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Abstract: Sales trend forecasting is a critical function within modern business intelligence (BI) systems, enabling
organizations to optimize inventory management, allocate resources effectively, and make strategic decisions in an
increasingly volatile market. Traditionally, classical time series models such as ARIMA and Exponential Smoothing
have been widely used due to their interpretability and robust theoretical foundations. However, the emergence of
machine learning (ML) methods such as Random Forests, Gradient Boosting Machines, and Long Short-Term Memory
(LSTM) networks has introduced new opportunities for capturing complex, non-linear patterns in sales data. This
review provides a comprehensive comparison between classical and machine learning approaches for sales trend
prediction, examining their strengths, limitations, and practical applications. Classical models offer simplicity,
computational efficiency, and strong performance with stationary and linear data, making them suitable for well-
structured datasets. Conversely, machine learning models excel in handling large, noisy, and multi-dimensional datasets,
offering superior accuracy at the cost of higher computational demands and reduced interpretability. Real-world
applications across retail, finance, supply chain management, and healthcare are explored, highlighting the
transformative impact of time series forecasting in business operations. Key challenges including data quality, model
maintenance, and the need for explainable AI are discussed alongside future directions such as real-time forecasting,
transfer learning, and federated learning. By synthesizing insights from both classical and contemporary forecasting
paradigms, this review aims to guide researchers, data scientists, and business leaders in selecting appropriate
methodologies for enhancing predictive capabilities within business intelligence ecosystems.
Keywords: Business intelligence; Classical models; Machine learning approaches; Sales trend prediction; Time series
forecasting

1 INTRODUCTION

In today’s rapidly evolving and highly competitive business environment, organizations must constantly adapt to
changing market dynamics, consumer preferences, and economic conditions. Central to navigating this complex
landscape is the ability to accurately predict future sales trends. Sales forecasting has long been recognized as a critical
component of strategic planning, operational efficiency, and financial management [1-4]. Whether it involves preparing
inventory for an upcoming season, allocating marketing resources, or projecting revenue for stakeholders, accurate sales
forecasts empower businesses to make informed and proactive decisions [5-6]. Business Intelligence (BI) systems,
which are designed to transform raw data into actionable insights, increasingly rely on sophisticated forecasting
techniques to enhance decision-making processes. At the heart of these forecasting efforts lies time series analysis, a
statistical technique that models historical data points, observed sequentially over time, to predict future values [7-11].
Time series forecasting captures important patterns such as trend, seasonality, cyclicality, and irregular fluctuations,
allowing businesses to uncover underlying structures within their sales data [12]. Traditionally, organizations have
employed classical statistical models like the AutoRegressive Integrated Moving Average (ARIMA) and Exponential
Smoothing techniques for sales forecasting. These models offer transparency, ease of interpretation, and reliable
performance when dealing with relatively simple, stable, and linear datasets [13-14]. Their mathematical rigor and well-
defined assumptions made them the dominant choice for decades across industries ranging from retail and
manufacturing to finance and healthcare.
However, the digital revolution has fundamentally transformed the data landscape. With the advent of Big Data,
organizations now capture massive volumes of structured and unstructured data at unprecedented velocity and variety
[15-16]. Consumer behavior has also become more unpredictable, influenced by a multitude of factors such as real-time
social media trends, geopolitical events, and technological innovations. In such complex environments, the limitations
of classical models such as their reliance on stationarity assumptions and limited capacity to model non-linear
relationships have become more apparent. Consequently, there has been a surge of interest in leveraging machine
learning (ML) approaches for time series forecasting [6-7]. Machine learning models, including Random Forests,
Gradient Boosting Machines (GBMs), Support Vector Regression (SVR), and deep learning architectures like Long
Short-Term Memory (LSTM) networks, offer powerful alternatives to classical techniques. These models are capable of
automatically learning intricate patterns, capturing non-linear relationships, and adjusting to high-dimensional feature
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spaces without strict assumptions about data distribution [17]. Machine learning approaches are particularly effective
when dealing with volatile, multi-factorial sales environments where traditional linear models struggle to maintain
predictive accuracy. For example, LSTM networks have demonstrated superior performance in capturing long-term
dependencies and sequential patterns in sales data compared to traditional ARIMA models [18]. Nevertheless, the
adoption of machine learning in time series forecasting is not without challenges. ML models often require substantial
volumes of high-quality historical data for training, involve greater computational resources, and lack the
interpretability that classical models naturally provide [6, 12]. Business leaders are often wary of "black-box" models
whose predictions are difficult to explain to stakeholders. Furthermore, model overfitting, data drift, and maintenance
complexity can impact the reliability of machine learning systems if not carefully managed [18].
Given these dynamics, it is crucial to critically evaluate and compare classical and machine learning approaches for
time series forecasting, especially within the context of business intelligence where practical applicability, scalability,
and interpretability are vital. Understanding the strengths, limitations, and appropriate use cases for each paradigm can
empower businesses to make smarter forecasting choices, combining the robustness of classical methods with the
flexibility of machine learning to maximize predictive performance. This review paper aims to provide a comprehensive
comparative analysis, exploring real-world applications, key challenges, and future directions for time series forecasting
in business intelligence.

2 OVERVIEW OF CLASSICAL AND MACHINE LEARNING APPROACHES

Classical time series forecasting models have served businesses well for decades, offering a robust framework for
understanding and predicting future trends based on historical patterns. The ARIMA model, for instance, combines
autoregressive, differencing, and moving average components to model and forecast a time series. ARIMA’s strength
lies in its ability to model a wide variety of time series behaviors with relatively few parameters. However, it assumes
linear relationships and requires the time series to be stationary or at least made stationary through transformations [5-6].
Similarly, Exponential Smoothing techniques, including Holt’s linear trend method and Holt-Winters seasonal method,
forecast future values by weighing past observations with exponentially decreasing weights. These models excel at
handling trend and seasonality and are relatively easy to implement, making them popular choices in traditional BI
setups. Despite their success, classical models face limitations when dealing with highly volatile, complex, or multi-
dimensional data typical of modern businesses. This is where machine learning approaches have started to gain ground.
Machine learning models do not assume linearity or stationarity and can model intricate patterns and interactions within
large datasets. Tree-based models such as Random Forests and XGBoost excel at capturing non-linear relationships and
interactions between features. These models are robust to missing values and outliers, offering significant advantages
over classical methods [19-25].
Deep learning approaches, particularly Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM)
networks, have shown remarkable success in sequential data modeling. LSTMs, in particular, address the vanishing
gradient problem associated with traditional RNNs, allowing the model to learn long-term dependencies and seasonality
patterns in the data [25-27]. Tools like Facebook Prophet blend the flexibility of ML models with the simplicity of
classical decomposition approaches, offering business users the ability to model seasonality, holidays, and trend
changes with minimal expertise required. Thus, while classical models remain highly useful for simpler and well-
behaved datasets, machine learning models offer greater adaptability and predictive power in complex environments.

3 COMPARATIVE ANALYSIS OF FORECASTING TECHNIQUES

Comparing classical and machine learning forecasting techniques reveals nuanced differences across multiple
dimensions, including accuracy, interpretability, data requirements, and computational complexity. In terms of accuracy,
machine learning models often outperform classical methods, particularly in scenarios involving non-linear
relationships, high volatility, or exogenous factors influencing sales trends. Studies such as the M4 Competition have
demonstrated that hybrid approaches combining statistical and machine learning methods often yield the best results,
with pure machine learning models also showing superior performance over traditional models on complex datasets [14,
22-26].
However, when interpretability is a critical requirement, classical models maintain an advantage. In ARIMA models,
for example, the coefficients directly relate to the behavior of the time series, offering clear insights into trend,
seasonality, and autocorrelation. This transparency is valuable for business executives who must justify forecasts to
stakeholders [6]. Conversely, machine learning models, especially deep learning networks, operate as black boxes,
making it challenging to interpret why a particular forecast was generated. While techniques like SHAP values and
LIME provide some interpretability to machine learning outputs, they are often not as intuitive as traditional model
parameters.
Data requirements further differentiate the two approaches. Classical models perform well with small to medium-sized
datasets, assuming the data exhibits relatively stable patterns. In contrast, machine learning models thrive on large
volumes of data and often require additional features such as promotions, economic indicators, or weather patterns to
achieve peak performance [27-29]. This makes machine learning models better suited to businesses with rich data
ecosystems, while smaller organizations might find classical approaches more practical. From a computational
standpoint, classical models are significantly less demanding, often running efficiently on standard personal computers.
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Machine learning models, especially deep learning architectures like LSTM networks, require substantial computational
resources, often necessitating the use of GPUs and distributed computing environments [30]. Thus, the choice between
classical and machine learning approaches is not merely a matter of accuracy but must consider practical constraints
such as interpretability, available data, and computational resources.

4 APPLICATIONS IN BUSINESS INTELLIGENCE

The application of time series forecasting in business intelligence spans across multiple industries, each leveraging
forecasting models to gain a competitive edge. In the retail and e-commerce sector, demand forecasting is crucial for
inventory management, dynamic pricing, and personalized marketing (Figure 1). Companies like Amazon utilize
sophisticated hybrid models combining statistical techniques with deep learning to predict product demand across
thousands of items, adjusting supply chains in real-time to meet customer needs [5-6].

Figure 1 Time Series Forecasting in BI: Driving Efficiency Across Sectors

In the finance industry, forecasting revenue, expenses, and cash flow enables organizations to plan budgets, manage risk,
and optimize investment strategies. Financial institutions also use sales forecasts to assess customer creditworthiness
and predict loan defaults. Machine learning models are increasingly favored in finance due to their ability to incorporate
a wide range of exogenous variables, such as macroeconomic indicators, into forecasts. Supply chain and logistics
companies leverage time series forecasting to optimize routes, manage inventory levels, and anticipate bottlenecks [31-
33]. Accurate forecasts reduce operational costs and improve service levels, providing a critical advantage in industries
where margins are razor-thin. For example, Walmart integrates forecasting models into its SAP BI platform, using
LSTM networks to predict sales trends and adjust logistics operations dynamically [6].
Marketing departments also utilize forecasting to predict customer engagement and sales response to promotional
campaigns. Understanding seasonal trends allows marketers to time campaigns more effectively, maximizing return on
investment. Integration with BI tools like Power BI, Tableau, and SAP Analytics Cloud allows businesses to visualize
forecasts within dashboards, enabling faster, data-driven decisions. These applications highlight the versatility and
strategic importance of time series forecasting across business functions.

5 APPLICATION IN FIRE PROTECTION

Time series forecasting has emerged as a crucial tool in enhancing fire protection strategies across both natural and built
environments. Traditionally, fire protection efforts were largely reactive, relying on historical fire records and expert
judgment to allocate resources. However, the integration of predictive analytics, particularly time series forecasting
models, has enabled a shift toward proactive fire risk management. In the context of wildfire management, time series
models utilize historical datasets including weather patterns (temperature, humidity, wind speed), vegetation dryness
indices, previous fire incidents, and satellite imagery to forecast the likelihood of fire outbreaks [34]. Advanced
machine learning models such as Long Short-Term Memory (LSTM) networks and Random Forest regressors have
shown considerable success in capturing temporal dependencies and non-linear relationships within these datasets.
These models can predict high-risk periods and regions with remarkable accuracy, enabling authorities to pre-position
firefighting units, plan controlled burns, and issue early warnings to at-risk communities [6-7].
In urban fire protection, time series forecasting is increasingly applied to monitor and predict fire hazards within smart
buildings and industrial complexes. Data collected from Internet of Things (IoT) devices such as smoke detectors,
temperature sensors, gas leak monitors, and electrical load analyzers generate continuous time series streams [35].
Predictive models can analyze these data streams to detect anomalies indicative of potential fire hazards, such as
overheating equipment, gas leaks, or electrical faults. By forecasting the likelihood of equipment failure or hazardous
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conditions, building managers can schedule preventive maintenance, thereby reducing the probability of fires starting in
the first place [36].
Moreover, time series forecasting contributes to optimizing the deployment of emergency response resources. Historical
incident data, combined with real-time inputs, allow fire departments to predict the demand for firefighting services
during specific times of the day, week, or season. This predictive insight aids in dynamic staffing, strategic positioning
of fire engines, and improving response times during critical periods. In industrial fire protection, especially in sectors
handling flammable materials (e.g., oil and gas, chemical manufacturing), forecasting models are also used to predict
combustion-related risks based on process monitoring data [37]. The fusion of classical models (e.g., ARIMA for stable
sensor data) with machine learning approaches (e.g., LSTM for volatile, complex datasets) offers a robust framework
for real-time risk assessment and mitigation. As technology advances, the future of fire protection will increasingly
depend on the ability to forecast risks accurately, thus transforming emergency responses from reactive interventions to
predictive, preventive actions that save lives, property, and critical infrastructure [37-38].

6 APPLICATION IN PHARMACEUTICALS AND MEDICAL INDUSTRIES

Time series forecasting has become an indispensable tool in the pharmaceutical and medical industries, driving
innovation in areas ranging from drug production planning to patient care optimization. In pharmaceutical
manufacturing, accurate demand forecasting is critical to ensuring the timely production and distribution of medications
[22, 33-36]. Time series models, such as ARIMA and Prophet, are used to analyze historical sales data, seasonal disease
trends, and healthcare utilization rates to predict future demand for specific drugs. This enables manufacturers to
optimize inventory management, reduce stockouts and overproduction, and respond swiftly to public health
emergencies such as influenza outbreaks or pandemic surges, where medication demand can spike unpredictably [37].
Machine learning-based forecasting models, like LSTM networks, further enhance prediction accuracy by incorporating
external variables such as epidemiological trends, regulatory changes, and global supply chain disruptions [5-7].
In clinical settings, time series forecasting is revolutionizing patient monitoring and disease management. Real-time
patient data from wearable devices, electronic health records (EHRs), and intensive care unit (ICU) monitoring systems
are analyzed to predict critical health events such as cardiac arrests, sepsis onset, or respiratory failures. By leveraging
models that forecast physiological parameters such as heart rate variability, oxygen saturation levels, and blood pressure
trends clinicians can intervene earlier, thereby improving patient outcomes and reducing hospital stays [38]. Predictive
models also aid in managing chronic diseases like diabetes, where time series forecasts of glucose levels enable
personalized treatment adjustments and proactive management strategies. The pharmaceutical research and
development (R&D) pipeline also benefit from time series forecasting [24, 27, 33, 36]. Drug discovery projects involve
long timelines and massive financial investments; therefore, forecasting project milestones, trial enrollments, patient
dropout rates, and trial success probabilities enables companies to allocate resources more efficiently and mitigate risks.
Machine learning models trained on historical trial data can forecast recruitment bottlenecks or predict adverse event
frequencies, allowing dynamic trial design modifications that save time and cost [39].
Moreover, hospital systems and public health agencies use forecasting to manage resource allocation, predict disease
outbreaks, and optimize staffing levels. During the COVID-19 pandemic, time series models played a vital role in
projecting infection rates, hospital bed occupancy, and ventilator demand, enabling healthcare systems to prepare
adequately and avoid catastrophic overloads. The future of time series forecasting in pharmaceuticals and medicine lies
in integrating genomic data, real-world evidence, and multi-modal sensor data into predictive models. Such integration
will facilitate truly personalized medicine, wherein interventions are not only based on current health status but also
forecasted future risks, ensuring better patient care, streamlined pharmaceutical operations, and more resilient
healthcare systems [35-37].

7 LIMITATIONS

Despite the significant advancements in time series forecasting methodologies, several limitations persist that impact
their effectiveness in real-world business intelligence applications. One of the most critical limitations is data quality
and availability. Accurate forecasting is heavily dependent on the integrity of the input data. Issues such as missing
values, outliers, data drift, or non-uniform sampling intervals can drastically degrade model performance [33-36].
Classical models like ARIMA are particularly sensitive to these imperfections, often requiring extensive preprocessing.
Although machine learning models are more tolerant of noisy data, their effectiveness still diminishes when key
features are missing or when historical data is insufficient [38].
Another major limitation is model interpretability, particularly for machine learning approaches. While classical models
are highly transparent, offering clear explanations for their predictions based on simple parameters (such as lag
relationships and trend coefficients), machine learning models especially deep learning models like LSTM networks
often operate as "black boxes." In high-stakes business environments where trust and explainability are essential, the
opacity of complex models can hinder their adoption, especially in sectors such as finance and healthcare, where
regulatory compliance demands transparency in predictive analytics [36-39].
Overfitting is a persistent concern, particularly with machine learning approaches. When models are excessively tuned
to historical data, they capture noise rather than underlying patterns, leading to poor generalization to future unseen data.
Deep learning models require careful regularization, validation, and hyperparameter tuning to avoid this pitfall [40]. In
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contrast, classical models, due to their simpler structure, are less prone to severe overfitting but may underperform
when relationships within the data are highly complex or non-linear. Computational complexity and resource
intensiveness represent further limitations, particularly for large-scale machine learning forecasting systems. Deep
learning models require considerable computational power, specialized hardware such as GPUs, and long training times,
making them less accessible for smaller organizations with limited resources [33, 38]. Classical models, while
computationally lightweight, may struggle to scale when dealing with vast multivariate time series datasets common in
modern BI environments.
Finally, adaptability to change, also known as concept drift, poses a substantial limitation. Many forecasting models
assume that historical patterns will persist into the future. However, real-world business environments are dynamic
consumer behaviors shift, new competitors emerge, and external shocks (such as pandemics or regulatory changes) can
invalidate prior trends. Models that are not continuously updated or capable of adapting to these shifts can quickly
become obsolete, leading to inaccurate forecasts and misguided business decisions.

8 FUTURE DIRECTIONS

Addressing these limitations requires strategic innovation and methodological advancements. One promising area is the
development of Explainable AI (XAI) techniques specifically tailored for time series forecasting. Techniques like
SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) have already
shown promise, but more domain-specific, intuitive explainability tools are needed to bridge the gap between highly
accurate but opaque models and business decision-makers' need for trust and clarity. Another key future direction is the
integration of real-time data streaming and forecasting [5-7]. As businesses increasingly rely on IoT devices, e-
commerce platforms, and dynamic customer interaction data, forecasting models must move beyond static, batch-
trained systems to architectures that can ingest and adapt to streaming data in real-time. Online learning algorithms,
adaptive ARIMA models, and real-time LSTM frameworks are areas of active research and hold immense promises for
industries requiring immediate responses, such as logistics, finance, and retail [22, 33,34, 36, 37, 39]. Transfer learning
and multi-task learning also represent important frontiers. Rather than building forecasting models from scratch for each
new product line, geographic market, or customer segment, businesses can leverage knowledge learned from related
time series, dramatically reducing training data requirements and improving model generalization. Pretrained
forecasting models, fine-tuned on specific business datasets, could significantly lower the barrier to entry for companies
with limited historical data [40].
Additionally, federated learning offers a way to address privacy and data sharing concerns that are becoming
increasingly important, especially under regulatory frameworks like GDPR and HIPAA. In federated learning setups,
models are trained collaboratively across multiple decentralized datasets without transferring sensitive raw data between
organizations [36]. This approach could foster collaborative forecasting across industries such as healthcare providers
predicting medicine demand while preserving competitive confidentiality and compliance. Hybrid modeling approaches
are another area ripe for future exploration. Rather than viewing classical and machine learning methods as mutually
exclusive, combining them can yield highly robust models [38-40]. For instance, classical decomposition methods can
first be applied to separate trend and seasonal components, which can then be fed into machine learning models to
capture residual complexities. Hybrid models have already demonstrated superior performance in several forecasting
competitions and are expected to become mainstream in commercial applications. Finally, the future will likely see
greater emphasis on uncertainty quantification in forecasts. Rather than providing a single point prediction, advanced
models will offer probabilistic forecasts with confidence intervals, allowing businesses to make risk-adjusted decisions
rather than assuming forecasted values as deterministic truths.

9 CONCLUSION

Time series forecasting continues to be a cornerstone of business intelligence, enabling organizations to navigate
uncertainty and make informed strategic decisions. Classical forecasting models, such as ARIMA and Exponential
Smoothing, remain valuable tools, particularly in environments with well-behaved, stationary data and limited
computational resources. Their simplicity, interpretability, and robustness ensure their continued relevance. However,
the complexity and volume of modern business data increasingly necessitate the adoption of machine learning
approaches. Models such as Random Forests, XGBoost, LSTMs, and hybrid tools like Facebook Prophet offer superior
performance in capturing non-linear relationships and adapting to changing patterns. While these models come with
higher data and computational demands, their ability to deliver actionable insights makes them indispensable in today’s
dynamic business landscape. Ultimately, the choice between classical and machine learning methods should be guided
by the specific context, data availability, business needs, and operational constraints. A hybrid approach, combining the
transparency of classical models with the predictive power of machine learning, often provides the best of both worlds.
As technology continues to evolve, the future of sales trend forecasting in business intelligence lies in creating
integrated, adaptive, and explainable systems that empower businesses to thrive in an increasingly uncertain world.
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