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Abstract 
Stock prices are influenced by constantly changing supply and demand, leading to short-term price fluctuations. 
Other factors affecting stock prices include interest rates, inflation, company earnings, and marketing strategies. 
These price fluctuations increase the losses, making stock price predictions crucial to assist investors in making 
safer investment decisions. This research utilizes the Linear Regression algorithm to predict the stock prices of 
the pharmaceutical company with the stock code KLBF using a time series dataset in the period from January 
2020 to January 2022. According to the experimental result, the proposed model can produce the total sum of 
squared errors is 27,105 with RMSE = 23.06. This low error margin indicates a strong predictive performance and 
the effectiveness of the proposed approach in predicting stock prices. 
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1. Introduction 

In recent years, stock price prediction has become a crucial topic in finance due to the 
increasing complexity and volatility of global financial markets. Accurate forecasting of 
stock prices allows investors and institutions to optimize their portfolios, mitigate risks, and 
improve decision-making. Despite numerous advancements in machine learning and 
artificial intelligence, traditional statistical methods, particularly linear regression, continue 
to be widely used because of their simplicity, interpretability, and computational efficiency. 
Linear regression models the relationship between dependent variables such as stock 
prices that have one or more independent variables, providing fundamental insights into 
market behavior [1][2]. 

One reason linear regression remains relevant is that many stock price movements are 
influenced by quantifiable financial and economic indicators that naturally fit into a linear 
modeling framework. For example, factors like earnings per share (EPS), price-to-earnings 
ratio (PER), return on equity (ROE), and macroeconomic variables often display 
approximate linear relationships with stock prices in the short term. This makes linear 
regression a natural starting point for analysts seeking to understand and predict market 
dynamics. Moreover, the transparency of linear regression allows stakeholders to interpret 
how each variable contributes to price changes, unlike black-box models whose internal 
decision processes may be opaque [3][4]. 

Despite its advantages, linear regression does have limitations, particularly when 
handling nonlinear, complex, or high-dimensional datasets often encountered in stock 
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market data. Recent advances have therefore seen linear regression combined with other 
techniques such as moving averages to reduce noise, feature selection to improve model 
quality, and integration with machine learning methods to capture nonlinear relationships. 
These hybrid approaches extend the usability of linear regression, making it a versatile 
component of modern predictive analytics in finance [5][6]. Furthermore, the an increasing 
availability of alternative data sources like financial news, social media sentiment, and 
macroeconomic reports. It has opened new avenues for enhancing linear regression 
models. For instance, incorporating textual data through natural language processing 
(NLP) allows models to integrate market sentiment and qualitative factors that impact stock 
prices. This multidisciplinary approach represents an evolution from purely numerical 
modeling towards enriched, data-driven forecasting systems [1]. 

Several studies have also emphasized the importance of understanding inter-stock 
relationships and market trends beyond individual stock analysis. Multiple linear regression 
(MLR) enables the simultaneous modeling of various stocks and market indices, 
considering their interdependencies to produce more robust predictions. This is particularly 
important for portfolio management and diversification strategies where the interaction 
among assets affects overall risk and return profiles [7]. In summary, while machine 
learning and deep learning methods continue to grow in popularity, linear regression’s 
fundamental role in stock price forecasting remains strong. Its combination of 
interpretability, low computational cost, and compatibility with other techniques ensures it 
will continue to be a valuable tool for financial analysts and researchers. The next section 
explores how these models have been applied and enhanced in recent research, 
highlighting the ongoing relevance and adaptability of linear regression in the evolving 
financial landscape [5], [8], [9], [1]. 

 

2. Related Works 

A study proposed an MLR to construct a prediction model to effectively forecast short-
term trends for NVDA, AMD, and INTC. After refining with correlation-based feature 
selection, two of the three models achieved statistically significant results. Specifically, the 
model's performance measured by R² was moderate for AMD (0.752) and strong for 
NVIDIA (0.837), while lower for Intel (0.596). These findings suggest that MLR when 
combined with relevant technical indicators, provides meaningful predictive insight into 
stock movements [5]. Another article applied multiple linear regression to forecast trends 
in major semiconductor stocks NVDA, AMD, and INTC. They also performed correlation 
analysis to evaluate inter-stock relationships, demonstrating that considering stock 
interdependencies can improve prediction accuracy. Their methodology emphasizes the 
importance of multi-asset modeling in financial forecasting and portfolio management [7].  

An article extended this comparison by analyzing linear regression against several 
machine learning models including LightGBM, XGBoost, Random Forest, LSTM, and GRU 
for LONGi stock price prediction. Their results showed machine learning models generally 
outperform linear regression on complex datasets, but the latter’s interpretability and 
efficiency remain valuable, especially for simpler or well-structured data [11]. From an 
Indonesian perspective, Alpianto et al. combined moving averages with linear regression 
to filter out noise and fluctuations in stock prices. Their method achieved low Mean 
Absolute Percentage Error (MAPE) and high correlation, demonstrating the effectiveness 
of hybrid approaches in practical investment contexts. Wilda et al. similarly applied simple 
linear regression to forecast PT Unilever Indonesia Tbk’s stock price, attaining an accuracy 
level with MAPE of 2.65%, underscoring that even basic models can yield strong predictive 
performance when correctly applied [5], [12]. 

Other local studies applied multiple linear regression to analyze the effect of financial 



 

 

indicators on LQ-45 companies’ stock prices, confirming the significant influence of PER, 
EPS, and ROE. Another work enhanced regression models by integrating K-Means 
clustering and moving average methods to address outliers, resulting in improved 
prediction accuracy and robustness. Similarly, Zapar et al. applied regression within a 
Knowledge Discovery in Databases (KDD) framework for Bank BCA stock price prediction, 
achieving consistent performance with low error rates [3], [6], [9]. Additional research 
explored macroeconomic influences on stock prices using multiple linear regression to 
study the impact of global economic variables such as crude oil prices, exchange rates, 
inflation, GDP growth, and composite stock indices on the JII70 Sharia stock index. Their 
findings emphasize the necessity of incorporating external economic factors in predictive 
models to capture broader market dynamics [4]. 

A paper utilized technical stock data including opening, highest, and lowest prices, as 
well as foreign net transactions in a multiple linear regression model for predicting Bank 
Rakyat Indonesia’s stock price, showing that careful variable selection can significantly 
enhance forecast accuracy. Another work compared LR with ANN that shows ANN can 
obtain a better performance in complex datasets, and LR remains useful in less 
complicated scenarios [13][14]. Another paper evaluated LR, LSTM, and GRU for 
predicting Netflix stock prices with two decades of historical data. The experimental results 
displayed that DL models excelled at longer-term predictions, and LR remained effective 
for short-term forecasts. This comparison highlights LR's enduring relevance as a baseline 
and complementary model in complex predictive frameworks [10]. 

Another study combined data mining techniques with multiple linear regression to 
predict Netflix stock prices, obtaining strong evaluation metrics such as RMSE and MAE. 
Several studies have further confirmed the strengths and limitations of linear regression 
relative to machine learning approaches like RF, SVR, LASSO, KNN, and XGBoost, 
illustrating that linear regression remains a cornerstone method in the predictive modeling 
toolkit despite growing model complexity [15], [16], [17], [18], [19]. Those works illustrate 
the wide-ranging applications, adaptations, and ongoing relevance of linear regression in 
stock price prediction. They highlight how combining classical methods with modern data 
analytics and alternative data sources leads to better predictive performance and deeper 
market understanding [1]-[19]. 

 

3. Proposed Method 

In this research, we propose the LR method for predicting the stock prices of KLBF as 
a statistical approach to measure the relationship between a dependent variable and 
independent variables. This method is particularly advantageous due to its simplicity and 
interpretability, making it accessible for users who may not have extensive expertise in 
machine learning modeling. By establishing a clear linear relationship, stakeholders can 
easily understand how changes in independent variables, such as historical prices and 
trading volumes, influence future stock prices. 

The process begins with the identification of key independent variables that impact stock 
prices. In this study, we focus on historical stock prices, trading volumes, and other relevant 
financial indicators. The dependent variable is defined as the future stock price of KLBF. 
By analyzing historical data, we can derive a linear equation that best fits the observed 
data points, allowing us to make predictions about future stock prices based on established 
trends. This approach is particularly suitable for short-term predictions, where historical 
data can provide valuable insights into future price movements. 

To ensure the robustness of the model, we will also implement data preprocessing 
techniques, including normalization and outlier detection, to enhance the quality of the input 
data. This preprocessing step is crucial as it helps to mitigate the impact of anomalies and 
ensures that the model is trained on high-quality data. By refining the dataset before 
applying the Linear Regression algorithm, we aim to improve the accuracy and reliability of 



 

 

the predictions generated by the model. 
The general equation of a Linear Regression model is: 

ŷ =  𝛽₀ +  𝛽₁𝑥₁ +  𝛽₂𝑥₂ + . . . + 𝛽ₙ𝑥ₙ 
Where: 
 

1. ŷ = predicted value (e.g., the future stock price of KLBF) 
2. β₀ = intercept (constant term) 

3. β₁, β₂, ..., βₙ = regression coefficients 

4. x₁, x₂, ..., xₙ = independent variables (such as historical stock prices, 

trading volume, financial indicators, etc.) 
The objective of the model is to minimize the Mean Squared Error (MSE), defined as: 

𝑀𝑆𝐸 =  (1/𝑚) ∗  𝛴 (𝑦ᵢ −  ŷᵢ)² 
Where: 

1. m = number of observations 
2. yᵢ = actual value 
3. ŷᵢ = predicted value 

This formulation enables the model to find the best-fitting linear relationship between 
the input features and the target variable. 

4. Experimental Setup 

The experimental setup of this study includes data collection, preprocessing, model 
training, and evaluation. Initially, we collected historical stock price data for KLBF from 
Yahoo Finance, a reputable source for financial data. The dataset comprises 507 data 
points, covering the period from January 2020 to January 2022. This timeframe is selected 
to capture a range of market conditions, including periods of volatility and stability, which 
are essential for developing a robust predictive model. 

Each data record consists of the following attributes: Date, Open, High, Low, Close, Adj 
Close, and Volume. For this research, we focused specifically on the “Low” price as the 
independent variable (X) and the “Close” price as the dependent variable (Y), based on 
their strong linear relationship observed in the preliminary correlation analysis. Once the 
data is collected, we proceed to the preprocessing phase, which involves cleaning the 
dataset to ensure its quality. This includes checking for missing values, inconsistencies, 
and noise within the data. Any missing values are addressed through appropriate 
imputation techniques, while irrelevant attributes are removed to focus on the most 
impactful factors influencing stock prices. The remaining attributes, such as date, open, 
high, low, and close prices, are retained for analysis. This careful selection of relevant 
features is critical for enhancing the model's predictive power. 

We undergo data preprocessing in the following steps, this study conducts data import 
of CSV files containing raw stock data and filtering non-essential columns such as Adjusted 
Close and Volume to reduce noise and focus only on relevant predictors. The retained 
attributes were Date, Low, and Close. The dataset was examined for missing or null values 
and converted data Type such as the “Date” attribute was recognized as nominal and was 
excluded from the regression model since it does not contribute directly to prediction.  

This study implements the Linear Regression model to train the model on the 
designated training subset and then predicts the "Close" price values on the testing subset. 
To assess its predictive accuracy, the evaluation uses RMSE, a widely accepted metric in 
regression analysis that quantifies the average magnitude of prediction error. RMSE 
provides a direct measure of how closely the predicted values align with the actual 
outcomes, making it a reliable indicator of model performance. Table 1 depicts the KLBF 
stock prices dataset with different categories. 



 

 

 
Table 1: KLBF stock prices in several categories 

Date Open High Low Close Adj Close Volume 

2020-01-02 1475 1500 1460 1480 1480 6,829,200 

2020-01-03 1480 1480 1465 1470 1470 3,360,100 

2020-01-06 1470 1480 1455 1460 1460 3,309,300 

2020-01-07 1460 1475 1450 1465 1465 3,464,300 

 
After preprocessing, we divided the dataset into training and testing subsets, with 90% 

of the data allocated for training the model and 10% reserved for testing its performance. 
This division is essential for maintaining the chronological order of the data, which is crucial 
for time series analysis. The model was trained on the training subset using RapidMiner’s 
Linear Regression to generate predictions and evaluate the model using RMSE to measure 
the model’s predictive accuracy.  

 

5. Result and Analysis 

In this study, we conducted a detailed analysis to identify key trends and fluctuations in 
stock prices. By comparing the predicted values with actual market data, we can observe 
that the model captures significant price movements, particularly during periods of market 
volatility. This ability to track price changes is crucial for investors seeking to make informed 
decisions based on short-term market dynamics. The analysis also highlights the 
importance of using historical data to inform future predictions, emphasizing the model's 
reliance on past trends to forecast future price movements. 

Furthermore, a comparative analysis with other studies reveals that while more complex 
models, such as LSTM networks, may yield higher accuracy, the Linear Regression model 
provides a faster and more interpretable solution. The simplicity of the Linear Regression 
model allows for quick implementation and understanding, making it an attractive option for 
investors and analysts alike. This aspect is particularly important in contexts where time 
and resources are limited, as it enables stakeholders to make timely decisions based on 
the model's outputs. To further support the model's performance, the following table 
presents the accuracy assessment through RMSE across the test dataset. Table 2 depicts 
the actual and predicted closing prices, the error (difference), and the squared error for 
each prediction. 

 
Table 2: Actual and predicted closing prices, the error, and the squared error 

No. Date Actual Close Predicted Close Error 
Squared 
Error 

1 2021-11-18 1,615 1,632 17 289 

2 2021-11-19 1,595 1,618 23 529 

3 2021-11-22 1,600 1,622 22 484 

4 2021-11-23 1,610 1,604 -6 36 

5 2021-11-24 1,610 1,627 17 289 

... ... ... ... ... ... 

51 2022-01-28 1,670 1,688 18 324 
 Total    27,105 
 RMSE    ≈ 23.06 

 
Table 2 presents a comparison between actual and predicted closing prices over a 



 

 

series of 51 trading days using a linear regression model. It includes the prediction error 
(difference between actual and predicted values) and the corresponding squared error for 
each entry. The total sum of squared errors is 27,105, resulting in a RMSE of approximately 
23.06, indicating the model’s average prediction deviation from actual values. This low error 
margin indicates a strong predictive performance and confirms the effectiveness of the 
Linear Regression approach to predict stock price prediction. 

  

6. Conclusion 

This research demonstrates that Linear Regression can successfully capture short-term 

price movements and provide valuable insights to navigate the complexities of the stock 

market. The evaluation results include the prediction error and corresponding squared error 

for each data point, yielding a total sum of squared errors of 27,105. This RMSE = 23.06 

reflects a relatively low average deviation between predicted and actual closing prices. The 

low RMSE value demonstrates the model’s strong predictive performance and supports its 

effectiveness for forecasting. 

Moreover, the study highlights the importance of utilizing historical data in stock price 

prediction. By analyzing past trends and patterns, the Linear Regression model effectively 

identifies key factors that influence stock prices, enabling more informed investment 

decisions. While the model has certain limitations, such as its reliance on internal stock 

attributes and potential underperformance in non-linear scenarios, it serves as a strong 

baseline for stock price forecasting. This research underscores the relevance of Linear 

Regression in financial analysis, particularly in environments where data is constrained and 

interpretability is essential. 

Finally, the comparative analysis with more complex models, such as LSTM reveals 

that while advanced techniques may offer higher accuracy, the Linear Regression model 

provides a faster and more interpretable solution. This aspect is particularly beneficial for 

investors and analysts who require timely insights without the need for extensive 

computational resources. Overall, the findings of this study contribute to the ongoing 

discourse on stock price prediction methodologies and emphasize the enduring 

significance in the field of financial analysis. 
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