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Abstract

The rapid evolution of big data and artificial intelligence technologies is driving the penetration of deep learning
methods into various aspects of business forecasting. This study provides a systematic review of the application of deep
learning in business forecasting, constructing an analytical framework across three dimensions: theoretical architecture,
practice pathways, and practical obstacles. From the theoretical perspective, this paper summarizes mainstream
architectures including recurrent neural networks (RNNs), convolutional neural networks (CNNs), and Transformers,
and examines their adaptation mechanisms for time series forecasting. From the practice perspective, it investigates the
typical application patterns and actual effectiveness of deep learning in scenarios such as retail sales estimation, demand
and supply chain planning, and financial time series modeling. From the obstacle perspective, it discusses issues related
to data quality, model interpretability gaps, computational resource constraints, and cross-scenario generalization
performance. Overall, deep learning demonstrates significant advantages in business forecasting, but achieving large-

scale deployment requires striking a balance between methodological robustness and business interpretability.
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Introduction

Business forecasting occupies a critical position in
corporate strategic decision-making - the accuracy of
demand and sales estimation directly affects inventory
management, resource allocation, and profitability [1].
For a long time, this field has been dominated by
statistical methods such as time series analysis and
regression models, with autoregressive integrated
moving average (ARIMA) and exponential smoothing
being typical representatives.

While these tools perform effectively when handling
stationary and highly regular data, their estimation
capability progressively reveals shortcomings as data
dimensions expand, nonlinear relationships increase, and
dynamic features become more pronounced [2].

In recent years, substantial progress in deep learning
technology has steadily introduced effective new
methodologies into this research field. Unlike traditional
statistical approaches that require pre-specified data
distributions and linear associations, deep learning,
through network

multi-layer structures,  can

autonomously capture complex nonlinear patterns and
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temporal dependencies from massive datasets [3].
Whether in retail product sales inference, financial
institutional market direction assessment, supply chain
demand planning, or tourism demand forecasting, deep
learning methods are reshaping the technical landscape
of business forecasting with remarkable accuracy [4].
However, their inherent “black box” nature, high demand
for labeled data volume, and substantial computational
overhead also present non-trivial barriers to practical
deployment [5].

In light of this, this paper comprehensively reviews the
application of deep learning in business forecasting along
three threads: theoretical framework, practice pathways,
and practical challenges. The rest of this paper proceeds
in four sections. First, it elaborates on core deep learning
theoretical frameworks and their adaptive mechanisms
for business forecasting. Second, it sorts out typical
application scenarios and relevant practical strategies.
Third, it dissects the main existing challenges. Finally, it
concludes with a concise summary and future research

prospects.
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Theoretical framework of deep learning in business
forecasting

Recurrent neural networks and their variants
(RNNs) constitute a
fundamental deep architecture for processing sequential

Recurrent neural networks
information, with their hidden states propagating
sequentially along time steps, naturally conforming to
the inherent sequential dependencies of business time
series data. However, standard RNNs are prone to
gradient vanishing or exploding, thereby limiting their
capacity to capture long-term cyclical trends. Long short-
term memory (LSTM) networks and gated recurrent
units (GRUs) overcome the above drawbacks by
adopting gating mechanisms. These gate structures allow
the models to flexibly decide whether to keep or discard
historical information. As a result, they achieve
remarkable performance when handling long-distance
dependency problems. Typical examples include
seasonal variations and holiday effects embedded in
retail datasets [6]. Efat et al. integrated adaptive trend
estimation series with deep networks to construct a
hybrid architecture capable of simultaneously accounting
for seasonality, trend shifts, and holiday effects,
significantly outperforming conventional approaches in
store-level and category-level sales forecasting [7].
Convolutional neural networks

Convolutional neural networks (CNNs), originally
developed for image-related tasks, have also attracted
attention in the time series forecasting domain in recent
years. CNNs employ convolutional kernels sliding along
the time axis to extract local patterns, such as weekly
sales rhythms and monthly consumer habits - short-term
fluctuation signals.

Compared with the recurrent mechanism of RNNs,
CNNs offer higher parallelism and lower training
overhead. In business practice, CNNs are primarily
employed for short-term inference in multivariate time
series, with daily e-commerce sales forecasting and
weekly store foot traffic estimation being typical
examples. Temporal convolutional networks (TCNs),
through dilated convolutions and skip connections,
field,

computational efficiency with longer-range dependency

expand the receptive thereby  balancing

capture.
Transformer architecture

The Transformer, originating from natural language
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processing, employs self-attention components that
enable the model to directly attend to relationships
between any two temporal positions, obviating the need
for sequential state propagation as required by recurrent
networks. Consequently, it exhibits notable advantages
in processing long-sequence business data. Among these,
the Temporal Fusion Transformer (TFT) represents a
landmark approach - integrating wvariable selection
networks, gated residual units, and multi-head attention
to simultaneously incorporate static covariates (e.g.,
store location), known future inputs (e.g., holiday
schedules), and historical observations. Gao et al.
literature review indicates that Transformer-based
models are progressively occupying the frontier position
in tasks such as financial time series forecasting and
retail demand estimation.

Hybrid models and ensemble learning paradigms
Individual deep architecture each have their respective
strengths and weaknesses: RNNs excel at temporal
modeling but suffer from low training efficiency. CNNs
are computationally friendly yet less sensitive to long-
range dependencies. Transformers offer outstanding
global modeling but entail massive parameter volumes.
In practice, hybrid architectures leverage complementary
strengths of different modules to offset their respective
limitations. For instance, the CNN-LSTM combination -
where CNNs first extract local temporal patterns and
LSTMs subsequently model cross-interval long-range
dependencies - has achieved superior results over single
models in retail and tourism demand forecasting.
Ensemble approaches fuse outputs from multiple
heterogeneous models to reduce overfitting probability
and enhance forecast stability. In the M5 Competition,
the majority of leading solutions relied on model
ensembles rather than single backbones, providing clear

guidance for practical deployment [8].

Practice pathways of deep learning in business

forecasting

Retail and e-commerce sales forecasting

Retail is one of the domains where deep learning has
been most extensively deployed in business forecasting.
Loureiro used real operational data from a fashion retail
enterprise and applied deep networks to estimate sales for
new seasonal products [9]. Their results verified that
deep learning has obvious strengths in fusing multi-

source information. Typical multi-source data includes
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product attributes and expert evaluation results.

Nevertheless, deep learning cannot constantly
outperform relatively simple algorithms such as random
forests. This conclusion provides an important reminder
for researchers and practitioners.

They should select appropriate models according to
practical application scenarios, instead of pursuing
overly complex models blindly. At a broader evaluative
the M5

hierarchical sales series from Walmart, systematically

level, Competition encompassed 42,840
comparing the forecasting capabilities of various
methods. Makridakis concluded that deep learning
possesses genuine advantages in capturing complex
seasonal patterns

and integrating cross-category

information, yet for fine-grained, intermittently
demanded products, simple statistical approaches remain
competitive. Wang injected macroeconomic variables
such as the Consumer Price Index, retail sector
employment, and real wages into deep learning models,
significantly enhancing retail channel sales forecast
accuracy, demonstrating that business estimation must
incorporate external economic environmental signals
into modeling.

Demand forecasting and supply chain optimization
Demand forecasting lies at the core of supply chain
management, influencing inventory deployment,
procurement scheduling, and capacity planning. The
primary value of deep learning in this context lies in its
adaptive capacity to handle nonlinear demand patterns,
multi-factor interactions, and unexpected event shocks.
Jeon and Seong employed the deep autoregressive
recurrent networks (DeepAR) autoregressive recurrent
framework to infer intermittent sales - a type of demand
featuring large volumes of zero values interspersed with
occasional positive observations, which has long posed
difficulties for traditional statistical methods.

By sampling historical inputs from fitted distributions
rather than directly using actual values, they achieved
third place in the M5 Competition, robustly confirming
deep learning’s capability to handle irregular demand.
Riachy addressed post-pandemic retail demand
forecasting scenarios, proposed an enhanced feature
engineering approach for extensive data gaps. Their
empirical results demonstrated that well-designed feature
engineering operations can enable deep models to deliver
usable forecasts even in contexts where historical

information exhibits systematic bias [10].
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Financial time series forecasting

The financial sector is likewise a frontier domain for
deep learning business forecasting. Financial time series
such as stock price sequences, exchange rate movements,
and commodity prices are characterized by high noise,
non-stationarity, and multiple driving factors, placing
stringent demands on forecasters. Gao et al.’s review
confirms that deep networks, CNNs, and RNNs have
already seen considerable practical application in
financial forecasting, with LSTM ensemble models
demonstrating particularly pronounced advantages in
direction discrimination and volatility-aware prediction.
The incorporation of Transformers has ushered in new
developments in financial forecasting - the self-attention
mechanism excels at capturing long-range correlations
and cross-asset linkages within market microstructure.
Concurrently, multimodal deep learning pathways that
integrate unstructured materials such as sentiment
analysis and news texts with structured financial
indicators are emerging as a novel track in financial

forecasting.
Challenges facing deep learning business forecasting

Data quality and availability

The performance of deep models is highly sensitive to
data volume and data quality, yet business scenarios are
rife with real-world pain points. First, historical sales
records often exhibit structural breaks due to promotional
activities, seasonal changes, or external disruptions (such
as the pandemic), casting doubt on the reliability of
training benchmarks. Second, a considerable number of
small and medium-sized enterprises lack systematic
capabilities in data collection and governance - missing
records, noise contamination, and data entry errors are
the norm rather than the exception. Third, the labeling
cost of business data is particularly high - unlike tasks
such as image recognition, business forecasting scenarios
rarely offer directly usable supervisory signals. The
experience of the M5 Competition corroborates this point:
Even for a leading enterprise like Walmart, its sales series
exhibited widespread intermittency and zero-inflation,
creating formidable obstacles for effective deep model
training.

Model interpretability and business trust

The “black box” nature of deep models constitutes the
primary barrier to their widespread adoption in business
scenarios. Business decision-makers generally expect to
understand the reason behind forecast outputs - why
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might next week’s sales decline? What are the driving
behind that? Yet
computations often fail to provide clear responses to such

forces deep network internal
inquiries. In real operational environments, model
interpretability directly influences user trust levels and
adoption willingness. In recent years, explainable Al
methods such as attention heatmaps, SHapley Additive
exPlanations (SHAP) values, and local interpretable
model-agnostic explanations (LIME) have successively
emerged with some progress. However, producing
explanations that are both intuitive and credible while
maintaining deep model forecasting accuracy remains an
unresolved challenge [11].

Computing resources and deployment costs

The training and inference of deep models entail
substantial computational resource requirements. For a
considerable proportion of small and medium-sized
business organizations, the configuration and operational
expenses of graphics processing unit (GPU) clusters
already constitute an unsustainable burden. Moreover,
business forecasting often demands rapid model
response - e-commerce platforms need instant refresh of
sales estimates to allocate inventory - yet the inference
latency of large deep models may fail to keep pace with
such real-time requirements [12]. While techniques such
as model pruning, knowledge distillation, and edge
deployment point to potential solutions, their practical
availability in real business environments remains
limited.

Generalization and concept drift

Business environments are highly dynamic, with
structures, and

consumer preferences, competitive

macroeconomic conditions continuously evolving.
Forecast patterns learned by deep models from specific
historical windows may rapidly become invalid when
transferred to new contexts - a scenario referred to in
academia as concept drift. As observed by Loureiro et al.,
product attributes and consumer preferences can vary
substantially across consecutive seasons in fashion retail
new product forecasting.

Even when a model performs robustly in historical
backtesting, its generalization effectiveness for new
seasons remains highly uncertain. Embedding concept
drift detection and adaptive adjustment mechanisms into
model design constitutes an essential gateway for deep
transition from

learning business forecasting to

experimental to practical deployment.
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Conclusion

This paper has systematically reviewed the research
progress of deep learning in the field of business
forecasting along three main threads: theoretical
framework, practice pathways, and practical challenges.
Theoretically, recurrent architectures represented by
LSTM and GRUs,

Transformers constitute the current core technical routes,

convolutional networks, and
with hybrid models and ensemble methods pointing
toward directions of higher robustness.

In practice, retail sales estimation, demand and supply
chain management, and financial time series modeling
represent the most active application domains, with
extensive empirical evidence demonstrating that deep
learning offers clear advantages in nonlinear feature
extraction and high-dimensional data processing.
However, issues including data quality dilemmas,
insufficient

interpretability, high  computational

consumption, and limited generalization capacity
continue to hinder the large-scale deployment of deep
learning in business forecasting.

Future research may advance along the following
First,

architectures tailored for business forecasting scenarios,

directions: developing  lightweight deep
reducing computational dependency and deployment
difficulty without severely compromising forecast
accuracy. Second, integrating causal inference
paradigms into deep learning forecasting pipelines,
promoting the transition from “producing forecast results”
to “explaining causal mechanisms” in order to enhance
credibility. Third, constructing cross-modal business
forecasting systems that fuse structured transaction
records with unstructured textual, image, and social
media information to more comprehensively represent
the business environment. Fourth, exploring online
updating and continuous adaptation mechanisms to
ensure that deep forecasting models maintain long-term
effectiveness amidst rapidly changing business
landscapes. Cross-domain deep integration will serve as
the core driving force propelling this direction toward

maturity.
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