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ABSTRACT

This study explores the application of machine learning techniques to predict the movement of stock
prices in the market. Using a dataset of historical stock prices (KSE-100 Index), a Random Forest
classifier is employed to make predictions about whether a stock will rise or fall in the future. The model
is trained using a sliding window approach and is evaluated using precision, recall, and F1-score
metrics. The study also includes back testing and hyper-parameter tuning to improve the model's
performance. The results show that the model achieves a precision score of 58%, an improvement from
the previous score of 48%. However, the overall accuracy of the model is only 58%, indicating that
further improvements are necessary. The study also suggests future directions for research, including
the use of alternative data sources, sentiment analysis, and more sophisticated algorithms. The study's
findings have implications for investors and financial organizations, demonstrating the potential of
machine learning to make more educated investment decisions and enhance financial forecasting and
analysis.

Keywords: Machine learning; Stock prices; Random Forest; Precision; Recall, Financial Forecasting.

1. INTRODUCTION

The stock market is a dynamic and
unpredictable environment that is influenced by a
wide variety of factors, including economic data,
company performance, political events, and
investor emotions. It is crucial for investors to be
able to make accurate forecasts regarding the
swings of stock prices if they want to maximize
their gains and minimize their losses. Traditional
methods of predicting stock prices, such as
fundamental and technical analysis, have been
utilized for decades, but they have limitations in
terms of accuracy and dependability. Newer ways
of predicting stock prices have been developed.

It has become increasingly popular to apply
machine learning algorithms to financial markets
as these algorithms have emerged as a potent tool
for predicting stock prices. In the course of this
investigation, we intend to build a machine
learning algorithm with the purpose of
determining whether the price of a stock will go
up or down the next day. Our primary objective is
to maximize the number of true positives, which
refers to the instances in which the algorithm
forecasts that the price will rise and the increase
actually occurs. In order to reduce the amount of

money wasted as a result of false positives, the
error metric that we will be employing for the
algorithm is precision.

The need for precise and dependable stock
price projections, which are essential for
investors to have in order to make well-informed
decisions, is the driving force behind this study.
The research team behind this study is of the
opinion that machine learning algorithms have
the potential to produce more accurate predictions
than more conventional methods, and they intend
to show that this is the case through their
investigation.

In the next section, the study conducted a
literature review on the subject of predicting stock
prices using machine learning algorithms. A
comprehensive methodology for this research is
presented, including the dataset that was utilized,
the selection of features, and the algorithm that
was applied. In the end, the study presented the
findings and discussed how those findings should
be interpreted by investors and researchers in the
future.

2. LITERATURE REVIEW
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2.1 Review Stage

Predicting the price of a stock is a difficult
endeavor that has been the subject of extensive
research within the finance field. Fundamental
analysis, technical analysis, and statistical
modelling are the three most commonly used
methods for forecasting stock prices. Predicting
the stock market is a significant challenge for the
financial sector. The unpredictability and risk of
the market necessitate the use of modern
technologies to produce viable outcomes. Stock
prices are influenced by politics, investor
psychology, supply and demand, natural disasters,
and other factors (Qiu & Song, 2016). With the
proliferation of machine learning algorithms,
however, academics have begun investigating
their use to make more accurate and time-efficient
predictions. Artificial intelligence is the most
accurate method for predicting stock prices.
Machine learning can be used to predict stock
market prices using Artificial Neural Network
(ANN), Support Vector Machines (SVM), and
Long Short-Term Memory (LSTM). The most
significant developments in ANN have occurred
in financial market and business applications.
Numerous investors utilize ANN for accurate
stock index forecasting. Deep learning can extract
theoretical features from data and discover latent
nonlinear relationships without econometric
assumptions or human talent (Chong et al., 2017).

Using machine learning algorithms to predict
stock prices is the subject of a substantial corpus
of literature. Other studies have investigated more
recent models such as deep learning and
reinforcement learning. It enables investors and
businesses to evaluate stocks quantitatively in
order to make more profitable decisions. Back
propagation algorithm-based machine learning
models outperform other neural network
topologies for stock market index prediction
(Sureshkumar & Elango, 2012).

In an investigation, Yu & Yan (2020) estimate
stock prices using historical data and Deep Neural
Networks (DNNSs). The authors developed a deep
learning framework for predicting stock prices
using convolutional neural network (CNN) and
long short-term memory (LSTM) artificial neural
networks (ANN). The model consisted of four
layers: input, CNN, LSTM, and output. CNN
extracted local features from input data, whereas
LSTM captured temporal dependencies. The
proposed model outperformed conventional
machine learning and deep learning algorithms on
four stock datasets. Selvamuthu et al. (2019) It is
possible to develop an algorithm for stock
forecasting using a large amount of data and
cutting-edge technology. This facilitates the
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purchase, sale, and selection of securities.
Machine Learning and Data Mining are similar,
but Machine Learning observes and analyses new
algorithms and models while Data Mining only
analyses them (Sheth & Shah, 2023).

Mokhtari et al. (2021) evaluate machine
learning techniques for forecasting the stock
market. The authors examine the pros and cons of
statistical models, regression models, and deep
learning techniques. For accurate predictions,
feature engineering, data pre-processing, and
model selection are required. In addition, they
investigate the disadvantages of using artificial
intelligence for stock market forecasting, such as
model interpretability and historical data
overfitting.  Artificial Intelligence (Al) and
machine learning have the potential to enhance
the accuracy of stock market predictions, but
additional research is required to address their
limitations.

In their research, Sheth and Shah (2023)
discuss the use of machine learning algorithms for
stock market forecasting. The authors discuss the
importance of stock market forecasting and how
it can help investors make informed decisions.
The paper examines several studies that have
predicted the stock market using machine
learning algorithms such as decision trees,
random forests, and support vector machines
(SVMs). The authors compare the accuracy of
these stock market prediction models and
conclude that SVMs are the most accurate. In
addition, they examine studies that foretell the
stock market using technical indicators and social
media data. The authors then propose a novel
algorithm that forecasts stock prices using a
combination of technical indicators and social
media sentiment analysis. Using stock market
data from the real world, the proposed algorithm
outperforms conventional machine learning
models. The authors conclude that machine
learning algorithms can be useful for predicting
stock market trends and that their algorithm can
provide accurate forecasts to investors. (Henrique
et al., 2019) Machine learning can identify
patterns, regularities, and differences in statistical
data by comprehending historical occurrences,
past pricing, etc. The ANN, SVM, and LSTM use
machine learning algorithms to predict stock
prices. As stated previously, the stock market is
volatile and profitable. A method that aids
investors in prediction and yields the most
accurate results is essential for minimizing annual
investment losses.

In addition, Ravikumar and Saraf (2020)
employ regression and classification algorithms
to forecast the stock prices of companies. From



2015 to 2020, they gathered data on stock prices
and economic indicators. Using regression
techniques such as linear, Lasso, and Ridge
regression and classification algorithms such as
Random Forest, K-Nearest Neighbors (KNN),
and SVM, the authors predicted the stock values
of companies. Random Forest and SVM
algorithms outperformed other regression and
classification methods in predicting the stock
values of companies. The authors reported that
economic parameters including crude oil prices,
interest rates, and inflation rates improved
predictions. By combining financial and
economic data, machine learning algorithms can
predict stock prices, thereby assisting investors
and speculators in making informed stock market
decisions.

Moein Aldin et al. (2012) evaluated forecasts
for the TEPIX stock price index. This study
calculates the effectiveness of practical metrics
such as Moving Average, RSI, CCI, MACD, etc.
using stock price, volume, and interest rate data.
The index of stock prices consists of the closing,
high, and low prices. An ANN model with a
three-layered input structure predicts stock prices.
There are versions for input, concealed, and
output. The output value version predicts indices
of the stock market. Utilize Mean Absolute
Percentage Error (MAPE), Mean Absolute Error
(MAE), and Root-Mean Square Error (RMSE) to
validate results. The criteria combination (160, 30,
0.1, 0.039) maximized the commercial and
analytic performance of the ANN model. It is
precise 94% of the time.

Several studies have focused on the application
of machine learning algorithms to stock price
forecasting over the past several years. This
category of algorithms includes neural networks,
support vector machines, decision trees, random
forests, and regression models. The ability of
neural networks, which are included in this class
of algorithms, to identify nonlinear relationships
within the data has made them especially useful
for predicting stock prices.

In a study conducted by Yang et al. (2020),
convolutional neural networks (also known as
CNNs) and long short-term memory networks
(also known as LSTM networks) were utilized.

The authors discovered that their model
outperformed both conventional statistical
models and alternative machine learning

techniques in terms of the precision of its
predictions. In this article, the authors propose a
deep learning-based method for predicting
fluctuations in stock prices. Combining two
potent deep learning models, convolutional
neural networks (CNN) and long short-term
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memory (LSTM) networks, is the proposed
method. The CNN model is used to derive
features from the input data, which are then fed
into the LSTM network to predict future price
fluctuations. The authors conducted experiments
with actual stock market data and compared the
proposed method to a number of well-established
machine learning algorithms. The results
demonstrate that the proposed strategy
outperforms conventional methods in terms of
accuracy of prediction. In addition, the authors
performed sensitivity analysis to determine the
effect of various parameters on the accuracy of
their predictions.

Shajalal et al. (2023) plan to use deep learning
to predict product backorders in a separate study.
A few products in their dataset have backorders,
but the majority do not. To manage skewed data,
the authors propose a deep neural network with
many hidden layers. Using convolutional and
recurrent neural network layers, the model
recognizes temporal patterns and extracts features.
The authors evaluate their method using precision,
recall, F1-score, and accuracy. The experimental
results demonstrate that the proposed method
predicts product backorders on unbalanced data
better than existing cutting-edge methods. The
authors conclude that their method can predict
product backorders and can be applied to other
unbalanced datasets. Deep Residual Attention
Network (DRAN) was the moniker given to the
novel deep learning model that Liu et al. (2023)
proposed for predicting stock prices. The DRAN
is a multi-input, multi-output network that
combines a convolutional neural network (CNN)
with a residual learning and attention mechanism.
As inputs, the model takes into account both
technical indicators and financial news, and it is
capable of producing both short- and long-term
stock price forecasts. The authors trained and
validated the model using real-world stock price
datasets before comparing its results to those of
other well-known machine learning models,
including Support Vector Regression (SVR),
Random Forest Regression (RFR), and the Long
Short-Term Memory (LSTM) network. The
findings revealed that DRAN outperformed all
other models in terms of accuracy and
consistency of prediction, indicating that it has a
great deal of potential for use in the real world for
stock price forecasting.

Wanjawa (2016) used reference data from the
Nairobi Securities Exchange (NSE) and the New
York Stock Exchange (NYSE) to predict stock
indices using a feedforward complex perceptron
with error backpropagation and 5:21:21:1 with
80% training data in 130,000 circulations.



Nairobi Securities Exchange and New York
Stock Exchange forecasted Mean Absolute
Percentage Error (MAPE) between 0.71 to 2.77
percent. The initial test showed 0.7% prototype
defect. The second test compared the new model
to two others. 1.83 was the lowest Root Mean
Square Error (RMSE) model. MAPE forecasted a
0.71 percent stock return last time. The best
model was 5:21:21:1. The highest accurate
training sets required 1,000 records (80% of the
dataset) trained over 130,000 times.

In addition, a feature importance analysis was
conducted in order to determine which factors
were most influential in determining future stock
values. On the basis of the data, it appears that
certain technical indicators, such as the Relative
Strength Index (RSI) and the Moving Average
Convergence Divergence (MACD), are more
significant than others, whereas the sentiment of
news articles has a relatively minor effect on the
forecast performance. Overall, the research
presents a novel, deep learning-based method for
predicting stock prices. This strategy has
potential utility for financial analysts and
investors.

Despite the fact that these machine learning
approaches have been quite effective, there are
still many obstacles to overcome before they can
be successfully applied to stock price prediction.
Due to their susceptibility to rapid shifts and high
levels of volatility, the availability of financial
data presents a significant obstacle. In addition,
market trends, economic conditions, and
geopolitical events must be taken into account

because they have the ability to affect stock prices.

In general, the findings of these studies
suggest that machine learning algorithms may be
useful for predicting stock price fluctuations. To
improve the accuracy of these models, it is useful
to combine information from multiple sources,
such as social media, technical indicators, and the
tone of news articles. Optimizing the
performance of a stock price prediction algorithm
by maximizing precision as the error metric is one
of the specific methodologies employed in this
study, and it is a viable approach.

3. METHODOLOGY OF STUDY

The primary objective of this research is to
design a machine learning model that can
accurately forecast the movement of stock prices.
The focus of this study is to develop a model that
not only maximizes profits but also minimizes
potential risks associated with stock trading. The
intended outcome is to make profitable trades by
buying stocks when the market opens and selling
them when the market closes, with a high level of
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confidence that the price will increase or
decrease. We are using the KSE-100 index as our
desired portfolio in which we are interested to
invest.

The historical data of portfolio index price
(KSE-100) is collected from Yahoo Finance
ranging from 1997 to 2023. The downloaded
dataset included the Open, High, Low, Close,
Volume, Dividends and Stock Splits data. The
close prices data is displayed in the line graph
below. The KSE 100 is an index tracking the
performance of the top 100 businesses traded on
Pakistan's Karachi Stock Exchange (KSE). In this
line graph, the time period is shown along the
horizontal axis, which extends from 1997 to 2023.
The value of the KSE 100 index is plotted against
time on the vertical axis. If the line is going up or
down, that means the market is doing well or
poorly. If the line is rising, market performance is
improving; if it is falling, market performance is
deteriorating. The line chart of the KSE 100 may
show some spikes and dips that signify temporary
market movements. They may result from
national or international economic situations,
political unrest, or other factors. The line's long-
term trend, however, reveals the market's
cumulative performance over time.

Figure 1. Line Graphs of Close Price KSE-
100

1
b

The dataset is organized to make projections
about future stock prices based on previous stock
prices. The dataset has been divided into two
sections: the training data section and the test data
section. The machine learning model is trained
with the help of the training data, while the
performance of the model is assessed with the
assistance of the test data. Therefore, we need to
prepare the data before we can make any
predictions regarding whether or not there will be
an increase in the price of the stock tomorrow
based on the data from today. Our goal is to
determine whether the price of the stock goes up
or down the following day, which is represented
by the numbers 1 and 0 correspondingly. We will



move the data from the days before "forward" by
one day so that we can utilize historical data to
create forecasts. This will help us avoid making
the typical mistake of using the same day's data
for prediction, which is quite common. In the end,
we finished off the process of creating our
training data set by combining the shifted data
with the target variable.

4., RESULT AND INTERPRETATION

The process of training the model can then
begin when the data has been partitioned into two
sections. The act of teaching a machine learning
model to recognize patterns in data and to make
correct predictions or judgments based on those
patterns is referred to as "model training.” In
order to set up the target, we start by making a
new 'DataFrame’ called 'data’ and copying the
'Close’ column into it. After that, we rename the
column to ‘'actual_close' and save the changes.
Because of this, we are able to monitor the real
price at which the market closed each day. Next,
we will build up the target by using the pandas
rolling function to examine every two rows of the
DataFrame. This will allow us to set up the target.
This enables us to evaluate how the closing price
of one day stacks up against the pricing of the
following day. If the price at the end of the second
trading day is higher than the price at the end of
the first trading day, we will put a value of one in
the Target column to indicate that the price
increased. If the price at the end of the second day
is lower than or equal to the price at the end of the
first day, we put a value of 0 in the 'Target'
column to indicate that the price went down. For
the sake of this comparison, the 'Close' column
will be utilized. The resulting 'Target' column has
been updated to include the binary values that
predicted by our machine learning model. The
whole training process is discussed below;

Let X represent the historical data for the
stock price, and let Y represent the target variable
that indicates whether or not there is an increase
or decrease in the stock price tomorrow (1 or 0,
respectively). This can be  expressed
mathematically as follows:

X = {x1,%5,%3,...,Xp}

Y = {yl, Y2, Y3:---:Yn}

where n refers to the total number of data points
in the collection.

In order to get the data ready for machine
learning, we have to move the data from the days
before "forward" by one day so that we are not
making predictions based on the same-day data.
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This may be represented as:
X_shifted = {x5,%3,X4,..., Xp, Xns1}

Y_shifted = {y2,¥3, Y4 ---) Yns Yn+1}
where X_shifted and Y_shifted represent the
shifted data.

We may generate our own training dataset by
combining the data that has been shifted with the
variable that represents the target, and this dataset
can be described as follows:

Training data:

Training data: {(x2,¥2), (x3,¥3), (X4, Ya), -+, (X, Yn)}

To summarize, the following equation can be
used to represent the process that was stated in the
previous paragraph:

Training data: {(X_shifted|[i],Y_shifted|[i])}
fori=1ton-1

Training data: (X_shifted[i],Y_shifted[i) for i
= 1 to n-1, where X_shifted[i] represents the ith
element in the shifted X data and Y_shifted]i]
represents the ith element in the shifted Y data. n
is the total number of elements in the data set.

After training the model, the first 10 values of
the data are showed in the table, it clearly shown
if the values are increasing, the target value is
given as 1 and when market decreased, it reported
as value of zero.

Table 1. Data Training

Date Actual_Close Target
1997-07-02 1618.15002 NaN
1997-07-03 1648.84998 1
1997-07-07 1691.68005 1
1997-07-08 1726.17004 1
1997-07-09 1778.51001 1
1997-07-10 1745.34998 0
1997-07-14 1794.64002 1
1997-07-15 1810.83997 1
1997-07-16 1812.78003 1
1997-07-17 1845.30005 1

Now in the next step, we are going to apply
the shift method to the DataFrame at this time,
which will move all of the rows "ahead" by one
business day. Because of this, the prices that were
listed for 1997-07-02 are now associated with
1997-07-03, and the positions of the prices listed
after that have been moved up one row. The
purpose of this is to ensure that we are accurately
projecting future pricing based on historical data.

If we didn't adjust the data in this way, we
would be forecasting prices for 07-03 using data
from 07-03, which would be an inaccurate
assumption. Instead, we need to make our price
predictions for 07-03 using information from 07-
02. If we do not adhere to this concept, our model



might operate well during testing, but it might not
work in the real world, where we do not have
knowledge of tomorrow's pricing to guide our
forecasts. If we do not adhere to this approach,
our model might fail to work in the real world.
After this adjustment in the model, here we are
presenting the first 10 values of our resultant data.

Table 2. Shifting Data "Forward"

Date Open High Low Close
02/07/1997 NaN NaN NaN NaN

03/07/1997 1593 1618 1590 1618
07/07/1997 1617 1649 1612 1649
08/07/1997 1674 1699 1674 1692
09/07/1997 1695 1726 1689 1726
10/07/1997 1727 1786 1711 1779
14/07/1997 1779 1784 1664 1745
15/07/1997 1757 1795 1747 1795
16/07/1997 1797 1830 1795 1811
17/07/1997 1808 1818 1803 1813

The above table clearly indicates that data has
been shifted forward by one day, as mentioned
earlier. The first row now contains NaN values,
as there is no previous day's data to shift to this
row. The other rows contain the prices and other
information for each day.

The next thing we need to do is combine the
target variable with the columns that will be used
to predict the outcome. In order to accomplish this
goal, we will use the join method on DataFrames.
As soon as we joined all of our data together, we
realized that in order to predict the objective
variable, we are utilizing data from the day
before. The columns "Close,” "Volume," "Open,"
"High," and "Low" are the ones that are retained
to make a prediction about our objective. Table
no 3 represents first 10 values of our trained data,
after incorporating all the previous steps, and now
data is ready for creating our machine learning
model.

Table 3. Final Training Data for Machine
Learning Model

Dates Close  Target Close Open High Low
3 July 1649 1 1618 1593 1618 1590
7 July 1692 1 1649 1617 1649 1612
8 July 1726 1 1692 1674 1699 1674
9 July 1779 1 1726 1695 1726 1689
10 July 1745 0 1779 1727 1786 1711
14 July 1795 1 1745 1779 1784 1664
15 July 1811 1 1795 1757 1795 1747
16 July 1813 1 1811 1797 1830 1795
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17 July 1845 1 1813 1808 1818 1803

21 July 1912 1 1845 1812 1845 1809

4.1 Setting Up the Machine Learning Model,
Random Forest Classifier

The following step is to apply machine
learning techniques in order to develop a
trustworthy model for predicting stock prices. We
have also made our way here in order to use the
random forest classifier for the same purpose.
Because it can detect nonlinear correlations in the
data and is reasonably resistant to overfitting
provided that the appropriate parameters are used,
arandom forest classifier is an excellent choice as
a default model for many applications. This is due
to the fact that it may be used to classify the data.

The Random Forest Classifier is a method of
machine learning that generates forecasts through
the utilization of a forest of decision trees. The
following econometric equation can be used to
represent the Random Forest Classifier
algorithm:

y =fX,0) + ¢

Where: y is the binary target variable that
represents the increase or decrease in market
prices of the portfolio (1 if the price went up, 0 if
it went down), X is a matrix of predictor variables
that includes past returns portfolio data, is a
vector of unknown parameters that the algorithm
seeks to estimate through training, and is the error
term that represents the difference between the
predicted values and the actual values. y is a
binary target variable that represents the increase
or decrease in market prices of the portfolio.

The random forest model is trained on the
data, and the function f(X, 0) is the model's output
for making predictions about the target variable.
It is a collection of decision trees, with each tree
being constructed from a different random subset
of the predictor variables and a different random
sample of the data. The results of each tree are
added together before being used in the final
prediction.

The following are the specific parameters of
the model that are being used in this equation:
n_estimators equals 100, which is the number of
decision trees that make up the ensemble;
min_samples_split equals 200, which is the bare
minimum amount of samples that must be
collected in order to split a node in a decision tree;
random_state equals 1, which is the random seed
that ensures repeatability.



4.2 Training the Model

When we've finished configuring the model,
we'll be able to train it using the most recent one
hundred rows of the dataset. For the purpose of
predicting the next price, we are use all of the
data, with the exception of the most recent 100
rows. When working with data from a time series,
it is imperative that you never utilize information
from the future to try to understand the past.

The fit technique educates the model by
training it to make accurate predictions using our
predictors. The following is a representation of
this process that may be made using econometric
equations:

Let Y, the future price of the KSE-100 index,
be the goal variable representing an increase or
reduction in the future (1/0), and let X, the
behavior of past prices, serve as the predictor
variables. Let Y be the target variable. We have
historical data for the past T time periods, which
are designated as (;, X;) fort=1, 2, ..., T. These
data cover the entirety of the time period in
question. We wish to train a random forest
classifier model to predict the direction of Y for
the last 100 periods, and we will use the 100 data
that we have collected.

The model can be represented as:

Yo = f(Xe) + e

where f(.) is the function that maps X to Y,
and e; is the error term at time t. The random
forest algorithm estimates this function using an
ensemble of decision trees.

To train the model, we use the fit method with
the following input arguments:

model. fit(X[:T — 100],Y[: T — 100])

This trains the model on the previous
observations of X and Y.

After training the model, we can use it to
predict the direction of Y for the last 100 periods:
Y _pred = model.predict(X[T — 100:])

This predicts the direction of Y using the
trained model on the last 100 observations of X.

4.3 Classification of The Accuracy Of The
Model

We utilized the model's precision as the error
metric so that we could determine how accurate it
was. The ratio of the overall number of true
positives to the total number of positive
predictions makes up the accuracy score. A high
precision score indicates that the model
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accurately predicted positive values; in other
words, when the model projected that the stock
prices would go up, they actually went up. This is
the same thing as saying that the model correctly
forecasted negative values.

However, the current model has a precision score

of 0.48, which indicates that the model's
predictions are not very accurate and should not
be relied upon. This indicates that the model has
to be further refined because the stock prices only
went up 48% of the time when the algorithm
predicted that they would go up.

Figure 2. Confusion Matrix

Confusion Matrix

Fredicted

The actual values are listed in the rows, while
the expected values are listed in the columns. In
light of the confusion matrix presented here, the
model made the following predictions: 38 true
negatives (TN), 13 true positives (TP), 14 false
positives (FP), and 35 false negatives (FN). This
indicates that 38% of the observations were
correct, 14% of the observations were erroneous,
35% of the observations were false negatives, and
13% of the observations were correct.

It would appear that the model is not
functioning up to expectations because it is only
correct 48% of the time for the direction. We may
look into this matter further by making a graph
that compares the projected numbers to the actual
values. The figure demonstrates that the model
forecasted that the price would continue to
increase each day. It does not make any
predictions on the movement of the data.
Therefore, despite the fact that this is not the best
possible scenario, we need to make some
adjustments to our model before moving on to the
subsequent stage of backtesting.



Figure 3. Prediction Plot
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On the other hand, this is merely the
preliminary configuration of our model to check
that everything is operating as it should.
Backtesting our model using the full price history
will allow us to derive an error metric that is
representative of the true level of error. After we
have finished putting the model together, the
following step will be to do this.

4.4 Backtesting of the Model

It is vital to generate predictions on the whole
dataset in order to improve our model rather than
only focusing on the 100 most recent rows alone.
By doing so, we are able to acquire an estimate of
the model's inaccuracy that is more accurate; this
is because the market conditions over the past 100
days may have been exceptional and may have an
impact on future projections.

Backtesting, in which we only use data that
was collected before the day we are attempting to
predict, is something that needs to be done in
order for this to be possible. It is not feasible to
use data from the future to anticipate what
happened in the real world in the past. Because of
this, we must steer clear of using data collected
after the day for which we are making a
prediction.

Backtesting is accomplished by recursively
going over all of the data in the dataset and
training a model at intervals of 750 rows. Now
that the process has been outlined, we will
develop a function that will help us follow it,
which will prevent us from having to rewrite the
code each time we wish to run a backtest. We
should train the model more frequently than every
750 rows, however for the sake of efficiency, we
will increase this number. Idealistically, we
should train the model more frequently than every
750 rows.

The result of performing backtesting and
making adjustments to the hyper-parameters of
the model yielded a new precession score of 58%.
The previous score, which was just 48% accurate,
has been significantly improved to 58%,

158

representing a huge rise. Backtesting and hyper-
parameter tweaking are two critical processes that
must be completed in order to improve the overall
performance of a machine learning model.

Following is the classification table after
backtesting the model:

Table 4. Classification Table

F1-

Class  Precision Recall Support
score
0 47% 76% 58% 2001
1 58% 28% 38% 2384
Total  53% 52% 48% 4385

This table shows the performance of the
classifier on the test set. The precision for class
0.0 is 47%, which means that when the classifier
predicts a stock will go down, it is correct 47% of
the time. The recall for class 0.0 is 76%, which
means that of all the stocks that actually went
down, the classifier identified 76% of them
correctly. The F1-score for class 0.0 is 58%,
which is the harmonic mean of precision and
recall for that class.

The precision for class 1.0 is 58%, which
means that when the classifier predicts a stock
will go up, itis correct 58% of the time. The recall
for class 1.0 is 28%, which means that of all the
stocks that actually went up, the classifier
identified only 28% of them correctly. The F1-
score for class 1.0 is 38%, which is the harmonic
mean of precision and recall for that class.

Overall, the classifier has an accuracy of 50%,
which is not very good. The macro average of
precision, recall, and F1-score is around 52%,
while the weighted average is around 48%. This
suggests that the classifier is performing well on
either class then the previous results, but although
may need further improvements.

The precision score could be enhanced with
the help of the number of factors, enhancement of
the historical data, selection of the more stable
market, inclusion of the more factors that
determine the future price, selection of the more
comprehensive technique and selection of more
economic indicators.

Figure 4.Prediction Plot after Backtesting



For investors and financial organizations who
rely on accurate and timely projections of stock
values, the results of this study have major
significance. Investors can have the ability to
make more educated investment decisions and
potentially earn higher returns by employing
techniques from the field of machine learning to
conduct analyses of past data and make
predictions about future prices.

This study also sheds insight on the possible
applications of machine learning in financial
forecasting and analysis. As research into
artificial intelligence continues to make strides
forward, there is a growing possibility that
financial analysis will benefit from the
application of machine learning algorithms,
which are expected to enhance both accuracy and
efficiency.

On the other hand, it is essential to keep in
mind that machine learning models are not
infallible and do not guarantee correct predictions
in all situation. When making decisions about
their investments, investors should always
exercise caution and consider the forecasts
generated by machine learning as only one of
numerous relevant aspects.

5. FUTURE DIRECTIONS

The current model employs a Random Forest
classifier, which is a machine learning method
that is utilized frequently. On the other hand,
there are more sophisticated algorithms such as
neural networks, deep learning, and gradient
boosting, all of which have the potential to
improve the accuracy of the model. These
algorithms are capable of capturing relationships
that are more intricate between the features and
the target variable.

The use of sentiment analysis of news stories
and social media can provide additional
information about how the market feels about a
specific asset if it is done correctly. The process
of employing techniques from natural language
processing to extract and quantify feelings,
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opinions, and attitudes included within text data
is referred to as sentiment analysis. A gauge of the
market's optimism or pessimism about a specific
asset can be obtained through sentiment analysis,
which can then be utilized to improve the model's
ability to make accurate forecasts.

Alternative Data Sources Satellite imagery
and web scraping are just two examples of the
many alternative data sources that are available
and have the potential to provide useful
information regarding the industry. Web scraping
can provide real-time data on consumer behavior
and online transactions, whilst satellite imagery
can provide insights into economic activity and
commodity production. Satellite imagery can also
provide insights into consumer behavior. The
accuracy of the model could potentially be
improved by including these alternative data
sources.

The existing model makes use of technical
indicators as features; however, it is possible that
other features, such as price-volume connections
and volatility measures, can be derived from the
data that is currently available and incorporated
into the model. The accuracy of the model can be
improved by the use of feature engineering,
which provides a more thorough depiction of the
dynamics of the market.

Ensemble methods involve the combination
of numerous models in order to increase the
overall accuracy of the forecast. For instance, the
model may be integrated with a number of other
classifiers or regression models in order to
generate an ensemble of models that produce
predictions by cooperating with one another.
Ensemble approaches have the potential to lessen
the likelihood of overfitting and to improve the
generalization performance of the model.

6. CONCLUSION

This study intends to investigate the
application of machine learning strategies to the
forecasting of stock prices. Using historical data
from the Pakistan stock market, we trained a
Random Forest classifier to predict whether the
price of a stock will increase or decrease in the
future. They employ technical indicators such as
moving averages and the relative strength index
(RSI) as model characteristics. The tuning
procedure for hyperparameters, backtesting, and
model evaluation are discussed.

After completing the backtesting procedure,
the results indicate that the Random Forest
classifier has a precision score of 58%, which is
an improvement over the previous score of 48%.
However, the model's accuracy is only 58%,
which still requires refinement. With the addition



of more factors, the improvement of historical
data, the selection of a more stable market, the
inclusion of more factors that determine the future
price, the selection of a more comprehensive
technique, and the selection of more economic
indicators, the precision score can be enhanced.

Future directions for improving the model's
accuracy are also provided, including the use of
more advanced algorithms such as neural
networks, deep learning, and gradient boosting;
sentiment analysis of news articles and social
media; the use of alternative data sources such as
satellite imagery and web scraping; and feature
engineering. At the conclusion of the article, the
author reminds readers that machine learning
algorithms are not foolproof and that investors
must exercise prudence when making investment
decisions.
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