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Demand forecasting is at the starting point of the supply chain planning link, and
the forecast deviation is amplified along the chain to form a bullwhip effect, causing the
backlog and shortage to occur at the same time. Machine learning and deep learning
methods have entered this field in large numbers in recent years, but the literature is
scattered across settings as different as retail, medicine, fresh produce and spare parts. This
article is based on OpenAlex structured search to review: from 2015 to 2026, there are
2,970 records, and after qualifying the sources of journals and conferences, there are 2,227
records, of which 1,210 contain artificial intelligence method terms, and 18 representative
studies are deeply synthesized. The results are threefold. The method genealogy progresses
along statistical methods, tree models, deep sequence models, attention and hybrid
architecture, and 91.9% of attention literature appears in 2024 and later. The statistical
method has not been withdrawn. 71.9% of its literature also comes from the past three years,
and it remains the main control benchmark. The accuracy advantage of artificial intelligence
depends on the demand form. It is stable in continuous high-density scenarios, while the
evidence in intermittent demand and truncated observation scenarios is weak. Cold start,
explainability and end-to-end evaluation from forecast to inventory remain three open gaps.

supply chain management, demand forecasting, machine learning, deep learning,
literature review

Demand forecasting belongs to the planning link of the supply chain operation reference model, the
common upstream input of inventory control, production scheduling and procurement. Once the
forecast deviates from real demand, the deviation is amplified upstream along the chain, forming a
bullwhip effect whose direct consequence is the coexistence of backlog and stockout on the same
chain. Forecast accuracy is therefore not an isolated statistical problem but a precondition
constraining the quality of several downstream decisions.

Traditional statistical methods have dominated this link for a long time. Autoregressive moving
average, exponential smoothing and its seasonal extensions have clear assumptions, few parameters,
interpretable results and stable performance on stationary series. When the demand is driven by
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exogenous variables such as promotions, weather, holidays, etc., and results are required
simultaneously across multi-level, multi-store and multi-SKU settings, the accuracy headroom of
such methods narrows [1]. Machine learning and deep learning methods have been widely tried
because they digest nonlinear relationships and multi-source features. The literature has accumulated
rapidly over the past five years, but it is spread across conditions as different as retail, e-commerce,
pharmaceutical distribution, fresh cold chain and spare parts maintenance, and method classification
and application boundaries remain unclarified [2, 3].

Existing empirical studies also share an evaluation problem: most studies take the mean absolute
percentage error or the root mean square error as the end point, and the prediction error is not
transmitted to the inventory consequences, and the setting of the comparison benchmark is also
uneven [4]. This article raises three questions: how to classify and evolve artificial intelligence
methods in this field; under what conditions its advantages are established compared with traditional
statistical benchmarks; and what methodological gaps exist in existing research. This article crosses
the two axes of method genealogy and demand form, giving a conditional judgment under a
reproducible search protocol rather than a general ranking across scenarios.

There have been several reviews in this field. Douaioui et al. have critically combed the machine
learning and deep learning models in supply chain demand forecasting, confirming that the relevant
research will accelerate growth after 2019 [2]. Vlachos and Reddy divided the application of
machine learning in supply chain management into four topics, of which demand forecasting is one,
and pointed out that most empirical evidence lacks statistical significance tests for differences
between models [3]. Giannopoulos et al. specifically reviewed the performance of machine learning
algorithms in intermittent demand prediction [5]. Kim et al. sorted out the development vein and
open issues of deep learning time series prediction from the perspective of architecture [6].

These works have established the basic facts, but two points remain undecided. First, demand
forecasting, as a sub-process of the planning link, its own applicable boundaries are not pinned
down separately: Douaioui et al. discuss the combination of machine learning and deep learning [2],
and prediction accounts for only one of the four theme frameworks of Vlachos and Reddy [3].
Second, most of the reviews state the advantages of artificial intelligence relative to the traditional
method in a summary way, and do not divide the conditions according to the demand form and data
availability, so it is difficult to directly support the selection.

This article differs from the above work in two respects: the retrieval and counting protocol can
be fully reproduced, and the search query and the retention of each step are fully reported; the
analysis is carried out along the two axes of the method family and the application scenario at the
same time, and the conditions for the establishment of the advantage are written into the conclusion
itself.

Literature identification is completed through OpenAlex's public interface, which returns structured
records with digital object identifiers, and the search query can be reproduced word by word. The
base query requires that the title and abstract hit the demand forecasting and supply chain at the
same time, the year is limited to 2015 to 2026, the literature type is limited to journal papers,
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reviews and monograph chapters, and 2,970 records are obtained. The second step is to limit the
source to journals and conferences, eliminate the duplicate deposition records of repository
platforms, and keep 2,227 records. The third step is to add artificial intelligence method word
conditions, retaining 1,210 records, accounting for 54.3% of the records after qualifying the source.
The fourth step is manual screening according to the eligibility criteria: take demand forecasting in
the supply chain context as the main task, and make a quantitative comparison with at least one
control benchmark; on this basis, purposeful sampling is made according to the scenario coverage,
and 18 studies are comprehensively summarized. In addition to retrieval, Publish or Perish is
connected to Google Scholar for supplementary scanning to cover unindexed conference documents.

The coding unfolds along two axes. The method family axis is divided into five categories:
statistical method, tree model integration, deep sequence model, attention mechanism and hybrid
architecture. The application scenario axis is divided into five categories: retail and e-commerce,
pharmaceutical and healthcare, fresh and perishable, spare parts and maintenance, and
manufacturing. The evaluation practice of the 18 studies of in-depth synthesis is separately coded,
including the error metric family, the benchmark type, the verification scheme and whether the
inventory consequences are connected.

The record counts of the method family and the scene are obtained by adding word conditions on the
same base query, and each type is not mutually exclusive: a paper comparing autoregressive moving
average and long short-term memory networks at the same time will be included in the two
categories of statistical methods and deep sequence models. These values reflect the distribution of
research attention, which cannot be read as the ranking of method performance, and the categories
do not sum to the total.

In the records after qualifying the source, those containing artificial intelligence method terms have
increased from 2 in 2015 to 448 in 2025. The turning point occurred in 2019, which jumped from 5
in the previous year to 20; from 2023 to 2024, it increased from 90 to 271, an increase of 3.01 times,
and from 2024 to 2025 the increase fell back to 1.65 times. As of the retrieval date of 2026, there are
248 records, which is an incomplete year and is not included in the trend comparison.

The record counts of the method family are 536 deep sequence models, 231 statistical methods,
191 tree model integrations, 90 hybrid architectures, and 86 attention mechanisms. The ratio of deep
sequence models to statistical methods is 2.32 to 1. The difference in concentration in the past three
years is obvious: 91.9% of the attention mechanism literature appeared in 2024 and later, the tree
model set accounted for 88.5%, the deep sequence model accounted for 77.8%, and the hybrid
architecture accounted for 67.8%. The same proportion of statistical methods is 71.9%, which shows
that it did not withdraw with the popularization of the deep model, but continued to appear in recent
empirical evidence as a control benchmark. In terms of scene distribution there are 582 retail and e-
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commerce, 499 manufacturing, 237 pharmaceutical, 230 spare parts and 151 perishable food records
(Figure 1).

The statistical method is stable in stable and strong seasonal sequences, and the meaning of the
parameters is clear. Falatouri et al. compared SARIMA with long short-term memory networks with
the 37-month data of Austrian retailers [1]; the Fourier time-varying grey model proposed by Ye et
al. can be compared with machine learning methods in terms of retail season demand [7]. Therefore,
the benchmark method is not a formal companion.

The advantage of tree model integration is to digest table-type characteristics such as price,
promotion and store attributes. The deep sequence model is good at cross-sequence learning:
Bandara et al. use long short-term memory networks to cross-sequence model the weekly sales of e-
commerce multi-SKU products [8]; Punia et al. combine long short-term memory networks with
random forests in multi-channel retail, and compare them one by one with the four groups of
benchmarks of autoregressive moving averages, neural networks, random forests and long short-
term memory networks, and the result is that the single model has a win or defeat and the
combination is optimal [9].

The attention mechanism enters late. Oliveira and Ramos evaluated the effectiveness of time
series Transformer in retail demand, and its advantages are reflected in the long horizon and
multivariate dependence, the price is higher requirements for data volume [10]. The hybrid
architecture has since developed into multi-channel fusion networks with interpretation modules
[11].

The genealogy itself is clear, but the argument has common weaknesses. Most studies conclude
with the victory of the single-point error index. In the absence of statistical significance tests such as
Diebold-Mariano, it is impossible to judge whether the improvement of the hybrid architecture
relative to the single model is stable. Vlachos and Reddy have pointed out this [3].

After superimposing the scene axis, the advantages of artificial intelligence over traditional methods
change with the demand pattern. Pharmaceutical circulation is a continuous demand. After Zhu et al.
incorporated the upstream supply chain information of the wholesaler layer into the characteristics,
machine learning has been significantly improved relative to the statistical benchmark, and the role
is the information availability rather than the model category [12]; Yilmaz et al. further coupled
machine learning prediction with robust stochastic programming for medical supply [13]. Retail and
e-commerce are continuous and high-density sequences, which are also the most stable category of
artificial intelligence [8, 10], but this is the scenario with the most relaxed data conditions, and the
conclusion should not be extrapolated to other forms.

There is a truncated observation in the fresh and perishable scene, unsold goods are discarded,
and the real demand cannot be recorded. Accordingly, Migueis et al. modeled with the censored data
method and superior to SARIMA [14], and Jauhar et al. introduced explainable methods in such
chains [15]. Spare parts and maintenance scenarios are intermittent, low frequency and often cold
start, and the evidence is the most dispersed: Caserta and D'Angelo process spare parts sequences
with a very short history [16], and the review by Giannopoulos et al. judged the machine learning
benefits of this scenario as conditional [5].
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The measurement method directly changes the conclusion here. The mean absolute percentage
error is defined as
_ 100 o ¥y
MAPE = 0 377 |40 | (1)
Where y; is the actual demand of the ¢ period, g; is the corresponding forecast value, and n is the
number of evaluation periods. When the demand sequence contains a large number of zero values,

the denominator approaches zero, and the indicator loses its meaning. Intermittent demand studies
therefore use the weighted form

WMAPE = il )

z=1|yt|

Li et al. use this kind of measurement and connect the accuracy results to the inventory
consequences [4]. Table 1 compares the four scenarios.
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Figure 1. (a) Method-family publication trajectories, 2015-2025. (b) Records per application setting

Table 1. Context-conditioned synthesis of Al demand forecasting across four supply chain settings
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Table 1. (continued)

Significant gains
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frequent cold start variants metric [4, 16]

limit learning

Record counts are OpenAlex title-and-abstract matches within the 2,970-record core corpus
(retrieved 30 July 2026); categories are not mutually exclusive.

5. Discussion
5.1. Cold start and intermittent demand

The core difficulty of intermittent and low-frequency sequences is not the capacity of the model, but
the sample size that can be learned. The application of cross-sequence learning and meta-learning in
this scenario is still fragmented. Synthetic data is proposed as a path to alleviate data scarcity [17],
and the prediction of spare parts under extremely short historical conditions has also been specially
processed [16], but there is no stable solution for new product launch, structural breakpoints and
long-term zero-demand sequences. This gap directly corresponds to the constraints of the spare parts
scene in Table 1.

5.2. Explainability for planner adoption

To transform the forecast into an order action, the planner needs to approve its basis. The
explainable method has appeared in the perishable food supply chain [15] and the multi-channel
fusion model [11], but the existing research is mostly limited to the importance of generating
characteristics, and has not tested whether the explanation has changed the actual decision-making
of the planner. Therefore, the quality of explanation lacks the evaluation standard with decision-
making as the endpoint.

5.3. From prediction error to inventory consequences

Most empirical evidence stops at error indicators, and the path of error into inventory decision-
making is clear. At a given service level, safety stock can be written as
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SS = z4 0.V L (3)

Among them, z, is the quantile corresponding to the service level, o, is the standard deviation of
one-step prediction error, and L is the replenishment lead time. The degree of dispersion of the
prediction error directly determines the safety stock level, and only comparing the average error is
not enough to explain the economic value of the method. A few studies have opened this link: Li et
al. reported the linkage between accuracy and inventory consequences [4], Yang et al. put demand
forecasting and inventory optimization in the same multi-agent reinforcement learning framework
[18], and Yilmaz et al. embed the prediction into robust optimization [13]. In addition, the random
division of training sets and test sets destroys the timing structure, and the execution rate of rolling
origin verification in this field is still low [6].

5.4. Research limitations

The judgment of this article is limited by three conditions. The search is limited to English records
included in OpenAlex, and non-English literature and grey literature are not included, so the
coverage is limited. The record counts of the method family and the scene are obtained by keyword
matching and the categories are not mutually exclusive. It only reflects the distribution of research
attention and does not constitute a measure of the performance of the method. The 18 studies of in-
depth synthesis are purposeful sampling. Therefore, this article reports the conditions and
mechanisms, and does not give the pooled effect size.

6. Conclusion

This article examines the application of artificial intelligence in supply chain demand forecasting
with a reproducible search protocol. The method genealogy progresses along statistical methods,
tree models, deep sequence models, attention and hybrid architecture. 91.9% of attention research is
concentrated in 2024 and later; statistical methods have not been withdrawn, and the proportion of
literature in the past three years is 71.9%, and they remain the main control benchmark. The
accuracy advantage of artificial intelligence depends on the demand pattern, which is stable in
continuous high-density scenarios, while it is constrained by the sample size and measurement
method in intermittent and truncated observation scenarios. Therefore, the selection judgment
should first determine the demand form and data availability, and then determine the complexity of
the model. Follow-up research can be promoted in three directions: using cross-sequence learning
and synthetic data for cold-start sequences; using planner decision-making as the endpoint to test
explanation methods; extending the evaluation from error indicators to safety stock and out-of-stock
rate, and uniformly using rolling origin verification.
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