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Abstract. This paper examines the factors influencing sales volume among 

listed tech companies, focusing on key variables such as market demand, 

stock price, and advertising costs. Using a multiple linear regression model, 

the study analyzes data from major tech firms, including Microsoft, Apple, 

and Tesla. The results reveal that advertising costs have a significant effect 

on sales volume, underscoring the importance of marketing expenditures in 

driving revenue growth. However, stock price and product price show less 

statistical significance, indicating these factors may have a smaller impact 

on sales compared to advertising. The findings emphasize the need for tech 

companies to strategically allocate marketing resources to optimize sales 

outcomes. Additionally, the study suggests expanding the scope of future 

research by incorporating a broader range of variables to better understand 

sales dynamics in the tech sector. Future studies could explore factors like 

technological innovation, market saturation, and consumer behaviour to 

offer a more comprehensive view of sales performance. 

1 Introduction 

The technology sector has emerged as a cornerstone of global economic growth, marked by 

its rapid advancements and dynamic market shifts. This sector not only drives innovation but 

also significantly contributes to economic development worldwide. However, tech 

enterprises face unique challenges such as rapid technological changes and market volatility, 

which require a thorough comprehension of the elements affecting their sales outcomes. 

 Accurate sales forecasting is critical for tech companies as it directly impacts strategic 

decision-making and resource allocation. Understanding the variables that drive sales 

performance is essential for optimizing business strategies and achieving competitive 

advantage. Despite its importance, there remains a notable gap in research concerning how 

various factors, such as pricing strategies, advertising expenditures, and broader economic 

conditions, interact and affect sales within the tech industry. 

 Previous studies have made valuable contributions to understanding individual elements 

affecting sales performance. For instance, Smith explored the impact of pricing strategies on 

sales within the consumer electronics sector, revealing significant effects on sales 

performance [1]. Similarly, Jones and Brown examined the role of advertising expenditures 
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in driving sales but did not integrate these findings with pricing strategies or broader 

economic conditions [2]. While these studies provide important insights, they often address 

factors in isolation and fail to explore their combined effects on sales within the high-tech 

sector. 

 The distinct difficulties encountered by tech companies—such as rapid technological 

advancements and market volatility—are often not fully addressed in existing research. This 

study aims to bridge this research gap by analyzing how multiple factors, including pricing 

strategies, advertising expenditures, and economic conditions, collectively impact sales 

performance in listed tech enterprises. This study utilizes both simple and multiple linear 

regression models to offer a more thorough insight into these relationships and their impact 

on sales forecasting. 

 This study has three primary objectives: first, to pinpoint and assess the critical factors 

influencing sales performance in tech enterprises; second, to compare the effectiveness of 

simple and multiple linear regression models in predicting sales; and third, to offer actionable 

insights and recommendations for improving sales forecasting practices within the tech 

industry. This research will contribute valuable knowledge to both academic literature and 

practical applications in the tech sector, particularly by analyzing variables such as price per 

stock, price per product, and advertising costs. 

 In conclusion, this study seeks to offer a detailed insight into the factors influencing sales 

performance within the technology industry. By addressing the limitations of previous 

research and employing advanced analytical methods, this research will offer new insights 

into optimizing sales forecasting and enhancing business strategies in the tech industry.  

2 Literature Review 

The technology sector's rapid growth necessitates effective sales forecasting methods. 

Traditional models, such as time-series analysis, have been foundational in this area, but 

modern techniques offer improved accuracy and flexibility [1,2]. Pricing strategies are 

known to impact sales, as demonstrated by Smith, who found significant effects in consumer 

electronics [3]. Advertising expenditures also play a crucial role, with Jones and Brown 

highlighting increased sales volumes with higher advertising budgets [4]. However, these 

studies often address factors in isolation. 

 Economic conditions, such as inflation and consumer confidence, further influence sales 

[5]. Integrating these factors provides a more comprehensive view, as suggested by Johnson 

and Lee [6]. Advanced analytical techniques, including regression models, have shown 

promise in predicting sales more accurately [7]. 

 This study aims to address the gaps identified in previous research by examining the 

combined effects of pricing strategies, advertising, and economic conditions on tech 

company sales. 

3 Method 

3.1 Data Description  

This study employs a comprehensive analytical approach to investigate the factors 

influencing sales performance among publicly listed tech enterprises. The research focuses 

on key variables such as Sales Volume, Price Per Stock, Price Per Product, and Advertising 

Costs, using data from prominent tech companies. The dataset, covering the fiscal years 2020 

through 2023, was sourced from financial reports and industry databases to ensure its 

relevance to current market conditions and technological advancements. This data collection 
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approach is consistent with practices highlighted in Sales Prediction in the Retail Industry 

Using Machine Learning, which emphasizes the importance of using up-to-date and relevant 

data for accurate forecasting [1]. 

3.2 Analytical Approach  

To explore the relationships between these variables and sales performance, both simple and 

multiple linear regression models were utilized. Initially, simple linear regression analyses 

were conducted to assess the direct effects of each independent variable on sales volume. 

This preliminary analysis aimed to isolate the impact of individual factors—Price Per Stock, 

Price Per Product, and Advertising Costs—on the dependent variable, Sales Volume. By 

examining each variable in isolation, the study sought to identify which factors have the most 

substantial influence on sales performance. This approach is informed by the methodologies 

discussed in Diagnosing Multicollinearity of Logistic Regression Models, which advocates 

for isolating variables to understand their individual effects before considering their 

combined impacts [2]. 

3.3 Multiple Linear Regression Model 

Following the initial analyses, a multiple linear regression model was employed to evaluate 

the combined effect of all independent variables on sales volume. This method facilitates a 

deeper insight into how these variables interact and jointly impact sales performance. The 

multiple linear regression model is specified as follows: 

 

 Y = β0 + β1X1 + β2X2 + β3X3 + ϵ      (1) 

 

 where Y represents Sales Volume, X1 is Price Per Stock, X2 is Price Per Product, and X3 

is Advertising Costs. The coefficient (β1, β2, β3) are estimated to quantify the impact of each 

independent variable on Sales Volume, while ϵ denotes the error term. This method is 

supported by insights from Machine Learning for Revenue Forecasting, which highlights the 

effectiveness of multiple regression models in capturing complex relationships between 

variables [3]. 

3.4 Diagnostic Checks 

To validate the reliability of the results, several diagnostic tests were conducted. These 

included tests for multicollinearity using Variance Inflation Factor (VIF) to detect 

correlations among predictors, as well as assessments for heteroscedasticity using the 

Breusch-Pagan test. Model fit was evaluated using R-squared and Adjusted R-squared values 

to determine how well the models explain the variation in sales volume. These diagnostic 

procedures align with practices outlined in Reference Multicollinearity and Regression 

Analysis, which stresses the importance of these checks in validating regression models [4]. 

3.5 Justification of Methodology 

The chosen research design, incorporating both simple and multiple linear regression models, 

effectively addresses the research objectives by providing both individual and collective 

insights into the factors influencing sales performance. The thoroughness of the dataset and 

the robustness of the analytical techniques guarantee the accuracy and dependability of the 

results. Through the application of these methods, the study seeks to provide valuable insights 

  

SHS Web of Conferences 208, 04014 (2024)

DSM 2024
https://doi.org/10.1051/shsconf/202420804014

3



into the field of business analytics, offering actionable insights for improving sales 

forecasting practices within the tech industry. This approach is justified by the research 

methodologies discussed in Sales Prediction in the Retail Industry Using Machine Learning 

and Machine Learning for Revenue Forecasting, which highlight the robustness and 

relevance of these techniques in predictive analytics [1,3]. 

4 Results 

4.1 Descriptive Statistics  

The dataset analyzed includes key variables from publicly listed tech enterprises for the fiscal 

years 2020 through 2023. Sales Volume (Y) had an average of $217.19 billion with a standard 

deviation of $178.56 billion, reflecting significant variation in sales performance across 

companies. The Price Per Stock (X1) had a mean of $324.59 and a standard deviation of 

$309.94, indicating variability in investor valuations. Price Per Product (X2) averaged 

$754.01 with a standard deviation of $604.75, highlighting the range of pricing strategies 

employed by these companies. Advertising Costs (X3) had an average expenditure of $5,037 

million and a standard deviation of $6,601.59 million, illustrating the broad spectrum of 

marketing investments made by the firms. These descriptive statistics align with the findings 

in Analyzing and Predicting the Sales Forecasting using Modified Random Forest and 

Decision Tree Algorithm, which also emphasize the variability in sales and related factors 

[2]. 

4.2 Simple Linear Regression Analysis 

The simple linear regression analyses assessed the impact of each predictor on Sales Volume. 

For Price Per Stock (X1), the coefficient was β1 = 0.198, showing a positive relationship with 

Sales Volume, though this effect was not statistically significant. Similarly, Price Per Product 

(X2) had a coefficient of β2 = 0.152, also indicating a positive association with Sales Volume, 

but not statistically significant. Conversely, Advertising Costs (X3) demonstrated a 

coefficient of β3 = 0.027, approaching statistical significance (Table 2). This suggests that 

higher advertising expenditures may have a positive impact on Sales Volume, though the 

evidence is not fully conclusive. These results are comparable to the insights from Effects of 

Online Advertising on Automobile Sales, which found that advertising expenditures can 

positively influence sales, though often with varying degrees of significance [3]. 

4.3 Multiple Linear Regression Analysis 

The multiple linear regression model produced a Multiple R value of 0.715, indicating a 

moderate to strong correlation between the predictors and Sales Volume. The R-squared 

value was 0.512, suggesting that approximately 51.2% of the variance in Sales Volume is 

explained by the combined effect of Price Per Stock (X1), Price Per Product (X2), and 

Advertising Costs (X3). This indicates a meaningful relationship between the predictors and 

Sales Volume, though the model accounts for less than half of the variance (Table 1). 

 The intercept was -96.594, implying a baseline Sales Volume when all predictors are 

zero. Among the predictors, Price Per Stock (X1) had a coefficient of 0.198, Price Per Product 

(X2) had a coefficient of 0.152, and Advertising Costs (X3) had a coefficient of 0.027 (Table 

2). The coefficient for Advertising Costs was the most notable, approaching statistical 

significance, suggesting a potential positive influence on Sales Volume. These findings 

reflect the model performance discussed in Machine Learning for Revenue Forecasting, 
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which emphasizes the importance of incorporating multiple predictors to enhance model 

accuracy [4]. 

Table 1. Regression Statistics. 

Regression Statistics 

Multiple R 0.7153 

R Square 0.5116 

Adjusted R Square 0.2674 

Standard Error 152.8267 

Observations 152.8267 

 

Table 2. ANOVA. 

 

 
Coefficients Standard Error t Stat P-value 

Intercept -96.594 202.368 -0.477 0.650 

X Variable 1 0.198 0.212 0.931 0.388 

X Variable 2 0.152 0.131 1.154 1.154 

X Variable 3 0.027 0.011 2.372 2.372 

4.4 Residual Analysis 

Residual analysis revealed some discrepancies between predicted and actual Sales Volumes, 

particularly in observations 5 and 10. These differences suggest that although the regression 

model accounts for a significant portion of the variation in Sales Volume, there are additional 

factors influencing sales that are not fully captured by the current model. This observation is 

consistent with the residual analysis techniques discussed in Diagnosing Multicollinearity of 

Logistic Regression Model, which highlights the importance of residual diagnostics for 

identifying model limitations [5]. 

5 Discussion 

The results of the study reveal a moderately strong relationship between the predictors and 

Sales Volume, as indicated by the Multiple R value of 0.715. This suggests a notable 

correlation between the predictors and sales performance. However, the R-squared value of 

0.512, coupled with an adjusted R-squared of 0.267, indicates that a significant portion of the 

variance in Sales Volume remains unexplained. This finding aligns partially with the 

hypotheses, particularly concerning the significance of Advertising Costs [X3]. The near-

significant p-value (0.055) supports the notion that advertising can positively impact sales, 

though the effect is less pronounced than anticipated. This observation is consistent with 

insights from Lee’s [9] comparative study on the impact of advertising, which underscores 

the variability in how advertising expenditures affect sales volume. 

 Conversely, the lack of statistical significance for Price Per Stock [X1] and Price Per 

Product [X2] diverges from the initial expectations. Previous research, such as Sales 

Prediction in the Retail Industry Using Machine Learning by Smith, underscores the 

importance of pricing strategies in influencing sales outcomes [1]. The findings suggest that 
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within the context of this model, pricing variables may not exert as substantial an influence 

as anticipated. This discrepancy might be attributed to several factors. For instance, the 

metrics used for pricing may not fully capture their impact on sales in the tech sector, or the 

effect of pricing might be mediated by other unaccounted variables, such as competitive 

pricing strategies or market saturation. Additionally, the relatively small sample size (n=10) 

could limit the model's power to detect significant effects, potentially contributing to the non-

significant results for pricing variables. Similar concerns are addressed in Analyzing and 

Predicting the Sales Forecasting using Modified Random Forest and Decision Tree 

Algorithm by Johnson, which notes the limitations of sample size on model performance [2]. 

 Incorporating insights from Brown’s exploration of sales forecasting techniques for tech 

enterprises suggests that adopting more sophisticated models could enhance the accuracy of 

sales predictions [6]. Such approaches could overcome the limitations of the existing model 

by including a wider array of predictive variables and capturing more intricate interactions. 

Additionally, Patel emphasizes the potential of machine learning algorithms for revenue 

prediction [7]. Incorporating these advanced methods could provide a more robust analysis 

of sales data and improve predictive accuracy, addressing some of the limitations observed 

in linear regression model. 

 Despite these limitations, the findings offer valuable insights for tech enterprises. The 

marginal significance of Advertising Costs suggests that while advertising is a critical 

component of sales strategy, its effectiveness may be influenced by additional factors or 

optimizations. Tech companies should consider refining their advertising strategies to better 

target potential customers and enhance return on investment. Future studies could investigate 

the impact of various forms of advertising (e.g., digital vs. traditional) or varying levels of 

advertising intensity affect sales performance, as suggested by Machine Learning for 

Revenue Forecasting by Patel [7]. 

 Given the inconclusive results for pricing variables, it is advisable for tech companies to 

investigate alternative pricing models or incorporate more detailed pricing data into their 

sales forecasting efforts. Zhang’s research on refining pricing models for tech firms 

highlights the importance of detailed pricing strategies [8]. Although pricing variables in the 

study did not show significant effects, Zhang’s findings suggest that a more nuanced 

approach to pricing could offer better insights into its impact on sales. Understanding the 

interplay between pricing, advertising, and other economic factors could lead to more 

accurate sales predictions and better strategic decisions. This approach aligns with the 

recommendations from Diagnosing Multicollinearity of Logistic Regression Model by Chen, 

which suggests that a comprehensive understanding of variable interactions can improve 

model accuracy [5]. 

This study has a number of limitations that future research should address. Firstly, the 

limited sample size of 10 observations may constrain the generalizability of the results and 

diminish the statistical power of the regression analysis. Increasing the sample size could 

provide a more robust dataset and enhance the reliability of the results. Secondly, the current 

model may not fully capture the complexities of the tech sector. The exclusion of additional 

relevant variables, such as competitive actions, market trends, or technological advancements, 

could limit the model’s explanatory power. Future studies should include these factors to 

offer a more complete understanding of sales dynamics. Lastly, linear regression approach 

used in this study might not account for non-linear relationships or interactions between 

variables. Employing advanced techniques, such as machine learning algorithms or 

interaction terms in the regression model, could offer more nuanced insights and improve 

predictive accuracy, as discussed by Thompson [10]. 

 In summary, while this study provides a foundation for understanding the factors 

affecting Sales Volume in tech enterprises, addressing these limitations, and exploring 
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additional variables will be crucial for enhancing the accuracy and applicability of sales 

forecasting models in future research. 

6 Conclusion 

This study provides a comprehensive analysis of the factors influencing sales performance in 

listed tech enterprises, emphasizing the roles of pricing strategies, advertising expenditures, 

and economic conditions through both simple and multiple linear regression models. The 

analysis reveals that while Advertising Costs exhibit a marginally significant impact on Sales 

Volume, indicated by a near-significant p-value (0.055), the effects of Price Per Stock and 

Price Per Product are not statistically significant. This finding suggests that advertising plays 

a role in driving sales, although its impact may be influenced by additional factors not fully 

captured in the model. 

 The non-significance of pricing variables, despite their theoretical importance, implies 

that their impact might be overshadowed by other unaccounted elements or that the specific 

metrics used may not fully reflect their influence. This discrepancy underscores the need to 

refine advertising strategies and reconsider pricing models to enhance sales forecasting 

accuracy. 

 Despite limitations such as the small sample size and potential exclusion of relevant 

variables, the findings contribute to a better understanding of sales dynamics in the tech 

sector. Future research should aim to expand the sample size and include additional factors, 

such as market trends and competitive actions, to provide a more nuanced view of sales 

drivers in the tech industry. Exploring non-linear relationships and employing advanced 

modelling techniques could further enhance the accuracy of sales predictions. 

 Overall, this study advances the understanding of sales performance determinants in 

high-tech enterprises and sets the stage for future research. By addressing the limitations and 

incorporating additional variables, researchers can better elucidate the complex interactions 

influencing sales and improve forecasting models. 
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