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Abstract 
In recent years, the integration of machine learning (ML) techniques into sales forecasting has garnered 

significant attention, revolutionizing traditional approaches and enhancing predictive accuracy. Among 

the myriad factors influencing the success of ML models, the selection of relevant features stands out as a 

critical determinant. This review paper systematically examines the impact of various feature selection 

methods on the performance of machine learning models specifically applied to sales forecasting. 

The exploration begins by delineating the fundamental importance of accurate sales forecasting in 

modern business contexts, emphasizing its role in strategic decision-making and resource allocation. 

Subsequently, an in-depth analysis of the diverse feature selection methods commonly employed in the 

literature is presented. Techniques ranging from filter methods, wrapper methods, to embedded methods 

are scrutinized for their ability to enhance model efficiency by identifying and incorporating the most 

informative features. 

A substantial portion of this review is devoted to elucidating the interplay between feature selection and 

the choice of machine learning algorithms. The examination encompasses popular algorithms such as 

linear regression, decision trees, support vector machines, and ensemble methods. The nuanced 

relationship between specific feature selection methods and the efficacy of each algorithm in the context 

of sales forecasting is thoroughly investigated. 

Moreover, the review extends its purview to encompass real-world applications and case studies where 

the impact of feature selection on sales forecasting models is empirically validated. By synthesizing 

findings from diverse studies, the paper aims to distill overarching trends and patterns, shedding light on 

the generalizability of feature selection methods across different industry domains and dataset 

characteristics. 

 

Keywords: Sales forecasting, machine learning models, feature selection methods, predictive accuracy, 

decision-making, algorithm selection, real-world applications 

 

1. Introduction 

In the dynamic landscape of modern business, the ability to anticipate market trends and 

forecast sales accurately is paramount for strategic decision-making and sustainable growth. 

Recognizing the limitations of traditional methods, the integration of machine learning (ML) 

models has emerged as a transformative force, promising enhanced predictive accuracy and 

efficiency in sales forecasting. However, the success of these ML models hinges on the careful 

selection of features, as the relevance and informativeness of input variables play a pivotal role 

in determining predictive performance. 

Sales forecasting, a cornerstone of business planning, involves the estimation of future sales 

based on historical data, market trends, and various influencing factors. As businesses navigate 

an increasingly complex and competitive environment, the demand for more sophisticated 

forecasting methods has led to the widespread adoption of machine learning techniques. These 

models, ranging from linear regression to complex ensemble methods, have shown remarkable 

potential in capturing intricate patterns within data, thus providing a more nuanced 

understanding of sales dynamics. 

A crucial aspect of leveraging machine learning for sales forecasting lies in the strategic 

curation of input features. Feature selection methods serve as the gatekeepers, determining 

which variables are most relevant for constructing accurate and efficient models. The selection 

process is multifaceted, involving the exploration of filter methods, wrapper methods, and  
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embedded methods, each with its own advantages and trade-

offs. Understanding the impact of these methods on the 

performance of machine learning models is essential for 

practitioners seeking to harness the full potential of data-

driven sales forecasting. 

The choice of machine learning algorithm further compounds 

the complexity of the modeling process. Different algorithms 

exhibit varying degrees of sensitivity to the input features, 

necessitating a nuanced approach to algorithm selection. 

Linear regression, decision trees, support vector machines, 

and ensemble methods each bring unique strengths to the 

table, and the effectiveness of these algorithms is intricately 

linked to the quality of input features. Hence, the interplay 

between feature selection methods and algorithmic 

performance constitutes a critical dimension that warrants 

thorough investigation. 

As organizations strive to implement machine learning for 

sales forecasting, bridging the gap between theoretical 

knowledge and practical application becomes imperative. 

Real-world applications and case studies provide the litmus 

test for the efficacy of feature selection methods in diverse 

industry domains. By examining empirical evidence, 

researchers and practitioners can glean insights into the 

generalizability and robustness of feature selection techniques 

across different datasets and business contexts. 

This comprehensive review endeavors to synthesize existing 

knowledge on the impact of feature selection methods on 

machine learning models for sales forecasting. Through a 

systematic exploration of the intricate relationships between 

feature selection, choice of algorithms, and real-world 

applicability, this paper aims to provide a holistic 

understanding that empowers decision-makers to navigate the 

complexities of predictive modeling in the realm of sales 

forecasting. 

 

2. Related Work 

2.1 Machine Learning-based and Classical Time Series 

Forecasting Methods 

Sales forecasting, a critical aspect of business planning, has 

witnessed a paradigm shift with the integration of machine 

learning (ML) techniques. Classical forecasting methods, 

rooted in the analysis of chronologically ordered time series 

data, have traditionally been employed to predict future 

sequences based on historical information. Table 1 provides 

an overview of classical forecasting methods, including 

univariate approaches like Exponential Smoothing (ES) and 

Autoregressive Integrated Moving Average (ARIMA), and 

multivariate methods such as Seasonal Autoregressive 

Integrated Moving Average with external factors 

(SARIMAX). These methods leverage statistical information 

derived from historical data to make predictions, offering a 

fundamental baseline for comparison. 

In the realm of ML, sales forecasting can be conceptualized as 

a regression task. Frequentist ML methods, which minimize 

empirical risk for a specific loss function, compete with 

Bayesian formulations, termed probabilistic in this context. 

Multiple Linear Regression (MLR) serves as a baseline for 

regression tasks, while approaches like Ridge, Lasso, and 

Elastic Net Regression incorporate different regularization 

terms to prevent overfitting. Bayesian Ridge Regression 

(BayesRidge) introduces a Gaussian prior on the weights, 

while Automatic Relevance Determination (ARD) associates 

individual variances with each weight. Artificial Neural 

Networks (ANN), especially Recurrent Neural Networks 

(RNN) like Long Short-Term Memory Networks (LSTM), 

exhibit suitability for time series data due to their ability to 

capture temporal dependencies. Ensemble methods such as 

XGBoost (XGB) demonstrate superior performance through 

gradient-boosted regression trees, while Gaussian Process 

Regression (GPR) stands out for providing uncertainty 

estimates, essential for practical demand forecasting. 

 

2.2 Time Series Forecasting Competitions and Related 

Domains 

Empirical comparisons of forecasting approaches have been a 

focal point in the literature, with initiatives like the M-

competitions offering insights into the performance of 

different methods. While the M4-competition highlighted the 

advantages of combined methods over single ML models, the 

recent M5-study emphasized the superiority of gradient 

boosted trees, especially in scenarios with strongly correlated 

time series and explanatory variables. Kaggle forecasting 

competitions reinforce the trend that ensemble methods often 

outperform individual techniques. 

Beyond general forecasting competitions, research in related 

domains such as food and tourism demand forecasting 

provides valuable insights. Studies in food demand 

forecasting reveal the superiority of ML algorithms, with 

LSTM and gradient boosted regression trees showcasing 

enhanced predictive capabilities. Similar attributes in the 

demand for ornamental plants, characterized by strong 

seasonality and external influences, align with the challenges 

in horticultural sales forecasting. Additionally, tourism 

demand forecasting exhibits methodological trends, with a 

combination of econometric models, time series approaches, 

and the increasing use of ML methods proving effective. 

 

3. Methodology Review 

3.1 Selection of Datasets 

A critical precursor to any study involving machine learning 

models for sales forecasting is the choice of datasets. The 

quality, size, and relevance of datasets directly influence the 

effectiveness of the models. Researchers often employ 

historical sales data, incorporating factors such as product 

attributes, pricing, promotions, and external economic 

indicators. The selection process involves identifying datasets 

that capture the nuances of the business domain, ensuring a 

representative and diverse set of scenarios for robust model 

training. 

 

3.2 Feature Selection Methods 

In the realm of machine learning, the identification and 

incorporation of relevant features significantly impact model 

performance. This section delves into the various feature 

selection methods employed in sales forecasting literature. 

Filter methods, which assess the intrinsic characteristics of 

features, wrapper methods that use predictive models to 

evaluate feature subsets, and embedded methods that integrate 

feature selection within the model training process are 

systematically examined. 

 

3.2.1 Filter Methods 

Filter methods focus on evaluating individual features based 

on statistical measures like correlation, chi-square, or 

information gain. Commonly used filter methods in sales 

forecasting include correlation analysis to identify linear 

relationships between features and mutual information 

measures for assessing the dependence between variables. 
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Understanding the nuances of these filter methods is crucial 

for researchers aiming to preprocess data effectively and 

enhance the quality of input features. 

 

3.2.2 Wrapper Methods 

Wrapper methods evaluate feature subsets by employing a 

specific machine learning model. This section reviews 

commonly utilized wrapper methods such as recursive feature 

elimination (RFE) and forward/backward selection. RFE, in 

particular, iteratively removes the least informative features 

based on model performance, providing insights into the 

significance of each feature. The discussion includes the 

strengths, limitations, and scenarios where wrapper methods 

prove most beneficial for sales forecasting models. 

 

3.2.3 Embedded Methods 

Embedded methods seamlessly integrate feature selection 

within the model training process, optimizing both feature 

relevance and model performance simultaneously. Techniques 

like regularization, commonly employed in linear regression 

models, and decision tree-based methods, such as random 

forests, are explored. The section outlines the advantages of 

embedded methods in terms of computational efficiency and 

model interpretability, shedding light on their applicability in 

the context of sales forecasting. 

 

3.3 Machine Learning Algorithms for Sales Forecasting 

The selection of machine learning algorithms is a pivotal 

aspect of constructing an effective sales forecasting model. 

This section provides a comprehensive review of popular 

algorithms, including linear regression, decision trees, support 

vector machines, ensemble methods, and neural networks. 

Each algorithm's strengths, weaknesses, and compatibility 

with specific feature selection methods are discussed, offering 

researchers valuable insights into the intricate interplay 

between algorithmic choice and feature relevance. 

 

3.4 Real-world Applications and Case Studies 

To bridge the gap between theoretical insights and practical 

utility, this section examines real-world applications and case 

studies where the impact of feature selection methods on sales 

forecasting models is empirically validated. The diversity of 

industry domains and dataset characteristics is considered, 

emphasizing the need for context-specific adaptations. Case 

studies provide tangible examples of successful feature 

selection strategies, offering practitioners actionable 

takeaways for implementation in their respective business 

scenarios. 

 

3.5 Evaluation Metrics and Performance Benchmarking 

An integral component of any methodology is the 

establishment of robust evaluation metrics to quantify the 

performance of machine learning models. This subtopic 

delves into commonly employed metrics such as Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE), 

and Mean Absolute Percentage Error (MAPE). The discussion 

extends to the importance of defining a performance 

benchmark, considering industry standards or historical 

forecasting accuracies as reference points. A critical analysis 

of the strengths and limitations of each metric provides 

researchers with guidance on selecting the most appropriate 

evaluation criteria for assessing model efficacy in the context 

of sales forecasting. 

 

3.6 Addressing Overfitting and Generalization 

Overfitting is a prevalent challenge in machine learning 

models, particularly in the context of sales forecasting where 

models need to generalize well to unseen data. This subtopic 

explores methodologies to address overfitting, including the 

use of regularization techniques such as L1 and L2 

regularization. It also discusses the role of cross-validation in 

mitigating overfitting by partitioning the dataset into training 

and validation sets. Researchers gain insights into strategies 

for achieving a balance between model complexity and 

generalization, ensuring the developed models are robust and 

applicable to diverse sales forecasting scenarios. 

 

3.7 Ethical Considerations and Bias Mitigation 

As machine learning models increasingly shape decision-

making processes, ethical considerations and the potential for 

bias become paramount. This subtopic explores the ethical 

dimensions of employing machine learning in sales 

forecasting, emphasizing transparency, fairness, and 

accountability. Discussions include strategies for mitigating 

bias, ensuring the equitable treatment of diverse demographic 

groups, and the implications of biased predictions on business 

practices. By addressing these ethical considerations, 

researchers contribute to the responsible and equitable 

advancement of machine learning applications in sales 

forecasting. 

 

4. Future outlook 

The landscape of sales forecasting is poised for continual 

evolution, driven by technological advancements and a 

growing wealth of data. The following insights provide a 

glimpse into the future trajectory of the field, offering a 

roadmap for researchers, practitioners, and businesses seeking 

to harness cutting-edge approaches for more accurate and 

adaptive sales predictions. 

 

4.1 Integration of Explainable AI in Sales Forecasting 

Models 

A notable future direction lies in enhancing the 

interpretability of machine learning models for sales 

forecasting. Explainable AI (XAI) methodologies are gaining 

prominence, addressing the inherent opacity of complex 

models. As businesses increasingly rely on machine learning 

outcomes to inform strategic decisions, the integration of XAI 

ensures transparency, fostering trust in model predictions. 

Research efforts will likely focus on developing methods that 

not only yield accurate forecasts but also provide stakeholders 

with understandable insights into the factors influencing those 

predictions. 

 

4.2 Fusion of Traditional Time Series Methods and Deep 

Learning Techniques 

The future holds promise for a hybridized approach, 

combining the strengths of traditional time series forecasting 

methods with the power of deep learning techniques. 

Integrating the interpretability of methods like SARIMA with 

the capacity of deep learning models such as Long Short-

Term Memory Networks (LSTM) can potentially yield more 

robust forecasting frameworks. This fusion aims to capitalize 

on the strengths of each approach, addressing challenges 

related to interpretability and capturing complex temporal 

dependencies simultaneously. 
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4.3 Embracing Edge Computing for Real-time Sales 

Forecasting 

As the demand for real-time decision-making intensifies, the 

integration of edge computing into sales forecasting models 

emerges as a futuristic trend. Edge computing involves 

processing data near the source of generation, reducing 

latency and enabling quicker responses. In the context of sales 

forecasting, this translates to the ability to adapt models 

rapidly to dynamic market changes. Future research will 

likely explore the optimal deployment of machine learning 

algorithms on edge devices, ensuring scalability and 

efficiency in real-time forecasting scenarios. 

 

5. Bridging the Gap: Contrasting Past and Future 

Applications in Sales Forecasting 

5.1 Past Applications: The Evolution of Sales Forecasting 

Historically, sales forecasting predominantly relied on 

traditional methods rooted in statistical analyses of historical 

data. Techniques such as Exponential Smoothing (ES) and 

Autoregressive Integrated Moving Average (ARIMA) were 

the go-to approaches. These methods, while effective in 

capturing trends and seasonality, had limitations in handling 

the complexity of modern business environments. Past 

applications were characterized by a reliance on univariate 

models, often overlooking external factors that influence sales 

dynamics. The deterministic nature of these methods meant 

that adapting to rapidly changing market conditions posed a 

significant challenge. 

 

5.2 Future Applications: Embracing Technological 

Advancements 

The future of sales forecasting presents a paradigm shift, 

driven by technological advancements and a data-driven 

approach. Machine learning models have emerged as 

powerful tools capable of uncovering intricate patterns within 

vast datasets. The integration of feature selection methods has 

become crucial, allowing businesses to focus on the most 

relevant variables for prediction. Unlike the past, where 

interpretability was sacrificed for simplicity, the future 

envisions models that not only predict accurately but also 

provide transparent insights into the decision-making process. 

Explainable AI (XAI) methodologies are poised to play a 

pivotal role in bridging this gap, ensuring that stakeholders 

can comprehend and trust the predictions generated by 

complex models. 

Moreover, the future applications of sales forecasting involve 

a fusion of traditional time series methods with deep learning 

techniques. This integration seeks to capitalize on the 

interpretability of methods like SARIMA while harnessing 

the capacity of deep learning models, such as Long Short-

Term Memory Networks (LSTM), to capture complex 

temporal dependencies. Real-time adaptability is becoming 

paramount in the future, with the integration of edge 

computing enabling quicker responses to dynamic market 

changes. This shift towards real-time forecasting reflects a 

departure from the static, retrospective nature of past 

applications, aligning with the rapid pace of today's business 

environments. 

 

5.3 Key Differences and Implications 

The key difference lies in the shift from a deterministic, 

historical perspective to a dynamic, data-driven future. Past 

applications were marked by simplicity, relying on historical 

patterns with limited adaptability. In contrast, future 

applications leverage advanced technologies, incorporate 

external factors, and prioritize interpretability and 

transparency. This evolution reflects a strategic response to 

the challenges posed by a rapidly changing business 

landscape, where real-time insights, adaptability, and ethical 

considerations are paramount. As businesses transition from 

traditional methodologies to innovative, technology-driven 

approaches, the future of sales forecasting holds the promise 

of not just predicting sales but transforming the way decisions 

are made. 

 

6. Conclusion: Paving the Path Forward in Sales 

Forecasting 

In conclusion, the trajectory of sales forecasting has 

undergone a remarkable evolution, transitioning from the 

deterministic and historical perspectives of the past to the 

dynamic, data-driven future. Past applications were anchored 

in traditional methods such as Exponential Smoothing and 

ARIMA, effective in capturing historical trends but limited in 

adapting to the complexities of modern business 

environments. Univariate models dominated, often 

overlooking external influences shaping sales dynamics. 

The future of sales forecasting signifies a paradigm shift, 

fueled by technological advancements and a strategic embrace 

of machine learning models. Integrating feature selection 

methods has become imperative, elevating the relevance of 

variables and ensuring accurate predictions. Unlike the 

opacity of the past, the future envisions models that not only 

forecast with precision but also offer transparent insights, 

bridging the interpretability gap through Explainable AI 

methodologies. 

Furthermore, the future applications emphasize a fusion of 

traditional time series methods with cutting-edge deep 

learning techniques. This amalgamation seeks to balance 

interpretability with the capacity to capture complex temporal 

dependencies, providing a more nuanced understanding of 

sales dynamics. Real-time adaptability becomes a 

cornerstone, facilitated by the integration of edge computing, 

a departure from the static and retrospective nature of past 

applications. 

As businesses navigate an increasingly dynamic marketplace, 

the future of sales forecasting lies not only in predicting sales 

accurately but also in transforming decision-making 

processes. This evolution underscores the importance of 

transparency, adaptability, and ethical considerations. 

Researchers and practitioners, armed with innovative 

methodologies and a commitment to harnessing technology, 

are poised to pave the path forward, shaping a future where 

sales forecasting becomes a strategic enabler for agile and 

informed decision-making. 
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