
ly observations, we meticulously partition it into training, validation, and test 
sets to evaluate model performance. The naive forecast, aptly named for its 
straightforward approach of using the previous day’s price as the prediction for 
the next day, proves surprisingly effective owing to inherent auto-correlation 
[16]. This method capitalizes on the close linkage between tomorrow’s market 
open price and today’s closing price. 

2.2.4. Simple Moving Average Model 
In our study, we embark on an exploration of the Simple Moving Average 
(SMA) models, specifically the SMA 5 and SMA 20 variants, within the context 
of financial data analysis. With our dataset comprising nearly 2200 daily obser-
vations, we meticulously partition it into training, validation, and test sets to as-
sess the performance of our models. The SMA, a foundational tool in technical 
analysis, serves to smooth out data and discern underlying trends by calculating 
the average price or value over a specific period. Unlike the more sophisticated 
Exponential Moving Average (EMA), which assigns varying weights to each time 
step, SMA treats all data points equally within the specified window [17]. Our 
analysis extends to both the SMA 5 and SMA 20 models, each tailored to capture 
different temporal trends. While the SMA 5 focuses on weekly fluctuations, re-
flecting the short-term dynamics of the market, the SMA 20 provides insights 
into monthly trends, offering a broader perspective on price movements. These 
moving averages not only facilitate trend identification but also serve as vital 
tools for generating trading signals. For instance, the crossover of the SMA 5 
over the SMA 20 signifies a recent uptrend in prices, providing traders with val-
uable momentum-based insights for decision-making. The major parameters 
implemented are mentioned in Table 4. 
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Table 4. Simple Moving Average (SMA) model parameters. 

Model Input Size Data Frequency 

SMA 5 5 Daily 

SMA 20 20 Daily 

2.2.5. Linear Forecast 
Linear forecasting in machine learning involves predicting future values based 
on past data using a simplified linear relationship. This method is akin to the 
familiar equation y mx b= + , where y represents the predicted output, x is the 
input, m is the slope (weight), and b is the intercept (bias). The core principle 
behind linear forecasting is to compute the output as the sum of the products of 
input features and their corresponding weights, plus a bias term. Mathematical-
ly, this is expressed as:  

1

n

i i
i

y w x b
=

= +∑  

where iw  are the weights, ix  are the input features, b is the bias term, and n is 
the number of input features [18]. 

To apply linear forecasting in the context of stock price prediction, we first di-
vide historical data into sequences of input-output pairs. Each input sequence 
comprises past stock prices, while the corresponding output is the next day’s 
price. These sequences are then used to train the linear forecasting model, ad-
justing the weights and biases to minimize the difference between predicted and 
actual values [19]. In our scenario, we aim to forecast future stock prices using 
machine learning. To do this, we train the model to predict the next step based 
on the previous 30 steps. This translates to creating a dataset consisting of 
20-step windows for training, as each 20 steps represents one trading month, 
considering that markets are operational Sunday through Thursday, totaling 20 
days a week. The major parameters implemented are mentioned in Table 5. 
 
Table 5. Parameters for linear forecast model. 

Parameter Value 

Learning Rate 1e−3 

Input Size 20 

Hidden Size 1 

Number of Layers 1 

Number of Epochs 500 

2.2.6. ARIMA 
To begin with, we assess the stationarity of our data. We conducted the Aug-
mented Dickey-Fuller test for this purpose as shown in Figure 5 and Table 6. 
The obtained p-value as exceeds the significance level of 0.05 and the ADF sta-
tistic surpasses all critical values, we fail to reject the null hypothesis, indicating 
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non-stationarity in the time series. 
 

 
Figure 5. Dickey-Fuller test plot. 
 
Table 6. Results of dickey-fuller test. 

Test Statistic −1.411910 

p-value 0.576553 

#Lags Used 4 

Number of Observations Used 2140 

Critical Value (1%) −3.433409 

Critical Value (5%) −2.862892 

Critical Value (10%) −2.567489 

 
Consequently, we proceed to convert the data to a stationary format using 

differencing, subtracting the value at time (t − 1) from the value at time (t) to 
compute the daily return. Once again, we perform the ADF test as shown in 
Figure 6 and Table 7, and the p-value is less than 0.05 and the ADF statistic is 
lower than the critical values, we reject the null hypothesis, confirming the sta-
tionarity of the time series [20]. 

Moving forward, we delve into auto-correlation and partial auto-correlation 
analysis, pivotal in time series forecasting. Auto-correlation gauges the correla-
tion between observations at time t ( tP ) and those at time 1t −  ( 1tP− ), while 
partial auto-correlation assesses the correlation between time t ( tP ) and time 
t k−  ( t kP− ), with k representing any number of lags. These plots in Figure 7 
and Figure 8, though similar in appearance, serve distinct purposes. 

The first lag in the auto-correlation plot dictates the choice between an auto-
regressive (AR) or moving average (MA) model [21]. Given a negative first lag  
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Figure 6. Dickey-Fuller test plot after differencing. 
 
Table 7. Results of Dickey-Fuller test after differencing. 

Test Statistic −24.823159 

p-value 0.000000 

#Lags Used 3 

Number of Observations Used 2140 

Critical Value (1%) −3.433409 

Critical Value (5%) −2.862892 

Critical Value (10%) −2.567489 

 
and a subsequent positive second lag, we opt for the 1st lag as a moving average 
point. Conversely, the substantial drop-off at lag one in the partial au-
to-correlation plot prompts an AR factor of 1. Experimentation with lag selec-
tion is encouraged, with attention to the Akaike Information Criterion (AIC) to 
gauge model performance [22]. The ARIMA model, requiring input parameters 
of “p” for the AR term, “d” for differencing, and “q” for the MA term, emerges 
as a vital forecasting tool. Our data analysis identifies the optimal model order as 
(1,1,1). However, exploration of alternative parameter combinations is wel-
comed to minimize AIC values and enhance model accuracy [23]. The training 
process proves relatively swift, facilitating efficient model iteration and refine-
ment. 

Transitioning to model implementation and forecasting, we deploy the 
ARIMA model with a preferred order of (4,2,0). This step entails a notable 
computation time, necessitating caution. To streamline subsequent analyses, we 
retain model predictions through a magic method, obviating the need for re-
peated execution of time-consuming computations. The major parameters im-
plemented are mentioned in Table 8. 
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Figure 7. Autocorrelation. 

 

 
Figure 8. Partial autocorrelation. 
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Table 8. ARIMA model parameters. 

Parameter Value 

Order of AR (p) 4 

Order of Differencing (d) 2 

Order of MA (q) 0 

Input Size 1 

Data Frequency Daily 

2.2.7. LSTM 
In our pursuit of forecasting stock price movements, we turn to the powerful 
Long Short-Term Memory (LSTM) network. Renowned for its adeptness in 
handling sequential data and capturing long-term dependencies, LSTM emerges 
as a formidable choice. Its architecture, characterized by improved memory cells 
and intricate mechanisms such as forget gates, lends it a distinct advantage in 
stock price prediction tasks. Unlike traditional feedforward neural networks, 
LSTM’s architecture as shown in Figure 9 incorporates memory cells that allow 
it to retain information over extended periods. These cells are equipped with 
forget gates, which regulate the flow of information and play a crucial role in 
determining what information is relevant for prediction [25]. 
 

 
Figure 9. LSTM Architecture [24]. 
 

By selectively remembering past observations and disregarding noise, LSTM 
can extract meaningful patterns from time series data. Furthermore, LSTM’s 
stateful nature enables it to maintain information across time steps, facilitating 
the capture of temporal dynamics and subtle nuances in the data [26]. This 
stateful behavior is particularly beneficial in financial forecasting, where histori-
cal context often plays a pivotal role in shaping future trends. 

In our implementation, we employ a two-layer LSTM model, with each layer 
comprising 100 units. This architecture allows for the extraction of hierarchical 
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features from the input data, enabling the model to capture both short-term 
fluctuations and long-term trends. Additionally, we utilize Huber loss as the op-
timization criterion and the Nadam optimizer to train the model efficiently. To 
enhance training stability and prevent overfitting, we incorporate various train-
ing strategies, including learning rate scheduling, early stopping, and model 
checkpointing [27]. Learning rate schedule dynamically adjusts the learning rate 
during training, ensuring optimal convergence. Early stopping prevents the 
model from continuing to train once its performance on a validation set starts to 
degrade, while model checkpointing saves the best-performing model weights 
during training [28]. Through meticulous training and evaluation, our LSTM 
model endeavors to provide accurate and reliable forecasts of stock price move-
ments. The major parameters implemented are mentioned in Table 9. 
 
Table 9. Model parameters. 

Parameter Value 

Window Size 30 

Input Size 1 

Number of LSTM Units per Layer 100 

Number of Layers 2 

Learning Rate 1e−4 

Maximum Epochs 500 

Batch Size 1 

Early Stopping Patience 50 

2.3. Backend Development  

In the backend development phase of the Predict It Django web application, the 
focus was on building the server-side components that handle data processing, 
storage, and communication with the front end as shown in Figure 10. 

Django, a high-level Python web framework, was chosen for its robustness, 
scalability, and rapid development capabilities. The backend of the web applica-
tion played a critical role in handling user requests, retrieving stock data, and 
serving the predictions generated by the machine learning model. SQLite3, a 
lightweight and serverless relational database management system, was utilized 
to manage the storage of historical stock price data and other relevant infor-
mation required for the prediction process. SQLite3 was selected for its simplic-
ity, portability, and suitability for smaller-scale applications like the one devel-
oped in this project. 

The Yahoo Finance API is a valuable data source for web applications, allow-
ing the backend to fetch real-time and historical stock price data for various 
companies. This data is essential for training machine learning models and 
providing accurate predictions to users. By integrating the API into the backend, 
the web application can access a wide range of financial data without extensive  
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Figure 10. Django web application workflow. 

 
data collection and storage. The backend handles user requests for stock price 
predictions and historical data visualization. When a user enters a specific stock 
symbol, the backend checks if the data is available in the local database 
(SQLite3) and if not, fetches the necessary historical data using the Yahoo Fi-
nance API. The model then generates a stock price prediction based on the pro-
vided data, which is then sent back to the front end for display. RESTful APIs 
were implemented to ensure smooth communication between the front-end and 
back-end. The backend was thoroughly tested to ensure functionality and relia-
bility, with various test cases executed to validate its ability to handle user re-
quests, fetch data from the Yahoo Finance API, and provide accurate predic-
tions. By implementing an efficient backend in Django, the web application ef-
fectively integrates the machine learning model’s predictions with real-time fi-
nancial data, providing users with valuable insights and empowering them to 
make informed investment decisions. 

2.4. Frontend Development  

The frontend development phase of the Predict It Django web application aimed 
to create an intuitive and user-friendly interface for users to interact with the 
machine learning model’s predictions and visualize historical stock price data. 
HTML provided the structural foundation, defining the layout and content of 
the web pages, while CSS enhanced the visual appeal and consistency, ensuring a 
visually pleasing design throughout the application. JavaScript brought interac-
tivity and dynamic functionality, enabling features like form validation, re-
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al-time updates, and asynchronous requests to the backend. The integration of 
Bootstrap ensured responsiveness, adapting the application’s layout to different 
devices. Interactive charts generated using Matplotlib and Seaborn empowered 
users to explore historical stock performance and make informed decisions. The 
careful combination of these technologies resulted in a seamless user experience, 
allowing easy access to machine learning predictions and historical data, thus 
providing users with a powerful tool for financial analysis and decision-making. 

3. Results and Discussion 
3.1. Research Question One: Accuracy of Different Models  

The purpose of this study was to evaluate and contrast the accuracy and effi-
ciency of six different machine-learning algorithms for predicting stock prices. 
These algorithms were: Naive, Simple Moving Average (SMA 5), Simple Moving 
Average (SMA 20), Autoregressive Integrated Moving Average (ARIMA) model, 
linear regression, and Long Short-Term Memory (LSTM) model. Mean Absolute 
Error, or MAE is a reliable metric that was calculated to evaluate the predictive 
performance of each algorithm. The study chose Mean Absolute Error (MAE) as 
the evaluation metric for stock price prediction due to its straightforwardness, 
simplicity, and alignment with the objective. MAE quantifies the average predic-
tion error without considering direction, making it suitable for stock price pre-
diction tasks with extreme fluctuations and market dynamics. This allowed for 
an accurate comparison of each algorithm’s predictive capabilities. 

3.1.1. Naive Forecast 
It was discovered that the MAE of the Naive algorithm, which was used as a 
fundamental reference model, was 13.17, which is a value that is on the lower 
end. Figure 11 shows the full view of the entire training period. The Naive algo-
rithm is a straightforward method for predicting future stock prices because it 
bases its projections solely on the most recent observation that is available. The 
naive model uses the price from the day before as its prediction of tomorrow’s 
price. This is done without taking any historical patterns or trends into consid-
eration in any way. Although the model’s simplicity contributed to its low MAE, 
this same factor also hindered the model’s ability to consider complex market 
dynamics. 

3.1.2. SMA 
Moving on to the Simple Moving Average (SMA) models as shown in Figure 12, 
which both had window sizes of 5 and 20 days, it was discovered that they had 
higher MAE values when compared to the Naive model. This was the case even 
though they both had the same number of days in the window. Simple moving 
averages take the average of the price over a certain period while exponential ap-
plies a weight factor to the average that decreases over time. SMA models func-
tion by first calculating an average of stock prices over a given period and then 
presenting this result as a more accurate depiction of price trends. This process  
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Figure 11. Naive forecast with MAE. 
 
takes place over a predetermined time [29]. SMA models tend to lag current 
market conditions, which results in reduced prediction accuracy; however, this 
simplicity poses limitations when confronted with sudden market changes or 
volatile periods. This is because SMA models tend to be excessively simplistic. 
We can imply that SMA 20 is a better indication of a trend rather than a good 
predictor. It is also important to consider that there are only 5 trading days in a 
week so SMA 20 and SMA 5 are one trading month and one trading week re-
spectively. The mean absolute error for SMA 5 was calculated to be 45.33, 
whereas the mean absolute error for SMA 20 was 88.50, demonstrating an even 
greater disparity between the two. 

3.1.3. Linear Forecast 
The linear regression model performed moderately well in predicting stock 
prices, with a mean absolute error (MAE) of 18.24 as shown in Figure 13. The 
goal of linear regression, a straightforward statistical technique, is to create a 
linear relationship between the input features and the target variable, in this 
case, the stock price. The linear model is implemented using a single dense layer 
in Keras for time series forecasting. A dense layer is just a regular layer of neu-
rons in a neural network. Each neuron receives input from all the neurons in the 
previous layer, thus densely connected. The layer has a weight matrix W, a bias 
vector b, and the activations of the previous layer a [30]. Although the MAE 
value of 18.24 shows a respectable level of prediction accuracy, it is still within 
the average range of other evaluated algorithms. A straightforward yet under-
standable tool for prediction tasks, the linear regression model captures linear 
relationships between the chosen financial indicators and stock prices. Like any 
linear model, it might have trouble capturing intricate nonlinear dependencies  
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Figure 12. SMA forecast with MAE. 
 
and patterns in the data. Despite its average performance, linear regression can 
be a helpful starting point model for predicting stock prices because it sheds 
light on the broad trend and direction of stock movements. 

3.1.4. ARIMA Forecast 
The Autoregressive Integrated Moving Average (ARIMA) model, created espe-
cially for time-series analysis, was able to predict stock prices with a moderate 
mean absolute error (MAE) value of 20.006 as shown in Figure 14. The acronym 
ARIMA, which stands for autoregression, differencing, and moving average, is a  
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Figure 13. Linear forecast with MAE. 

 

 
Figure 14. ARIMA forecast with MAE. 
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potent tool for time-series data analysis that considers both short- and long-term 
patterns. Its predictive abilities, however, may have been hampered by the com-
plexity of financial market data and the existence of non-stationary trends, re-
sulting in a marginally higher MAE than the Naive model. Despite this, ARIMA 
is still a useful method for modeling and comprehending time-series data be-
cause it provides information about the underlying trends and patterns that af-
fect stock price changes. It is a good option for time-series prediction tasks be-
cause it can handle time-dependent relationships, but further optimization and 
parameter tuning may be necessary to increase its accuracy in capturing the nu-
ances of financial markets [31]. 

3.1.5. LSTM Forecast 
The long short-term memory (LSTM) network is a well-known deep learning 
model that has demonstrated its expertise in handling sequential data and cap-
turing long-term dependencies. As a result, it is particularly well-suited for stock 
price prediction. The LSTM model has an edge over the other models as it has 
improved memory cells. These cells are linked to each gateway. It also contains 
Forget gates. The connection to the memory stick is controlled by the forget 
gates. They are also responsible for remembering the error as per requirement 
and scaling the feedback by each step. Due to its architecture, LSTM was able to 
quickly analyze historical price movements and identify intricate patterns, both 
of which were feats that other algorithms might not have been able to accom-
plish [32]. It was able to respond quickly to shifting market conditions and iden-
tify even minute shifts in the general direction of trends, both of which signifi-
cantly aided its superior ability to predict the future. 

The LSTM model with a 30-day window outperformed every other algorithm 
and had the lowest possible value among the models that were evaluated as 
shown in Figure 15. Its mean absolute error (MAE) was 11.55. Because of its 
adaptability and ability to recognize long-term relationships, the LSTM model 
was able to make more precise and nuanced predictions than any other algo-
rithm in this study, making it the most promising algorithm for predicting stock 
prices. It can also store information of any size. The input to the LSTM model is 
provided in the form of vectors. This vector comprises elements such as the pre-
vious closing price, open price, high and low prices, and the trade volumes of the 
current session. The vector also contains the results of the news analysis. The 
output layer of the model gives the final predicted price over specific periods 
[33]. 

3.1.6. Comparative Analysis 
The disparities in MAE values that exist between the various algorithms as 
shown in Table 10 highlight how critical it is to select appropriate models based 
on the prediction tasks at hand. When it comes to capturing the complexities of 
financial market data, more complex and sophisticated models, such as ARIMA 
and LSTM, demonstrate superior performance. While simpler models, such as 
Naive and SMA, might be sufficient for basic forecasting, more complex and  
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Figure 15. LSTM forecast with MAE. 
 
Table 10. Models and their MAE. 

Model MAE 

LSTM 11.557 

Naive 13.175 

Linear Regression 18.245 

ARIMA 20.006 

SMA 5 45.33 

SMA 20 88.5 

 
sophisticated models, such as ARIMA and LSTM, do not. In conclusion, the 
findings of the research present convincing evidence for the utilization of ad-
vanced machine learning models, such as LSTM, for accurate stock price predic-
tion. The resounding success of LSTM demonstrates its suitability for handling 
dynamic financial data, highlighting its potential to inform trading decisions and 
optimize investment strategies. The thorough analysis of several different algo-
rithms provides useful insights into the field of stock market prediction, thereby 
paving the way for further advancements in predictive accuracy and techniques 
for data-driven decision-making. 

3.2. Research Question Two: Factors Influencing  
Performance of Models  

In the pursuit of understanding the key factors influencing the performance of 
machine learning (ML) algorithms in stock price prediction, the project delved 
into an in-depth analysis that provides compelling insights. The quality and 
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quantity of historical stock price data surfaced as a pivotal factor that profoundly 
impacted algorithm performance. With access to a comprehensive dataset from 
NepseAlpha for the NABIL stock, spanning 10 years, the algorithms were 
equipped to harness an extensive historical context. This abundance of data al-
lowed the ML models to discern long-term trends, enabling more accurate pre-
dictions. Additionally, the dataset’s reliability ensured that the algorithms were 
trained on robust information, minimizing the risk of erroneous outcomes. The 
amount of data used for training ML algorithms significantly impacts their abil-
ity to discern patterns and trends in stock price movements. Having a substantial 
amount of historical data spanning multiple years enables the models to capture 
long-term dependencies and fluctuations in the stock market. Regarding the 
features required in the dataset, several key attributes were vital for effective 
stock price prediction. These features included the date, open price, close price, 
high, low, and volume. The date served as the temporal identifier, allowing the 
algorithms to understand the sequential nature of stock price data. The open 
price, close price, and high, and low values provided valuable information about 
the stock’s price movements and trends. The volume feature, representing the 
number of shares traded, indicates the level of market activity and liquidity, 
which could significantly influence stock prices. Feature engineering and data 
preprocessing emerged as influential components that bolstered algorithm per-
formance. Furthermore, meticulous data preprocessing techniques, including 
normalization and scaling, mitigated the risk of skewed results. Feature selec-
tion, an integral part of the project’s methodology, ensured that only the most 
informative features were employed for training. 

Properly splitting the dataset into training and testing subsets is another cru-
cial aspect of dataset management. In our project, we employed a commonly 
used practice of an 80 - 20 split, where 80 percent of the data was designated for 
training, and the remaining 20 percent was reserved for testing the model’s per-
formance. This division allows the model to learn from a substantial portion of 
historical data while preserving a separate segment for assessing its generaliza-
tion capabilities. The test dataset acts as a proxy for unseen future data, and 
evaluating the model on this segment helps gauge its ability to make accurate 
predictions for real-world scenarios. Another distribution grid 60 percent for 
training and 40 percent for testing was not well suited as the MAE error was al-
most quadrupled as shown in Figure 16. It shows how crucial is the train test 
split while modeling data for stock price prediction. 

The selection and configuration of ML algorithms played a critical role in de-
termining predictive accuracy. By meticulously choosing six distinct algorithms, 
including Naive, SMA 5, SMA 20, ARIMA, linear regression, and LSTM, our 
project aimed to uncover each model’s strengths and weaknesses. Careful con-
sideration of these algorithms’ suitability for time-series prediction tasks ensured 
that the project’s evaluation was comprehensive and relevant to the stock market 
domain. The project’s focus on diverse algorithms demonstrated a thorough ex-
ploration of various methodologies, enhancing the credibility of our findings. 
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Figure 16. Train test distribution (80 - 20 vs 60 - 40). 

3.3. Research Question Three: Ethical Considerations  

Machine learning algorithms play a significant role in predicting stock prices, 
but they also raise ethical concerns. One of the primary concerns is the lack of 
transparency and interpretability of complex models, such as LSTM, which 
function as “black boxes.” This lack of transparency raises questions about the 
logic that underpins their predictions, which can cause mistrust and uncertainty 
in the financial market. It is essential to foster trust among investors and stake-
holders to ensure transparency and accountability in the decision-making pro-
cess of these algorithms. Another significant ethical issue is the degree to which 
machine learning algorithms are biased or fair. These algorithms are trained on 
historical data, which can perpetuate biases that can result in biased predictions 
and decision-making [34]. Data privacy and security are also important consid-
erations, as machine learning algorithms may contain private information about 
companies, investors, and trading strategies. It is necessary to protect individu-
als’ rights to privacy and maintain faith in the financial system by preventing 
unauthorized access to this data and potential breaches. Market manipulation 
and high-frequency trading are also significant ethical concerns, as the speed 
with which trades can be executed using algorithmic trading can affect both 
stock prices and market stability. To stop market manipulation and protect the 
integrity of the market, regulators need to closely monitor practices like herding 
behavior, which can be influenced by the widespread use of machine learning 
algorithms. Another important ethical consideration is not to rely too heavily on 
computer programs, as placing too much weight on their forecasts without con-
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sidering broader market trends and qualitative factors can lead to less optimal 
investment decisions. Effective investment strategies must strike a balance be-
tween the insights provided by algorithms and human judgment. The applica-
tion of machine learning algorithms in the financial sector brings with it a host 
of regulatory and legal challenges. It is crucial to ensure compliance with current 
financial regulations and protect against potential violations. Additionally, the 
rapid pace of technological advancement may force regulatory measures to be 
flexible and adaptable. To make effective use of machine learning algorithms, it 
is essential to encourage well-informed decision-making and financial literacy. 
Providing investors with educational opportunities can help them navigate the 
complexities of algorithmically driven financial markets and make informed de-
cisions based on accurate information. In conclusion, machine learning algo-
rithms hold significant promise for predicting stock prices, but their application 
must be guided by ethical principles. Factors to consider include openness and 
fairness, protection of personal information, accountability, and responsible de-
cision-making. 

4. Limitations and Future Work 
4.1. Limitations  

The project has several limitations, including reliance on a specific dataset from 
NepseAlpha, which focuses solely on the NABIL stock, and the data prepro-
cessing phase. The narrow scope of the dataset may restrict generalizability to 
other stocks or the broader market. Additionally, the data can be complex and 
noisy, requiring careful cleaning and feature engineering. Market volatility and 
unforeseen events can introduce uncertainties into stock price prediction mod-
els, which can challenge the algorithms’ ability to accurately forecast stock pric-
es. Overfitting is an inherent concern when dealing with machine learning mod-
els. The absence of external factors in the dataset, such as economic indicators, 
company-specific fundamentals, or geopolitical events, may limit the model’s 
ability to capture the full complexity of stock price movements. The deployment 
of ML models in real-world financial applications introduces practical challenges 
such as data updates, model retraining, and real-time prediction. Addressing 
these deployment challenges is essential for ensuring the continued effectiveness 
of the models in a live trading environment. The potential for unintended con-
sequences or market manipulation demands a responsible and transparent ap-
proach to the deployment and use of predictive models. Interpreting the results 
of complex models like LSTM can be challenging, as their internal workings may 
be less transparent than traditional algorithms. 

4.2. Future Work  

Future research should explore the integration of sentiment analysis of financial 
news and market sentiments into predictive models, gaining valuable insights 
into investor sentiment and its impact on stock prices. Expanding beyond tradi-
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tional stock market indicators, such as economic indicators, company-specific 
fundamentals, and geopolitical events, can provide a more holistic understand-
ing of stock price movements. Advanced deep learning models like GRU or 
Transformer-based models like BERT could improve predictive accuracy [35]. 
Ensemble methods, like stacking or boosting, can combine predictions of multi-
ple machine learning models, potentially reducing model bias and variance. In-
tegrating predictive models developed in this project into algorithmic trading 
systems can harness their predictive prowess to make real-time trading deci-
sions. The ability to process vast amounts of data quickly and accurately can be 
leveraged to identify profitable trading opportunities and execute trades with 
precision and efficiency. This pursuit of future endeavors will lead to significant 
progress in stock price prediction, providing investors and traders with more 
accurate and reliable tools to navigate the complexities of the financial market. 

5. Conclusion  

In conclusion, the research embarked on an appropriate analysis of machine 
learning algorithms for stock price prediction, which resulted in a decent con-
tribution to the field of financial analytics. The utilization of a combination of 
the OSEMN methodology and the Agile Scrum methodology made it possible to 
evaluate, select, and implement the best-performing LSTM algorithm into the 
Predict It Django web application. This included everything from the collection 
of data to the development of web applications. The findings of the research 
shed light on the accuracy and efficiency of various machine learning algo-
rithms, with the LSTM model emerging as the best performer with MAE of 
11.55, thereby showcasing its potential for real-world financial applications. 
Ethical considerations were thoughtfully addressed, and the importance of the 
responsible and open application of predictive modeling in financial deci-
sion-making was emphasized throughout the process. When we consider the 
future, the recommendations made by the project clear the way for further de-
velopments in the industry. Some examples of these developments include in-
corporating sentiment analysis, exploring additional features, and implementing 
predictive models in algorithmic trading. This project, despite its limitations, 
serves as a platform for further research, providing tools that enable investors, 
traders, and financial practitioners to make well-informed decisions in dynamic 
and ever-evolving markets.  
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