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ABSTRACT 
Financial markets are rich in information and encompass a wide range of variables. Contrary to the 
efficient market hypothesis, extensive research has been conducted to predict asset prices with 
promising accuracy. However, developing robust models requires the extraction of meaningful 
information from the available datasets. This study focuses on the main Egyptian stock exchange 
indices (EGX 30, EGX 50, EGX 70, and EGX 100) and constructs alternative portfolios by identifying 
significant linear combinations of the EGX components. This is achieved through the application of 
principal component analysis (PCA) followed by a missing data prediction technique. The results 
highlight the importance of the principal components derived from the analysis. Cross-validation (CV) 
of principal component regression (PCR) reveals that the most significant insights are obtained by 
analyzing trends in INDEXOPEN, INDEXHIGH, INDEXLOW, and INDEXCLOSE over time. These 
trends provide valuable insights into the overall performance of the index. The correlation coefficients 
between these indicators range from -1 to 1, where 1 indicates a perfect positive relationship, -1 
indicates a perfect negative relationship, and 0 indicates no linear relationship. The analysis 
demonstrates very strong correlations (close to 1) between INDEXOPEN, INDEXHIGH, INDEXLOW, 
and INDEXCLOSE, indicating that these indicators move in tandem significantly. 

Keywords: Machine Learning - Predict Missing Values -Egyptian Stock Exchange 
Introduction 

The Egyptian Stock Exchange (EGX) is one of 
the oldest financial markets in the Arab region 
and plays a pivotal role in the Egyptian 
economy. As the volume of financial data 
continues to grow, analyzing this data has 
become increasingly complex. A significant 
challenge faced by analysts and researchers is 

the presence of missing values in financial 
datasets, which can compromise the accuracy of 
analyses and predictions. 

This study investigates the application of 
machine learning techniques to predict missing 
values in data from the Egyptian Stock 
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Exchange. By addressing this issue, the 
research aims to enhance data quality and 
improve the reliability of financial analyses. 
Machine learning, a branch of artificial 
intelligence, enables systems to learn patterns 
and relationships from data without explicit 
programming. This capability allows for the 
development of models that can adapt to new 
information and improve over time. The 
performance of machine learning depends on 
the selection and implementation of appropriate 
algorithms, which are designed to process large 
datasets and generate actionable insights. These 
insights can assist business owners and 
investors in making informed decisions. 

Machine learning mimics human problem-
solving by enabling systems to tackle complex 
challenges, even when encountering unfamiliar 
scenarios. When faced with a new problem, a 
machine learning system can explore potential 
solutions and adapt its approach based on the 
nature of the data. Key functions of machine 
learning include extracting relevant data, 
analyzing it to generate interpretable 
information, predicting future outcomes, and 
adapting to evolving conditions to produce 
innovative solutions. These capabilities make 
machine learning a powerful tool for addressing 
dynamic challenges in various fields. 

In the context of financial markets, machine 
learning has emerged as a transformative 
technology for forecasting and decision-
making. By leveraging artificial intelligence 
and advanced data analysis, machine learning 
can predict future trends and events with 
increasing accuracy. Its applications span 
diverse sectors, including e-commerce, 
marketing, healthcare, and finance. Recent 
advancements in machine learning algorithms 
have significantly improved predictive 

accuracy, enabling more reliable decision-
making processes. However, forecasting stock 
performance remains a complex scientific 
challenge due to the vast and dynamic nature of 
trading data. This study highlights the 
importance of employing machine learning 
methods to predict stock performance, 
demonstrating how these techniques can assist 
investors in making data-driven decisions. 

Machine learning models [9, 10] 
Machine learning is a branch of artificial 
intelligence that uses statistical techniques to 
enable systems to learn and improve their 
performance on specific tasks over time. It 
focuses on identifying patterns within target 
datasets. Essentially, machine learning involves 
using algorithms to analyze data, derive 
insights, and make decisions or predictions 
based on that information. In summary, 
machine learning is a field dedicated to 
developing models that can learn from data and 
predict future outcomes without explicit 
programming. 

requiring detailed programming for every task. 
It serves as a bridge between traditional 
artificial intelligence and deep learning. Deep 
learning, a subset of machine learning, aims to 
simulate the human brain by constructing 
neural networks capable of handling complex 
data with higher precision. 

There are two types of Machine Learning 
models. On the one hand, Supervised Learning 
involves training a machine using a dataset with 
labeled examples. The machine learns from this 
data to identify patterns and make predictions 
based on new, unseen data. It is commonly used 
in social sciences for tasks such as classification 
and regression. On the other hand, 



Journal of Communication Sciences and  
Information Technology (JCSIT) 
An International Journal  

 

 

    Volume 7. 2025                                                                                                                                                                        12 
 

Unsupervised Learning, where the machine is 
given a dataset without any labelled responses. 
The machine independently seeks out patterns 
and relationships within the data. Unsupervised 
learning is employed when dealing 

with large volumes of unclassified data, and it 
often involves iterative techniques such as deep 
learning to identify hidden structures and 
insights. In the following, we present the Four 
Machine Learning Models in detail. 

 
Fig. 1. Data Mining Task (7). 

To use the prediction of missing values, the 
researcher used the prediction algorithms 
(Random Forests and Linear Regression), 
which can be exposed as follows: 

Linear Regression [10, 11]. 

In simple linear regression, represented the 
combined effect upon the dependent variable of 
all the important variables not included in the 
model. It seems only natural, therefore, that we 
might wish to add variables we think are 
significant to the model to reduce the 
(unexplained) random variation in the 
dependent variable, i.e., producing a better-
fitting model. 

The model for multiple linear regression is 
given by 

Y = X1 + X2 + … + k Xk + , where 

 k equals the number of independent variables 
in the model 

 Xi is the ith independent variable (out of k) 
 Y and   are random variables 
 are the parameters  

II   Assumptions 
The Multiple Linear Regression model, Y = 
X1 + X2 + … + kXk + , makes two different 
kinds of assumptions. 

A. Linearity 
 The first of these, mentioned previously, 

postulates that the dependent variable Y is 
linearly related to the collection of 
independent variables taken together, i.e., Y 
= X1 + X2 + … + kXk. 

The Simple Linear Regression model Y = 
X hypothesizes that the relationship between 
Y and X can best be described by a line. 
Similarly, the Quadratic (Polynomial) model Y 
= X + X

2 hypothesizes that the relationship 
follows a parabola. The Multiple Linear 
Regression model Y = X1 + X2, 
hypothesizes that the relationship between the 
dependent variable Y and the independent 
variables X1 and X2 can be pictured as a plane. 
The picture below right shows such a plane. 
This model may be suggested by experience, 
theoretical considerations, or exploratory data 

analysis.    

 Mean Squares [12, 13]. 
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While a sum of squares measures the total 
variation, the ratio of a sum of squares to its 
degrees of freedom is a variance. The advantage 
of a variance is that it can be used to compare 
different data sets and different models (since it 
incorporates information about the size of the 
sample and the number of independent 
variables used in the model). These variances 
are called mean squares. 
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“Review of Basic Statistical Concepts”). You 
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the dependent variable explained by the model, 
the        Mean Square for Regression.  

Data description and preprocessing  

This research deals with the EGX 30 index, 
which is a market value-weighted index of the 
30 largest companies in terms of activity and 
liquidity. However, the Egyptian economy and 
political systems have witnessed a period of 
instability that has caused economic instability 
around the world for the past three years. After 
that, we studied the EGX 30 price index and its 
components for the past three years, where the 
total number of shares registered during this 
period was 42 shares. Description of individual 
stocks’ names, symbols, and sectors is provided 

in Table 1.  

 
This image depicts a table with summary 
statistics for a dataset. The dataset appears to 
contain information about some kind of index, 
potentially financial, over a period of time. 
Here's a breakdown of the information 
provided: 

Columns: 

INDEXDATE: The date of the record. 

INDEXOPEN: The opening value of the index 
on that date. 
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INDEXHIGH: The highest value of the index 
on that date. 

INDEXLOW: The lowest value of the index on 
that date. 

INDEXCLOSE: The closing value of the index 
on that date. 

TRADE_VOLUME: The volume of trades on 
that date. 

TRADE_VALUE: The total value of trades on 
that date. 

INDEXCODE _sentiment: A sentiment score 
associated with the index on that date. 

Summary Statistics: 

count: The number of records in the dataset 
(2586). 

mean: The average value for each column. For 
example, the average INDEXOPEN is 
approximately 8497. 

min: The minimum value for each column. 

25%: The 25th percentile value for each 
column. This means that 25% of the data falls 
below this value. 

50%: The median value for each column. This 
is the middle value when the data is sorted. 

75%: The 75th percentile value for each 
column. This means that 75% of the data falls 
below this value. 

max: The maximum value for each column. 

std: The standard deviation for each column. 
This measures the spread or dispersion of the 
data around the mean. 

Observations: The dataset spans a considerable 
period, as indicated by the count of 2586 
records. 

The INDEXCODE _sentiment has a mean of 
0.0, suggesting that the sentiment associated 
with the index is generally neutral or 
unavailable. 

The standard deviation for INDEXDATE is 
NaN, which is expected since it's a date column 
and not a numerical value. 

Potential Insights: By analyzing the trends in 
INDEXOPEN, INDEXHIGH, INDEXLOW, 
and INDEXCLOSE over time, one could gain 
insights into the overall performance of the 
index. 

The TRADE_VOLUME and TRADE_VALUE 
could provide information about the level of 
trading activity associated with the index. 

 
This image shows a table containing a 
correlation matrix for data. The data appears to 
include information about some type of index, 

perhaps financial, over a period of time. Here is 
a detailed breakdown of the information 
provided: 
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Columns: 

INDEXOPEN: The index's opening value on 
that date. 

INDEXHIGH: The highest value of the index 
on that date. 

INDEXLOW: The lowest value of the index on 
that date. 

INDEXCLOSE: The index's closing value on 
that date. 

TRADE_VOLUME: The trading volume on 
that date. 

TRADE_VALUE: The total trading value on 
that date. 

INDEXCODE _sentiment: The degree of 
significance associated with the index on that 
date. 

Correlation Matrix: This matrix displays the 
correlation coefficients between each pair of 
columns. The correlation coefficient measures 
the strength and direction of a linear 
relationship between two variables. 

Correlation coefficient values range from -1 to 
1. 1 means a perfect positive relationship, -1 
means a perfect negative relationship, and 0 
means no linear relationship. 

There are very strong correlations (close to 1) 
between INDEXOPEN, INDEXHIGH, 
INDEXLOW, and INDEXCLOSE. This 
indicates that these indicator values move 
significantly together. 

Research Methodology 

The analysis reveals weaker correlations, 
ranging approximately from 0.44 to 0.46, 
between TRADE_VOLUME and TRADE_V
ALUE and the indicator values. While these 
correlations indicate a positive relationship, 
they are notably weaker compared to the strong 
relationships observed among the indicator 
values themselves. Furthermore, the 
variable INDEXCODE_sentiment contains 
only NaN values, suggesting that this data is 
either unavailable or irrelevant for the analysis. 

The correlation matrix serves as a valuable tool 
for identifying variables that may contribute to 
modeling or analyzing the behavior of an 
indicator. For example, the observed 
correlations 
between TRADE_VOLUME, TRADE_VALU
E, and the indicator values suggest that these 
trading metrics could be incorporated into 
predictive models to improve their accuracy. 
Visual representations, such as heatmaps, can 
further enhance the interpretation of the 
correlation matrix by providing an intuitive 
depiction of the strength and direction of 
relationships, thereby facilitating the 
identification of meaningful patterns. 

In summary, the correlation matrix highlights 
strong interrelationships among the indicator 
values and weaker, yet positive, relationships 
between trading metrics and the indicator 
values. These findings provide valuable insights 
for selecting relevant variables in predictive 
modeling and analyzing the behavior of 
financial indicators. 
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Fig. 2. Distribution of INDEXOPEN 

This graph illustrates the distribution 
of INDEXOPEN, which represents the opening 
price of the index on the stock exchange. The 
horizontal axis (X-axis) corresponds to the 
values of INDEXOPEN, indicating the 
opening price of the index, while the vertical 
axis (Y-axis) represents the frequency of these 
values, i.e., the number of times a specific 
opening price occurs in the dataset. Each bar in 
the graph corresponds to a range 
of INDEXOPEN values, with the height of the 
bar reflecting the frequency of values within 
that range. Additionally, a curve is overlaid on 
the graph, representing an estimate of the 
probability density distribution of the data. This 
curve provides insight into the overall shape 
and characteristics of the data distribution. 

The graph reveals that the distribution 
of INDEXOPEN is multimodal, characterized 
by two or more distinct peaks. This suggests the 
presence of multiple datasets or conditions that 
result in different INDEXOPEN values. A 

primary peak is observed in the range of 6000–
8000, while a secondary peak appears in the 
range of 14,000–16,000. This bimodal structure 
may indicate distinct time periods or varying 
market conditions that influenced the opening 
prices. Furthermore, the distribution deviates 
from a normal (bell-shaped) distribution, 
exhibiting some degree of skewness. This 
skewness implies the presence of outliers or 
anomalous values within the dataset. 

These findings suggest that INDEXOPEN may 
be influenced by a variety of factors, leading to 
significant fluctuations in the opening prices. 
Further analysis is warranted to investigate the 
underlying causes of the multimodal 
distribution and to identify the factors 
contributing to the observed peaks. 
Understanding the distribution 
of INDEXOPEN can provide valuable insights 
for making informed investment decisions and 
enhancing analytical models. 
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Fig. 3. Distribution of INDEXHIGH 

This graph depicts the distribution 
of INDEXHIGH, which represents the highest 
price attained by the index on the stock 
exchange during a specific time period. The 
horizontal axis (X-axis) corresponds to the 
values of INDEXHIGH, indicating the highest 
price reached by the index, while the vertical 
axis (Y-axis) represents the frequency of these 
values, i.e., the number of times a 
particular INDEXHIGH price occurs in the 
dataset. Each bar in the graph represents a range 
of INDEXHIGH values, with the height of the 
bar reflecting the frequency of values within 
that range. Additionally, a curve is overlaid on 
the graph, representing an estimate of the 
probability density distribution of the data. This 
curve provides insight into the overall shape 
and characteristics of the data distribution. 

The graph reveals that the distribution 
of INDEXHIGH is multimodal, characterized 
by two or more distinct peaks. This suggests the 
presence of multiple datasets or conditions that 

result in different INDEXHIGH values. A 
primary peak is observed in the range of 6000–
8000, while a secondary peak appears in the 
range of 14,000–16,000. This bimodal structure 
may indicate distinct time periods or varying 
market conditions that influenced the highest 
prices. Furthermore, the distribution deviates 
from a normal (bell-shaped) distribution, 
exhibiting some degree of skewness. This 
skewness implies the presence of outliers or 
anomalous values within the dataset. 

These findings suggest that INDEXHIGH may 
be influenced by a variety of factors, leading to 
significant fluctuations in the highest prices. 
Further analysis is warranted to investigate the 
underlying causes of the multimodal 
distribution and to identify the factors 
contributing to the observed peaks. 
Understanding the distribution 
of INDEXHIGH can provide valuable insights 
for making informed investment decisions and 
enhancing analytical models. 
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Fig. 4. Distribution of INDEXLOW 

This chart illustrates the distribution 
of INDEXLOW, which represents the lowest 
price attained by the index on the stock 
exchange during a specific time period. The 
horizontal axis (X-axis) corresponds to the 
values of INDEXLOW, indicating the lowest 
price reached by the index, while the vertical 
axis (Y-axis) represents the frequency of these 
values, i.e., the number of times a 
particular INDEXLOW price occurs in the 
dataset. Each bar in the chart represents a range 
of INDEXLOW values, with the height of the 
bar reflecting the frequency of values within 
that range. Additionally, a curve is overlaid on 
the chart, representing an estimate of the 
probability density distribution of the data. This 
curve provides insight into the overall shape 
and characteristics of the data distribution. 

The chart reveals that the distribution 
of INDEXLOW is multimodal, characterized 
by two or more distinct peaks. This suggests the 
presence of multiple datasets or conditions that 

result in different INDEXLOW values. A 
primary peak is observed in the range of 6000–
8000, while a secondary peak appears in the 
range of 14,000–16,000. This bimodal structure 
may indicate distinct time periods or varying 
market conditions that influenced the lowest 
prices. Furthermore, the distribution deviates 
from a normal (bell-shaped) distribution, 
exhibiting some degree of skewness. This 
skewness implies the presence of outliers or 
anomalous values within the dataset. 

These findings suggest that INDEXLOW may 
be influenced by a variety of factors, leading to 
significant fluctuations in the lowest prices. 
Further analysis is warranted to investigate the 
underlying causes of the multimodal 
distribution and to identify the factors 
contributing to the observed peaks. 
Understanding the distribution 
of INDEXLOW can provide valuable insights 
for making informed investment decisions and 
enhancing analytical models. 
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Fig. 5. Distribution of INDEXCLOSE 

This graph illustrates the distribution 
of INDEXCLOSE, which represents the 
closing price of the index on the stock exchange 
during a specific time period. The horizontal 
axis (X-axis) corresponds to the values 
of INDEXCLOSE, indicating the closing price 
of the index, while the vertical axis (Y-axis) 
represents the frequency of these values, i.e., 
the number of times a 
particular INDEXCLOSE price occurs in the 
dataset. Each bar in the graph represents a range 
of INDEXCLOSE values, with the height of 
the bar reflecting the frequency of values within 
that range. Additionally, a curve is overlaid on 
the graph, representing an estimate of the 
probability density distribution of the data. This 
curve provides insight into the overall shape 
and characteristics of the data distribution. 

The graph reveals that the distribution 
of INDEXCLOSE is multimodal, characterized 
by two or more distinct peaks. This suggests the 
presence of multiple datasets or conditions that 
result in different INDEXCLOSE values. A 

primary peak is observed in the range of 6000–
8000, while a secondary peak appears in the 
range of 14,000–16,000. This bimodal structure 
may indicate distinct time periods or varying 
market conditions that influenced the closing 
prices. Furthermore, the distribution deviates 
from a normal (bell-shaped) distribution, 
exhibiting some degree of skewness. This 
skewness implies the presence of outliers or 
anomalous values within the dataset. 

These findings suggest 
that INDEXCLOSE may be influenced by a 
variety of factors, leading to significant 
fluctuations in the closing prices. Further 
analysis is warranted to investigate the 
underlying causes of the multimodal 
distribution and to identify the factors 
contributing to the observed peaks. 
Understanding the distribution 
of INDEXCLOSE can provide valuable 
insights for making informed investment 
decisions and enhancing analytical models. 
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Fig. 6. Distribution of TRADE_VOLUME 

This graph illustrates the distribution 
of TRADE_VOLUME, which represents the 
trading volume on the stock exchange over a 
specific time period. The horizontal axis (X-
axis) corresponds to the values 
of TRADE_VOLUME, indicating the trading 
volume, while the vertical axis (Y-axis) 
represents the frequency of these values, i.e., 
the number of times a particular trading volume 
occurs in the dataset. Each bar in the graph 
represents a range 
of TRADE_VOLUME values, with the height 
of the bar reflecting the frequency of values 
within that range. Additionally, a curve is 
overlaid on the graph, representing an estimate 
of the probability density distribution of the 
data. This curve provides insight into the 
overall shape and characteristics of the data 
distribution. 

The graph reveals that the distribution 
of TRADE_VOLUME is right-skewed, 
indicating that a few instances of very high 

trading volume are present, while the majority 
of values are relatively low. A prominent peak 
is observed at the left end of the graph, 
corresponding to smaller trading volumes. As 
the trading volume increases, the frequency of 
values decreases significantly, suggesting that 
large trading volumes are less common. 

These findings suggest that trading volume on 
the stock exchange is highly variable and 
influenced by factors such as economic events, 
political developments, and investor sentiment. 
The presence of large trading volume values 
may correspond to specific periods of intense 
trading activity, such as during significant price 
fluctuations or market events. Further analysis 
could help identify the underlying causes of 
these variations and their implications for 
market behavior. 

Smaller trading volume values may indicate 
quieter time periods, where trading is less 
active. 
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Fig. 7. Distribution of TRADE_VALUE 

This graph illustrates the distribution 
of TRADE_VALUE, which represents the 
trading value on the stock exchange over a 
specific time period. The horizontal axis (X-
axis) corresponds to the values 
of TRADE_VALUE, indicating the trading 
value, while the vertical axis (Y-axis) 
represents the frequency of these values, i.e., 
the number of times a particular trading value 
occurs in the dataset. Each bar in the graph 
represents a range of TRADE_VALUE values, 
with the height of the bar reflecting the 
frequency of values within that range. 
Additionally, a curve is overlaid on the graph, 
representing an estimate of the probability 
density distribution of the data. This curve 
provides insight into the overall shape and 
characteristics of the data distribution. 

The graph reveals that the distribution 
of TRADE_VALUE is right-skewed, 
indicating that a few instances of very high 

trading values are present, while the majority of 
values are relatively low. A prominent peak is 
observed at the left end of the graph, 
corresponding to smaller trading values. As the 
trading value increases, the frequency of values 
decreases significantly, suggesting that large 
trading values are less common. 

These findings suggest that trading value on the 
stock exchange is highly variable and 
influenced by factors such as economic events, 
political developments, and investor sentiment. 
The presence of large trading values may 
correspond to specific periods of intense trading 
activity, such as during significant price 
fluctuations or market events. Conversely, 
smaller trading values may indicate quieter 
periods with less trading activity. Further 
analysis could help identify the underlying 
causes of these variations and their implications 
for market behavior. 
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Fig. 8. Distribution of INDEXCODE _sentiment 

This chart illustrates the distribution 
of INDEXCODE_sentiment, which represents 
traders’ sentiment toward the performance of 
the index on the stock exchange. The horizontal 
axis (X-axis) corresponds to the values 
of INDEXCODE_sentiment, indicating the 
level of traders’ sentiment, while the vertical 
axis (Y-axis) represents the frequency of these 
values, i.e., the number of times a particular 
sentiment value occurs in the dataset. Each bar 
in the chart represents a range 
of INDEXCODE_sentiment values, with the 
height of the bar reflecting the frequency of 
values within that range. 

The chart reveals that the distribution 
of INDEXCODE_sentiment is nearly uniform, 
meaning that all sentiment values occur with 
similar frequency. There are no distinct peaks or 

trends in the distribution, indicating that traders’ 
sentiment is evenly spread across the available 
range. This uniformity suggests a balanced 
sentiment among traders, with no clear bias 
toward positive or negative outlooks. 

These findings imply that traders’ sentiment on 
the stock exchange may be relatively neutral, 
without significant polarization. Further 
analysis could help uncover the reasons behind 
this uniform distribution, such as market 
stability or the absence of extreme economic or 
political events during the observed period. 
Understanding the distribution 
of INDEXCODE_sentiment can provide 
valuable insights for making informed 
investment decisions and enhancing analytical 
models. 



Journal of Communication Sciences and  
Information Technology (JCSIT) 
An International Journal  

 

 

    Volume 7. 2025                                                                                                                                                                        23 
 

 

Fig. 9.  Relationship between INDEXOPEN and INDEXHIGH 

This chart illustrates the relationship 
between INDEXOPEN, which represents the 
opening price of the index, and INDEXHIGH, 
which represents the highest price the index 
reached during a specific time period. The 
horizontal axis (X-axis) corresponds to the 
values of INDEXOPEN, while the vertical axis 
(Y-axis) represents the values 
of INDEXHIGH. Each point on the chart 
represents a pair 
of INDEXOPEN and INDEXHIGH values for 
a given time period. 

The chart reveals a strong positive relationship 
between INDEXOPEN and INDEXHIGH, 
indicating that higher opening prices are 

associated with higher maximum prices during 
the day. The points are distributed in a nearly 
linear pattern, suggesting a strong linear 
correlation between the two variables. This 
linearity implies that INDEXOPEN can serve 
as a reliable predictor of INDEXHIGH. 

These findings suggest that the opening price of 
the index can be used to estimate the highest 
price it may reach during the trading day. 
Understanding this relationship can provide 
valuable insights for making informed 
investment decisions and improving analytical 
models. Further analysis could explore 
additional factors influencing this relationship 
and refine predictive accuracy. 
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Fig. 10.  Chart shows the distribution of the INDEXOPEN 

This chart illustrates the distribution 
of INDEXOPEN, the opening price of the 
index on the stock exchange, using a Box and 
Whisker Plot. This type of plot provides a 
statistical summary of the data, highlighting key 
features such as central tendency, variability, 
and outliers. The horizontal axis (X-axis) 
represents the values of INDEXOPEN, while 
the vertical axis (Y-axis) provides the scale for 
the distribution. The box in the plot represents 
the interquartile range (IQR), which contains 
the middle 50% of the data, spanning from the 
first quartile (Q1) to the third quartile (Q3). The 
vertical line inside the box indicates 
the median, the middle value of the dataset. 
The whiskers extend from the box to the 
furthest data points within 1.5 times the IQR, 
and any data points beyond the whiskers are 
considered outliers, representing extreme 
values. 

The chart reveals that the distribution 
of INDEXOPEN is right-skewed, indicating 
that a few instances of very high opening prices 

are present, while the majority of values are 
relatively low. The extended length of the box 
suggests significant variability 
in INDEXOPEN values. Additionally, several 
outliers are observed at the right end of the 
chart, representing extreme high values for the 
opening price. These outliers may correspond to 
periods of significant market volatility or 
unusual trading activity. 

These findings suggest that the opening price of 
an index on the stock exchange can be highly 
variable and influenced by factors such as 
economic events, political developments, and 
investor sentiment. The presence of extreme 
high values may indicate specific time periods 
characterized by heightened market activity or 
volatility. Understanding the distribution 
of INDEXOPEN can provide valuable insights 
for making informed investment decisions and 
improving analytical models. Further analysis 
could explore the underlying causes of these 
extreme values and their implications for 
market behavior. 

 
Fig. 11.  Chart shows the distribution of INDEXHIGH 

This chart illustrates the distribution 
of INDEXHIGH, the highest price reached by 

the index on the stock exchange during a 
specific time period, using a Box and Whisker 
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Plot. This type of plot provides a statistical 
summary of the data, highlighting key features 
such as central tendency, variability, and 
outliers. The horizontal axis (X-axis) represents 
the values of INDEXHIGH, while the vertical 
axis (Y-axis) provides the scale for the 
distribution. The box in the plot represents the 
interquartile range (IQR), which contains the 
middle 50% of the data, spanning from the first 
quartile (Q1) to the third quartile (Q3). The 
vertical line inside the box indicates 
the median, the middle value of the dataset. 
The whiskers extend from the box to the 
furthest data points within 1.5 times the IQR, 
and any data points beyond the whiskers are 
considered outliers, representing extreme 
values. 

The chart reveals that the distribution 
of INDEXHIGH is right-skewed, indicating 
that a few instances of very high maximum 
prices are present, while the majority of values 
are relatively low. The extended length of the 

box suggests significant variability 
in INDEXHIGH values. Additionally, several 
outliers are observed at the right end of the 
chart, representing extreme high values for the 
maximum price. These outliers may correspond 
to periods of significant market volatility or 
unusual trading activity. 

These findings suggest that the highest price of 
an index on the stock exchange can be highly 
variable and influenced by factors such as 
economic events, political developments, and 
investor sentiment. The presence of extreme 
high values may indicate specific time periods 
characterized by heightened market activity or 
volatility. Understanding the distribution 
of INDEXHIGH can provide valuable insights 
for making informed investment decisions and 
improving analytical models. Further analysis 
could explore the underlying causes of these 
extreme values and their implications for 
market behavior. 

 
Fig. 12. Chart shows the distribution of INDEXLOW 

This chart illustrates the distribution 
of INDEXLOW, the lowest price reached by 
the index during a specific time period, using 
a Box and Whisker Plot. This type of plot 
provides a statistical summary of the data, 

highlighting key features such as central 
tendency, variability, and outliers. The 
horizontal axis (X-axis) represents the values 
of INDEXLOW, while the vertical axis (Y-
axis) provides the scale for the distribution. 
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The box in the plot represents the interquartile 
range (IQR), which contains the middle 50% of 
the data, spanning from the first quartile (Q1) to 
the third quartile (Q3). The vertical line inside 
the box indicates the median, the middle value 
of the dataset. The whiskers extend from the 
box to the furthest data points within 1.5 times 
the IQR, and any data points beyond the 
whiskers are considered outliers, representing 
extreme values. 

The chart reveals that the distribution 
of INDEXLOW is right-skewed, indicating 
that a few instances of very low prices are 
present, while the majority of values are 
relatively higher. The extended length of the 
box suggests significant variability 
in INDEXLOW values. Additionally, several 
outliers are observed at the right end of the 

chart, representing extreme low values for the 
index. These outliers may correspond to periods 
of significant market volatility or unusual 
trading activity. 

These findings suggest that the lowest price of 
an index on the stock exchange can be highly 
variable and influenced by factors such as 
economic events, political developments, and 
investor sentiment. The presence of extreme 
low values may indicate specific time periods 
characterized by heightened market activity or 
volatility. Understanding the distribution 
of INDEXLOW can provide valuable insights 
for making informed investment decisions and 
improving analytical models. Further analysis 
could explore the underlying causes of these 
extreme values and their implications for 
market behavior. 

 
Fig. 13. Chart shows the distribution of the INDEXCLOSE 

This chart illustrates the distribution 
of INDEXCLOSE, the closing price of the 
index on the stock exchange over a specific 
time period, using a Box and Whisker Plot. 
This type of plot provides a statistical summary 
of the data, highlighting key features such as 

central tendency, variability, and outliers. The 
horizontal axis (X-axis) represents the values 
of INDEXCLOSE, while the vertical axis (Y-
axis) provides the scale for the distribution. 
The box in the plot represents the interquartile 
range (IQR), which contains the middle 50% of 
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the data, spanning from the first quartile (Q1) to 
the third quartile (Q3). The vertical line inside 
the box indicates the median, the middle value 
of the dataset. The whiskers extend from the 
box to the furthest data points within 1.5 times 
the IQR, and any data points beyond the 
whiskers are considered outliers, representing 
extreme values. 

The chart reveals that the distribution 
of INDEXCLOSE is right-skewed, indicating 
that a few instances of very high closing prices 
are present, while the majority of values are 
relatively lower. The extended length of the box 
suggests significant variability 
in INDEXCLOSE values. Additionally, several 
outliers are observed at the right end of the 
chart, representing extreme high values for the 

closing price. These outliers may correspond to 
periods of significant market volatility or 
unusual trading activity. 

These findings suggest that the closing price of 
an index on the stock exchange can be highly 
variable and influenced by factors such as 
economic events, political developments, and 
investor sentiment. The presence of extreme 
high values may indicate specific time periods 
characterized by heightened market activity or 
volatility. Understanding the distribution 
of INDEXCLOSE can provide valuable 
insights for making informed investment 
decisions and improving analytical models. 
Further analysis could explore the underlying 
causes of these extreme values and their 
implications for market behavior. 

 
Fig. 14. Chart shows the distribution of TRADE_VOLUME 

This chart illustrates the distribution 
of TRADE_VOLUME, the trading volume on 
the stock exchange over a specific time period, 
using a Box and Whisker Plot. This type of 
plot provides a statistical summary of the data, 
highlighting key features such as central 
tendency, variability, and outliers. The 
horizontal axis (X-axis) represents the values 
of TRADE_VOLUME, while the vertical axis 
(Y-axis) provides the scale for the distribution. 

The box in the plot represents the interquartile 
range (IQR), which contains the middle 50% of 
the data, spanning from the first quartile (Q1) to 
the third quartile (Q3). The vertical line inside 
the box indicates the median, the middle value 
of the dataset. The whiskers extend from the 
box to the furthest data points within 1.5 times 
the IQR, and any data points beyond the 
whiskers are considered outliers, representing 
extreme values. 
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The chart reveals that the distribution 
of TRADE_VOLUME is right-skewed, 
indicating that a few instances of very high 
trading volumes are present, while the majority 
of values are relatively lower. The extended 
length of the box suggests significant variability 
in TRADE_VOLUME values. Additionally, 
several outliers are observed at the right end of 
the chart, representing extreme high values for 
trading volume. These outliers may correspond 
to periods of significant market volatility or 
unusual trading activity. 

These findings suggest that trading volume on 
the stock exchange can be highly variable and 

influenced by factors such as economic events, 
political developments, and investor sentiment. 
The presence of extreme high values may 
indicate specific time periods characterized by 
heightened market activity or volatility. 
Understanding the distribution 
of TRADE_VOLUME can provide valuable 
insights for making informed investment 
decisions and improving analytical models. 
Further analysis could explore the underlying 
causes of these extreme values and their 
implications for market behavior. 

 

Fig. 15. Chart shows the distribution of TRADE_VALUE 

This chart illustrates the distribution 
of TRADE_VALUE, the value of trading on 
the stock exchange over a specific time period, 
using a Box and Whisker Plot. This type of 
plot provides a statistical summary of the data, 
highlighting key features such as central 
tendency, variability, and outliers. The 
horizontal axis (X-axis) represents the values 
of TRADE_VALUE, while the vertical axis 
(Y-axis) provides the scale for the distribution. 
The box in the plot represents the interquartile 
range (IQR), which contains the middle 50% of 
the data, spanning from the first quartile (Q1) to 
the third quartile (Q3). The vertical line inside 

the box indicates the median, the middle value 
of the dataset. The whiskers extend from the 
box to the furthest data points within 1.5 times 
the IQR, and any data points beyond the 
whiskers are considered outliers, representing 
extreme values. 

The chart reveals that the distribution 
of TRADE_VALUE is right-skewed, 
indicating that a few instances of very high 
trading values are present, while the majority of 
values are relatively lower. The extended length 
of the box suggests significant variability 
in TRADE_VALUE values. Additionally, 
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several outliers are observed at the right end of 
the chart, representing extreme high values for 
trading value. These outliers may correspond to 
periods of significant market volatility or 
unusual trading activity. 

These findings suggest that the trading value on 
the stock exchange can be highly variable and 
influenced by factors such as economic events, 
political developments, and investor sentiment. 
The presence of 
extreme high 
values may 

indicate specific time periods characterized by 
heightened market activity or volatility. 
Understanding the distribution 
of TRADE_VALUE can provide valuable 
insights for making informed investment 
decisions and improving analytical models. 
Further analysis could explore the underlying 
causes of these extreme values and their 
implications for market behavior. 

 

Fig. 16. Chart shows the distribution of INDEXCODE _sentiment 

This chart illustrates the distribution 
of INDEXCODE_sentiment, which represents 
traders’ sentiment toward the performance of 
the index on the stock exchange, using a Box 
and Whisker Plot. This type of plot provides a 
statistical summary of the data, highlighting key 
features such as central tendency, variability, 
and outliers. The horizontal axis (X-axis) 
represents the values 
of INDEXCODE_sentiment, while the vertical 
axis (Y-axis) provides the scale for the 
distribution. The box in the plot represents the 
interquartile range (IQR), which contains the 
middle 50% of the data, spanning from the first 
quartile (Q1) to the third quartile (Q3). The 
vertical line inside the box indicates 
the median, the middle value of the dataset. 
The whiskers extend from the box to the 
furthest data points within 1.5 times the IQR, 
and any data points beyond the whiskers are 

considered outliers, representing extreme 
values. 

The chart reveals that the distribution 
of INDEXCODE_sentiment is approximately 
uniform, meaning that all sentiment values 
occur with similar frequency. The small size of 
the box indicates that the data points are closely 
clustered, suggesting low variability in traders’ 
sentiment. Additionally, there are no outliers in 
the chart, indicating the absence of extreme 
sentiment values. This uniformity suggests a 
balanced sentiment among traders, with no 
strong bias toward positive or negative 
outlooks. 

These findings imply that traders’ sentiment on 
the stock exchange may be relatively neutral, 
without significant polarization. Further 
analysis could help uncover the reasons behind 
this uniform distribution, such as market 
stability or the absence of extreme economic or 
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political events during the observed period. 
Understanding the distribution 
of INDEXCODE_sentiment can provide 
valuable insights for making informed 
investment decisions and enhancing analytical 
models. 

Results and Analyses 
1. INDEXOPEN Distribution: The 

distribution of INDEXOPEN is 
multimodal, with two distinct peaks 
observed around 6000–8000 and 
14,000–16,000. This suggests the 
presence of two or more datasets or 
distinct time periods/circumstances that 
led to different opening prices. The 
multimodal nature indicates significant 
variability in opening prices, potentially 
influenced by external factors such as 
market conditions or economic events. 

2. INDEXHIGH Distribution: Similarly, 
the distribution of INDEXHIGH is 
multimodal, with peaks around 6000–
8000 and 14,000–16,000. This indicates 
that the highest prices reached by the 
index vary significantly, likely due to 
different market conditions or time 
periods. The presence of multiple peaks 
suggests that the index experiences 
distinct phases of high-price activity. 

3. INDEXLOW Distribution:  The 
distribution of INDEXLOW is also 
multimodal, with peaks around 6000–
8000 and 14,000–16,000. This implies 
that the lowest prices of the index vary 
across different time periods or 
circumstances. The distribution is 
skewed, indicating the presence of 
outliers or unusual values, which may 

reflect periods of extreme market 
volatility. 

4. INDEXCLOSE Distribution: The 
distribution of INDEXCLOSE is 
multimodal, with peaks around 6000–
8000 and 14,000–16,000. This suggests 
that the closing prices of the index vary 
significantly, potentially due to different 
market conditions or external 
influences. The multimodal nature 
highlights the variability in closing 
prices over time. 

5. TRADE_VOLUME Distribution: The 
distribution of TRADE_VOLUME is 
right-skewed, with a clear peak at the 
lower end of the trading volume range. 
This indicates that most trading volumes 
are relatively small, with a few instances 
of very high trading volumes. The 
skewness suggests that periods of 
intense trading activity are less common 
but significant when they occur. 

6. TRADE_VALUE Distribution: The 
distribution of TRADE_VALUE is also 
right-skewed, with a peak at the lower 
end of the trading value range. This 
indicates that most trading values are 
relatively small, with a few instances of 
very high trading values. The skewness 
suggests that high trading values are less 
frequent but may correspond to periods 
of significant market activity. 

7. INDEXCODE_sentiment Distribution: 
The distribution 
of INDEXCODE_sentiment is 
approximately uniform, with no clear 
peaks or extreme values. This suggests 
that traders’ sentiment is evenly 
distributed across the range, indicating a 
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balanced sentiment without strong 
positive or negative biases. The small 
interquartile range (IQR) indicates that 
the data points are closely clustered, 
further supporting the uniformity of 
sentiment. 

8. Relationship Between INDEXOPEN 
and INDEXHIGH: There is a strong 
positive linear relationship 
between INDEXOPEN and INDEXHIG
H, as evidenced by the nearly straight-
line distribution of points in the scatter 
plot. This indicates that higher opening 
prices are strongly associated with 
higher maximum prices during the 
trading day. This relationship can be 
leveraged for predictive modeling and 
decision-making. 

9. INDEXCODE_sentiment Uniformity: 
The uniform distribution 
of INDEXCODE_sentiment suggests 
that traders’ sentiment is consistent and 
evenly spread across the observed 
range. The absence of outliers or 
extreme values indicates a stable 
sentiment pattern, which may reflect 
balanced market conditions or the 
absence of significant external shocks. 

 

Key Conclusions: 

 The multimodal distributions 
of INDEXOPEN, INDEXHIGH, INDE
XLOW, and INDEXCLOSE suggest 
that the index experiences distinct 
phases of activity, likely influenced by 
varying market conditions or external 
factors. 

 The right-skewed distributions 
of TRADE_VOLUME and TRADE_VA
LUE indicate that periods of intense 
trading activity are less common but 
significant when they occur. 

 The uniform distribution 
of INDEXCODE_sentiment reflects 
balanced trader sentiment, with no 
strong positive or negative biases. 

 The strong linear relationship 
between INDEXOPEN and INDEXHIG
H highlights the predictability of 
maximum prices based on opening 
prices, which can be useful for modeling 
and decision-making. 

These findings provide valuable insights into 
the behavior of the index and trading activity, 
which can inform investment strategies and 
analytical models. Further analysis could 
explore the underlying causes of the observed 
patterns and their implications for market 
behavior. 

Conclusion 

This research paper investigates the 
Egyptian stock market, focusing on 
forecasting missing data and analyzing 
the behavior of the EGX 30 index over 
the past three years to mitigate the 
impact of periods of instability. The 
study examines the dynamic composition 
of the index, which includes many stocks 
that are frequently added or removed. To 
address the high dimensionality of the 
data, Principal Component Analysis 
(PCA) is employed. The results 
demonstrate that the first three principal 
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components (PCs) account for 83% of 
the total variance in the data, effectively 
capturing the most significant patterns 
and trends. 

A Principal Component Regression 
(PCR) model is developed to predict 
missing data for the EGX 30 index. PCR 
is a regression technique applied to a 
reduced set of variables derived from 
PCA, ensuring efficient and accurate 
modeling. The cross-validation (CV) 
results of the PCR model highlight the 
importance of analyzing trends in key 
indicators such 
as INDEXOPEN, INDEXHIGH, INDEX
LOW, and INDEXCLOSE over time. 
These indicators provide critical insights 
into the overall performance of the 
index. 

The correlation analysis reveals strong 
relationships between these indicators. 
The correlation coefficients, which range 
from -1 to 1, indicate the strength and 
direction of these relationships. A value 
of 1 signifies a perfect positive 
relationship, -1 signifies a perfect 
negative relationship, and 0 indicates no 
linear relationship. The analysis shows 
very strong positive correlations (close 
to 1) 
between INDEXOPEN, INDEXHIGH, I
NDEXLOW, and INDEXCLOSE, 
suggesting that these indicators move in 
tandem significantly. This strong 

interdependence underscores the 
consistency in the behavior of these 
metrics and their collective influence on 
the index's performance. 

In summary, this study demonstrates the 
effectiveness of PCA and PCR in 
reducing data dimensionality and 
predicting missing values in the EGX 30 
index. The strong correlations between 
key indicators highlight their importance 
in understanding market trends and 
making informed investment decisions. 
These findings provide a robust 
foundation for further research and 
practical applications in financial 
analysis and decision-making. 
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