
Heliyon 10 (2024) e33190

Available online 17 June 2024
2405-8440/© 2024 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Research article 

COVID-19’s influence on Karachi stock exchange: A comparative 
machine learning algorithms study for forecasting 

Tahir Munir a,*, Rabia Emhamed Al Mamlook b,c, Abdu R. Rahman d, 
Afaf Alrashidi e, Aqsa Muhammad Yaseen f 

a Department of Anaesthesiology, The Aga Khan University, Karachi, 74800, Pakistan 
b Department of Business Administration, Trine University, Angola, IN, 49008, USA 
c Department of Mechanical and Industrial Engineering, University of Zawia, Al Zawiya City, P.O. Box 16418, Libya 
d Institute for Global Health and Development, The Aga Khan University, Karachi, 74800, Pakistan 
e Department of Statistics, College of Science, University of Tabuk, Saudi Arabia 
f Department of Sociology, University of Karachi, Pakistan   

A R T I C L E  I N F O   

Keywords: 
Karachi stock exchange 
KSE-100 index 
COVID-19 
Machine learning 
Performance metrics 

A B S T R A C T   

The COVID-19 pandemic has great effects for economies internationally. This study studies the 
interconnection between COVID-19 metrics and Pakistan’s premier stock exchange, the Karachi 
Stock Exchange (KSE) with the object of identifying the most effective machine learning (ML) 
model for predicting KSE developments in the pandemic. Our investigation periods the peak 
COVID-19 period from March 1, 2020, to November 26, 2021, applying data from both the KSE 
100 index and COVID-19 associated variables. Five various ML methods were applied involving 
Linear Regression (LR), K-Nearest Neighbors (KNN), Random Forest (RF), Regression Tree 
(Rtree), and Support Vector Machine (SVM) and measured their performance employing critical 
accuracy metrics such as Mean Absolute Percentage Error (MAPE), Mean Squared Error (MSE), 
Mean Absolute Error (MAE), and R-squared (R2). The outcomes discover that the RF model 
outperformed its equivalents realizing an R2 of 0.91 with k = 5. These results conflict with a 
previous study that supported a negative impact of COVID-19 on improved stock markets. The 
visions from this study can assist investors in managing strategic investment decisions and assist 
policymakers in making measures to reduce the pandemic’s effects on the stock market.   

1. Introduction 

The international increase of COVID-19 has significantly reshaped economic environments with demonstrated effects on stock 
exchanges worldwide. Early demonstrations pointed to severe effects on trade, tourism, and employment, indicating a pandemic- 
induced economic crisis [1–3]. As an important component of Pakistan’s economy, the Karachi Stock Exchange (KSE) encapsulates 
the financial tumult, asserting a thorough investigation into the pandemic’s impact. Stock markets, integrally volatile have challenged 
amplified during the pandemic with significant conflict mirrored in the performance of the KSE-100 Index. An overload of research has 
investigated its effects on financial markets, noting changes in returns, volatility, and risk dynamics [4–9]. 

The financial tremors caused by COVID-19 are unparalleled with significant effects on economic activities such as travel, trade, and 
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production. The pandemic’s attack has suggested extreme instabilities across the world’s financial models with some studies sug
gesting its impact on stock markets is without comparison with any prior health crisis [10]. The unique extent and preservation of 
COVID-19’s economic outcome have been decorated when compared with other natural devastations [11]. Stock market instability 
extended exceptional altitudes in several regions including the United States (US) where the instability eclipsed that of historic 
economic downturns. This period of extreme change has sparked extensive investigation into the pandemic’s effect on stock markets, 
examining aspects like government interventions, and the influence of pandemic-related metrics [12–22]. Stock market prediction 
remains a challenging yet interesting field due to the difficulty and volatility of the market environment. The literature integrates a 
host of macroeconomic and global market indicators such as exchange rates, production indices, and commodities like gold and oil, 
which all bear influence on market dynamics [23–25]. 

The Karachi Stock Exchange 100 Index (KSE-100) is a critical economic indicator for Pakistan, encompassing the nation’s top 
companies and completing as a comparative tool for market performance. Studies have highlighted how COVID-19 has made worse 
market volatility and liquidity issues, combining the pandemic to heightened systemic risk in financial sectors worldwide [26–38]. 
This study advances existing research by employing machine learning (ML) to assess the impact of COVID-19 on the KSE-100. 
Leveraging ML’s proficiency in revealing hidden market trends and its adaptability to complex, nonlinear patterns offer a 
cutting-edge approach to understanding the pandemic’s influence on stock prices [39,40]. Our research contributes a novel 
perspective by using these advanced techniques to navigate the intricate relationships between COVID-19 metrics and stock market 
behaviors. 

Navigating this complex scenario demands robust analytical tools capable of deciphering intricate patterns within financial data. 
Machine learning (ML) presents a promising avenue, yet its application introduces challenges, such as selecting the appropriate model 
and configuring it to capture the nuances of pandemic-related market shifts. The aim of this research is to harness ML to model and 
predict the KSE-100 Index, focusing on COVID-19’s influence. By assessing various ML algorithms, we aim to identify the most accurate 
forecasting method in this context. 

This study extends the frontiers of financial market analysis by employing ML models to dissect the multifaceted effects of COVID- 
19 on the KSE-100 Index. Through a comparative study of ML techniques including Linear Regression, Decision Tree, Random Forest, 
K-Nearest Neighbors, and Support Vector Regression, we provide novel insights into their predictive efficacy, highlighted by the 
standout performance of the Random Forest model [32]. Our work contributes to informed decision-making for investors and poli
cymakers in the face of pandemic-induced volatility. 

The organization of this paper is presented as follows: Section 2 evaluates related work, Section 3 shows the Stock exchange and 
COVID-19 datasets, and the pre-processing method employed, Section 4 explains the different ML models, Section 5 presents the 
results and discussion, and finally, Section 6 examines future work and concludes the research. 

2. Literature review 

The literature on machine learning (ML) in financial market forecasting is rich and diverse, reflecting an array of methodologies 
tailored to address the sector’s complex challenges [41]. demonstrated the efficacy of ML in predicting the Bombay Stock Exchange, 
while [42] evaluated Kalman filters, XGBoost, and ARIMA models, illuminating their predictive strengths and limitations [43]. 
expanded this landscape by predicting stock market volume with algorithms like AdaBoost and Multilayer Perceptron, thereby 
enriching our understanding of ML applications in finance. Similarly [44,45], explored tree-based and neural network models, offering 
insight into the versatility of ML techniques across varying market conditions. ML’s robustness was also harnessed by [46,47] for 
COVID-19 time series and spread pattern analysis, with LSTM networks showing superior performance in forecasting. Echoing this 
[48], leveraged a deep neural network (DNN) model to forecast pandemic-induced changes in urban environments, outstripping 
traditional ML methods. 

The pandemic’s effect on financial markets attracted focused research, evidenced by [49] who utilized natural language processing 
to correlate COVID-19 news sentiment with market fluctuations. Similarly [50], examined the interrelation between COVID-19, gold 
prices, and the Karachi Stock Exchange-100 Index, while [51] applied DNN-based multivariate regression to decode the pandemic’s 
complex impact on currency markets [52]. introduced a comprehensive MLSF framework to predict Chinese market trends, and [53] 
employed PCA to dissect COVID-19’s impact on the Egyptian Stock Exchange. 

Further studies [54,55] offered innovative AI-driven frameworks to understand financial stress patterns and the influence of 
COVID-19 vaccination programs on carbon markets, respectively. The SHAPley Additive exPlanations method in [55]’s study eluci
dated the interpretive power of ML in analyzing economic phenomena. Reflecting on stock prices, the pandemic’s immediate economic 
consequences precipitated widespread downturns [56,57]. documented significant volatility and declines in global markets. The 
multifaceted response to COVID-19, as shown in studies [58,59], was shaped by government responses, outbreak severity, and 
vaccination efforts. 

While the existing literature has made valuable contributions, there are several limitations that warrant further investigation. A 
major gap is the lack of widespread, high-quality datasets that accurately obtain marketplace dynamics in reaction to the developing 
pandemic position. Data scarcity is a problem not just in terms of quantity, but also quality as the accuracy of predictions heavily relies 
on the reliability and relevance of the input data. Model complexity can be a double-edged weapon in previous studies. While highly 
developed models with high degrees of freedom may better display the market’s volatile behavior, they also risk overfitting to the 
training data and failing to generalize well to unseen scenarios. Additionally, complex models often lack interpretability which is 
crucial for gaining trust in the financial community. 

Existing research tends to focus narrowly on individual markets without accounting for the global interconnectivity between 
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different financial systems. The contagion effects of market sentiment, especially during global crises, necessitate a broader perspective 
that captures these intricate inter-market relationships. The "black box" nature of certain advanced ML algorithms used in prior work 
can be problematic, as the financial sector’s regulatory environment demands transparency and accountability. Models with opaque 
inner workings undermine this key requirement. By highlighting these limitations, this study aims to address the gaps and advance the 
field by employing innovative techniques and a holistic approach to financial forecasting amidst global health crises like COVID-19. 

Fig. 1. The framework of the machine learning model proceeds.  
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Overcoming these limitations requires innovative data collection methods, model development that balances accuracy with 
explainability, and approaches that embrace the global interconnectedness of financial markets. Only through such holistic ad
vancements can ML truly tackle the formidable challenge of financial forecasting amidst the complexities of global health crises like 
COVID-19. 

3. Materials and methods 

This section briefly demonstrates that data collection, data preprocessing, ML models, model performance evaluation, and vali
dation are the four primary aspects of the suggested methodology. The framework of the ML model proceeds is shown in Fig. 1. 

3.1. Data collection and feature definition 

Precise prediction of the KSE-100 index necessitates meticulous recording and consideration of relevant variables. Our method
ology commenced with the systematic collection of data, exploring the relationship between COVID-19 and the KSE-100 index across 
various scenarios. COVID-19 data was sourced from the official World Health Organization (WHO) website, while KSE-100 index data 
was retrieved from the Pakistan Stock Exchange (https://www.psx.com.pk/). We meticulously gathered data spanning from March 
1st, 2020, to November 26th, 2021, excluding official holiday values. The variable descriptions crucial for the KSE-100 index model 
are concisely outlined in Table 1. 

3.2. Data pre-processing 

Data pre-processing is a critical precursor to developing accurate ML models. Prior to model development, meticulous data 
preparation was conducted, comprising multiple phases including noise reduction, outlier detection, standardization, normalization, 
feature selection, and encoding. A comprehensive assessment of the data was undertaken to address inconsistencies in stock codes, 
followed by the removal of duplicate instances and application of noise removal techniques to the COVID-19 dataset. Feature ag
gregations were also performed to optimize the dataset for analysis. Notably, the datasets contained numerical attributes with 
disparate ranges, necessitating standardization for efficient model training. Z-score normalization was employed to transform the data 
to have a mean of zero and standard deviation of one. 

3.3. Machine learning models implementation for KSE-100 forecasting 

This section outlines the methodology employed for evaluating the accuracy of combined models relative to individual models in 
forecasting the KSE-100 during the COVID-19 period. The method implicated training and testing methods to evaluate the efficacy of 
the offered ML algorithms. The training phase utilized 80% of the dataset to train the models while the remaining 20% was utilized for 
testing and validation. To ensure toughness and effectiveness, 5-fold and 10-fold cross-validation methods were employed. 

Five prediction algorithms were selected for evaluation: Linear Regression (LR), Decision Tree (DTree), Random Forest (RF), K- 
Nearest Neighbors (KNN), and Support Vector Regression (SVR). These algorithms were chosen based on their recent advancements, 
efficiency in ML-based prediction, scalability, accuracy, speed, flexibility, and regularization capabilities to mitigate overfitting. 
Detailed insights into the features and implementation procedure of each model are provided in the subsequent section. 

3.3.1. Quantile regression (QR) 
QR is an expansion of linear regression used when the conditions of linear regression are not met. It is mostly used for finding out 

the relationship between variables and forecasting. Different regression models differ based on – the kind of relationship between 
dependent and independent variables, they are considering, and the number of independent variables being used. A linear form for 
general quantile regression is described by [60]: 

yi = xiβθ + εθ, (1)  

for i = 1,2,3,…,n, where β is a (k× 1) vector of coefficients in Eq. (1), {xi} is the column vector corresponding to the transposition of 
the ith row of the {Xn×k} matrix of explanatory variables, 

{
yi
}

is the ith dependent variable observation, and εθ is the unknown error 
term in the presence of {x}, the ith conditional quantile of {y} can be rewritten as 

Table 1 
Variable descriptions for the KSE-100 index model.  

No Variable Label Data Type Description of variable 

1. KSE-100 Numerical The closing price of the index. 
2. USD (PKR) Numerical US dollar (USD) to Pakistani rupee (PKR) exchange rate 
3. P10YBY Numerical Pakistan 10-year bond yield according to over the counter 
4. Deaths Numerical Frequency of daily COVID-19 deaths 
5. Reported Numerical Frequency of daily reported COVID-19 
6. Recovered Numerical Frequency of daily recovered COVID-19  
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Qunantθ =(yi|xi)= xʹβθ. (2) 

The continuous increase in the conditional distribution of {y} given {x} is traced out in Eq. (2). The conditional quantile of {yi}, 
conditional on {xi}, is assumed to satisfy Qunantθ = xʹβθ, for several different values of θ, θϵ(0,1), resulting in Qunantθ = (yi|xi) = 0. 
This allows for parameter heterogeneity across various types of regressors utilizing quantile regression. As a result, in Eq. (3), the 
quantile regression estimator can be employed to solve the minimization problem described below: 

minβϵR K

⎡

⎣
∑

iϵ{i:yi}>xiβ

θ|yi − xʹβ| +
∑

iϵ{i:yi}>xiβ

(1 − θ)|yi − xʹβ|

⎤

⎦. (3) 

The quantile function is a weighted sum of the absolute value of the residuals. Where the weights are symmetric for the median 
regression case in θ = 1/2, the minimization problem above reduces to minβϵR K

∑n
i |yi − xʹβ| , otherwise, it’s asymmetric. 

3.3.2. Support Vector Machine (SVM) 
SVM is a flexible supervised ML process to analyze data amid at both classification, regression, and other purposes like outlier 

detection. To achieve said objectives, it is constructed a hyperplane or set of hyperplanes in a high- or infinite-dimensional space 
[61–63]. SVR has some key features to work; 1) Kernel function is used for mapping lower-dimensional data into higher-dimensional 
data. 2) Hyperplane is a line that draws the separation between two classes in general SVM. While SVR helps to predict the continuous 
variables and covers most of the data points. 3) Boundary lines are the two lines apart from the hyperplane, which creates a margin for 
data points. Finally, in 4) Support vectors are the data points that are nearest to the hyperplane and opposite class. The hyperplane 
gives intuitively optimal separation which has the largest distance to the nearest training data point of any class and is used for 
minimizing an error. In this case, it is termed as SVR, if used for regression analysis. Generally, the effort in SVR is to consider the 
maximum data points within the boundary lines, and the hyperplane (best-fit line) must contain a maximum number of data points (cf., 
Fig. 2). 

3.3.3. Random Forest (RF) 
RF is a well-established supervised learning technique used for classification, regression, and other tasks which are based on the 

ensemble learning method. It works by developing multiple decision trees to control the over-fitting process at the time of training and 
outputting classes (classification) as a pattern or average prediction (regression) of each decision tree. To train each decision tree, the 
training data is split into n bags which are used to train their respective decision trees. At the final stage predict by regressing or taking 
the average of all tresses (cf., Fig. 3). 

3.3.4. K-Nearest Neighbors (KNN) 
KNN is one of the simplest and easy-to-implement supervised machine learning processes that can be used to solve both classifi

cation and regression problems. KNN is robust to the noise as well as more effective if the training data is large. It assumes the similarity 
between the new case/data and available cases and put the new case into the category that is most like the available categories. This 
technique stores all the available data and classifies a new data point based on the similarity. This means when new data appears then it 
can be easily classified into a good suite category by using the KNN algorithm. In the present study, the actual Manhattan distance was 
enhanced using weighting (cf., Fig. 4). 

3.3.5. Regression Decision Tree (RTree) 
RTree is considered a predictive modeling technique in machine learning. It uses a decision tree (as a predictive model) to go from 

observations about an item (represented in the branches) to conclusions about the item’s target value (represented in the leaves). 
Decision trees where the target variable can take continuous values are called RT. They are among the most popular machine learning 
algorithms for their intelligence and simplicity (cf., Fig. 5). 

Fig. 2. Support vector machine.  
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3.4. Model building and validation (K-fold cross-validation) 

Datasets were divided into two portions (i.e., training and testing sets). This phase is critical to regulating the efficiency of the 
utilized machine learning procedures. The adopted algorithms are trained using the training portion of the datasets, and then the 
remaining portion is used for testing purposes, which is vital to demonstrate the developed model’s response toward new data being 
processed for the first time. In the current research, the suggested prediction models were tested for robustness and effectiveness using 
5-fold as well as 10-fold cross-validation. To follow [64,65], the training portion (i.e., 80 % of the dataset) is used to train the suggested 

Fig. 3. Flowchart of the RF’s architecture.  

Fig. 4. K-nearest neighbors.  

Fig. 5. Regression decision tree.  
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model, and the testing portion (i.e., 20 % of the dataset) is used to conduct the tests. The performance of our proposed model through 
K-fold cross-validation and hold-out validation was evaluated in Fig. 6 with the metrics of accuracy. The K-fold cross-validation-based 
model is important for fine-tuning the parameters of a prediction model. In this study, the proposed system uses 5-fold and 10-fold 
cross-validation. A cross-validation model allows you to find the best-performing parameters set for any ML technique without 
overfitting. 

In Fig. 6, the training data is divided into five equal subsets in which one subset represents the validation set and the other four 
subsets represent the training. Five-fold cross-validation, iteratively repeats the process five times, each time using a different subset as 
the validation set and the rest as training data. 

After the iteration is completed, the hit rate of all five iterations is considered and the average of the results is taken. In this study, 
the results are the rate and the trading strategy outcome. If the average maximum result is achieved in that test, the input parameters 
for the machine learning technique are captured and stored for the best-performing parameters set. Various cross-validation tests are 
performed to achieve the best-performing parameters using different variables. All the best-performing parameters of each machine 
learning technique for the average rate and profit are used once on the testing data. A few advantages and disadvantages are reported 
of the considered ML models in Table 2. 

3.5. Performance measurements 

In this subsection, the prediction performance of this study is measured through multiple metrics to assess the quality of the 
learning methods. Four measures were used that are common measures to evaluate models as accuracy metrics to assess the model’s 
performance. The modeling process outputs’ accuracy was then measured and compared using three performance indecencies (i.e., the 
Mean Absolute Error (MAE), the Mean Squared Error (MSE), and the mean absolute percentage error (MAPE). The mathematical 
representation of the four implemented measures is given in Table 3. 

4. Results and discussion 

4.1. Descriptive statistics of the dataset 

In the provided dataset, we analysed five predictor variables and one dependent variable. The predictors include USD to PKR 
exchange rate, 10-year bond yield (P10YBY), and COVID-19-related data deaths, reported cases, and recoveries. The dependent 
variable is the KSE-100 index. Descriptive statistics for these variables, including range, mean, median, and quantiles, were compiled 
and are detailed in Table 4. From the analysis, we observe that during the pandemic, the average value of the KSE-100 index stabilized 
at approximately 37,008 points. Initially, in 2020, the daily average for reported COVID-19 cases was 189,166; the average number of 
deaths stood at 15, and the average recoveries were reported at 157,568. These statistics provide a foundational understanding of the 
dataset’s characteristics and the pandemic’s impact on the financial and heath sectors captured within our data. 

4.2. Meeting assumptions 

The normality test is applied to ascertain whether the dataset under consideration adheres to a normal distribution. This testing is 
crucial for the correct application of numerous statistical analysis techniques and involves evaluating the data’s skewness and excess 
kurtosis. The Jarque-Bera test, which also hinges on skewness and kurtosis to determine normality, was employed. The results, as 
displayed in Table 4 and illustrated in Fig. 7, indicate that the KSE-100 index distribution deviates from normality, evidenced by a p- 
value less than 0.05, suggesting significant skewness and kurtosis. 

Additionally, a Normal Q-Q test was conducted to further assess the distribution’s normality. This test utilizes a Q-Q Plot, which 
juxtaposes the quantiles of the dataset against those expected under a normal distribution, providing a visual assessment of normality. 
Ideally, if the data points form a straight line on the plot, it indicates that the residuals are normally distributed. However, as observed 
in Fig. 8, the plot exhibits deviations from a straight line, confirming the non-normal distribution of the dependent variable. These 

Fig. 6. Schemes of k-fold Cross-validation.  
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findings underscore the challenges in modeling the KSE-100 index using methods that assume normal distribution and highlight the 
need for alternative statistical techniques that can accommodate non-normal data distributions from that data would not have a 
normal distribution. As likely, the Q-Q-Plot did not show that the residuals from the model were normally distributed. To obtain a 
normal distribution, the data would need to be transformed Therefore, to determine whether our dataset is suitable for modeling with 

Table 2 
Advantages and disadvantages of the considered ML models.  

Method Advantages Disadvantages 

LR Simplicity and interpretability Assumes linear relationships, may not capture complex patterns 
Rtree Can model complex relationships Prone to overfitting, sensitive to small variations 
RF Reduces overfitting by averaging multiple trees Complexity, harder to interpret than individual trees 
KNN Simple to implement, works well with small datasets Computationally expensive for large datasets, sensitive to outliers 
SVR Effective in high-dimensional spaces, robust to outliers Requires tuning of hyperparameters, less effective with noisy data  

Table 3 
Mathematical illustration for performance metrics.  

Measure Models Formula Variables Description 

Root Mean Squared Error RMSE MSE =
1
n

∑n
i=1

(
yi − ŷi

)2 n Sample size 
yi is the actual value represented 
ŷi the predicted value represented by the ith case. 

Mean Absolute Error—MAE MAE =
1
n

∑n
i=1

|ei|
n Sample size 
ei =

(
yi − yi

)

R-square  

R2 = 1 −

∑n
i=1

(
yi − ŷi

)2

∑n
i=1

(
yi − ŷi

)2 

yi is the actual value represented 
n Sample size 
ŷ the predicted value 

Mean 
Absolute 
Percentage 
Error—MAPE 

MAPE =
1
n

∑n
i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒ × 100 

n Sample size 
yi The actual value is represented by ith case. 
ŷi The predicted value is represented by the ith case.  

Table 4 
Descriptive statistical information.  

Features USD(PKR) KSE-100 P10YBY Deaths Reported Recovered 

Min. 153.7 27229 7.93 0 9 0 
Max. 168.1 42647 11.17 313 386000 336000 
1st Qu. 160 33837 8.61 6 26950 7645 
3rd Qu. 166.4 40425 9.71 37.5 306000 292500 
Mean ± StDev 163.15 ± 0.22 37008 ± 237 9.22 ± 0.04 29.13 ± 2.19 189166 ± 827 157568 ± 815 
Skew 0.6 − 0.8 0.7 0.3 0.24 0.5 
Kurtosis − 1.34 − 0.42 − 1.22 − 1.27 − 1.21 − 0.92 
Jarque-Bera 51.03 49.06 37.36 34.04 30.34 32.68 
p-value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001  

Fig. 7. Histogram of KSE-100 index distribution.  
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ML, we applied the following criteria to the to be transformed. The fourth step of data preprocessing was transforming the data to be 
more suitable for applying ML approaches. To ensure that all the feature values are on the same scale and treated with equal weight, 
normalization is important. A Box-Cox normalization transformation was performed to transform each numerical attribute (e.g. KSE- 
100) to improve the ML model’s performance. 

4.3. Statistical analysis 

In this section, results for the stock forecasting are presented. Likewise, the contour plot shows the relation between recovered 
versus P10YBY, KSE-100. The recovered cases increased as KSE-100 increased, as demonstrated in Fig. 9. Darker regions indicate 
higher recovered cases. These higher response values seem to form a ridge running from the upper middle to the lower of the graph. 
Furthermore, this shows that the maximum expected KSE-100 occurs at recovered more than 300000. The lowest values reported cases 
are in the lower left corner of the plot, which corresponds with the low values of both P10YBY and KSE-100. 

Fig. 10 illustrates the relationship between the P10YBY and KSE-100 by deaths. Small darker regions indicate fewer deaths, which 
are less than zero. These higher response values seem to form a ridge running from the upper middle to the lower right of the graph. 
The valleys in the lower left of the graph represent P10YBY and KSE-100 that result in 100–150 death. 

The contours are curved because the model contains quadratic terms that are statistically significant. The lowest values of reported 
cases are in the lower down corner of the plot, which corresponds with low values of both P10YBY and KSE-100. Furthermore, Fig. 11 
shows that the maximum expected KSE-100 index occurs at reported cases of more than 300. 

4.4. Correlation matrix analysis 

Correlation matrix among and in between selected attributes to designate the pairs with high negative or positive correlation and 

Fig. 8. Normal Q-Q plot.  

Fig. 9. Contour plot that shows recovered cases between P10YBY vs KSE-100.  
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the KSE-100 was applied to evaluate the impact of these features, as shown in Fig. 12. The correlation analysis among the variables 
USD (PKR), KSE-100, P10YBY, deaths, reported and recovered cases to gauge the strength of their association. The correlation matrix 
indicates a minor level of a positive relationship between KSE-100 and USD (PKR) e.g., 0.1. There were three pairs of features with 
correlations of more than 0.5. One pair was recovered and reported cases (correlation coefficient = 0.8), and the other pair was KSE- 
100 and reported cases (correlation coefficient = 0.7). 

In addition to KSE-100 and recovered (correlation coefficient = 0.8). Highly correlated features added useless information and 
noise to the models. Furthermore, this study shows that the predictive ability of the models lowered when the feature of recovered was 
involved. Therefore, taking the feature importance ranking and model performance into consideration, five independent features, 
including reported, recovered, P10YBY, deaths, and USD(PKR), were used as input features in the RF model. 

4.5. Comparison performance of ML algorithms 

The proposed system compares five machine learning techniques, namely (i.e., LR, DT, RF, KNN, and SVM). All six techniques are 
tested with the same data using different cross-validation based models. Each ML procedure includes three tests having different 
history stock prices as training data. Each test is trained with a K-fold cross-validation based model. Different models are created by 
selecting different values of K-fold (K = 5, and K = 10) and another model is also created in which training data (80 %) are randomly 

Fig. 10. Contour plot of deaths between P10YBY and KSE-100.  

Fig. 11. Contour plot of reported cases between P10YBY vs KSE-100.  
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selected while hypermeters are reported in Table 5. A detailed description in Table 6 of the best-performing set generated during the 
cross-validation of training data. The efficiency of proposed ML algorithms has been evaluated using (i.e., MAE, MSE, RMSE, MAPE, 
and R2) indicators to predict the KSE-100 prediction, refer to Fig. 13. 

The comparison outcomes present RF and KNN have higher measures of R2 value and lower MAE, RMSE, and MAPE values than the 
traditional models (i.e., LR, DT, RF, KNN, and SVM)) in the KSE-100 predictions. As for other metrics, the RF model showed a higher R2 

and a lower MAE, MSE, and RMSE. Moreover, the predicted results of the proposed demonstrate that the RF estimate values are very 
high R2 measures with less MSE. Performance of the proposed models at K = 5, and 10, the RF model exhibited better overall per
formance with an R2 of 0.91 and 0.84, and the KNN model achieved acceptable performance in predicting the KSE-100 with an R2 of 
0.88 and 0.83, respectively. Both can achieve higher predictive accuracy compared with other ML models. As a result, RF bested the 
other models at 5-fold and 10-fold and was the most efficient in predicting the KSE-100. 

4.6. Features importance analysis 

An improved understanding of the model’s features assists investors effectively in evaluators’ trends. Therefore, feature importance 
assessment has been performed using RF models to determine the importance mark of each variable involved in predicting the KSE- 
100. In the present study, RF models contained reported, recovered, and P10YBY, in the top-ranking features (Fig. 14). 

Thus, the feature score plot has been performed to provide a relative score for each variable as shown in Fig. 14. Features’ sig
nificance was in down order as follows: reported, recovered, P10YBY, deaths, and USD (PKR). It presents the top three most important 
rankings of the selected features used in RF predictive models, respectively. Reported cases were the first important feather in pre
dicting KSE-100. In addition, recovered cases and P10YBY were the second and third most important features in predicting the RF 
model respectably, but another feather was the less important feather. 

4.7. Limitations, methodological scope, and practical implications 

The study may not consider external factors influencing stock market behavior during pandemics, such as socio-political dynamics, 
government interventions, and global economic trends, which could potentially affect outcomes beyond the scope of the analysis. 
Addressing these factors would bolster the robustness and applicability of the findings, yielding more comprehensive insights into 
stock market dynamics during pandemics. Through the integration of COVID-19 variables into ML models, these methodologies offer 
valuable insights into forecasting stock market behavior amidst global crises. These findings not only assist investors in making well- 

Fig. 12. Correlation matrix.  

Table 5 
Hyperparameters values of the various ML models.  

Algorithm Hyperparameters Values 

LR C 1.0 
RTree Max_epth 5 
RF n_estimators 100 
KNN k 5 
SVR cost (C) 1  
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informed decisions but also equip policymakers worldwide with actionable strategies to mitigate the financial repercussions of 
pandemics. 

5. Conclusion 

The study effectively applied five machine learning models—Linear Regression, Decision Tree, Random Forest, K-Nearest 
Neighbors, and Support Vector Machines—to predict the KSE-100 index amid the COVID-19 pandemic. Utilizing detailed performance 
evaluations through metrics like MAE, MSE, APE, and R2, along with 5-fold and 10-fold cross-validation, the Random Forest model 
was found to be the most accurate. This insight is crucial for investors, offering them valuable predictions of stock market trends during 
health crises. This paper suggests future research should include advanced machine learning techniques like deep neural networks and 
Bayesian methods to improve prediction accuracy. Furthermore, analyzing the importance of each feature in the models highlights the 
critical variables influencing market behavior during crises, underscoring the importance of strategic feature selection to enhance the 
understanding of market dynamics in challenging conditions. 

Funding statement 

There is no specific funding for this study. 

Table 6 
Regression model’s validation and performance evaluation.  

K-fold Cross-Validation Regression Model Performance Evaluation Metrics 

RMSE MAE MAPE R-squared (%) 

K = 5 LR 1939.463 1446.226 4.023991 0.72 
Rtree 1314.119 1081.647 2.931309 0.81 
RF 512.4574 347.9247 0.959033 0.91 
KNN 720.9236 508.0206 1.415234 0.88 
SVR 2011.759 1351.021 3.808549 0.84 

K = 10 LR 1829.4429 1245.723 4.023991 0.68 
Rtree 1113.4653 981.6789 1.834545 0.77 
RF 534.2294 362.6565 1.005125 0.84 
KNN 699.2345 508.9987 1.35098 0.83 
SVR 1998.1127 1245.0209 2.98763 0.80  

Fig. 13. Plot compared the predicted performance of models.  
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