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Modeling Holiday Effect on Retail Demand
Forecasting: A Systematic Review
Lu Xu

University of Tokyo, Tokyo , Japan; lu.b.xu@uniqlo-design.com

Abstract

Holidays generate sharp deviations in retail demand, creating surges before major events and steep
declines afterward, and often account for a disproportionately large share of annual sales. Accurately
forecasting such fluctuations is essential for inventory planning, pricing, and supply chain coordination,
yet presents unique challenges. This review synthesizes the literature on modeling holiday impacts
in retail sales forecasting, emphasizing how holiday-related features are designed, integrated, and
evaluated. We identify five central themes: (1) the decision on whether to model the effect of a certain
holiday; (2) the inter-temporal dynamics of holiday effects, including pre-holiday stock-ups and
post-holiday decay; (3) cross-sectional heterogeneity across products and categories; (4) clustering and
categorization strategies for grouping holidays; and (5) the integration of holiday and non-holiday data
through unified or separate modeling frameworks. For each theme, we summarize the contribution of
current literature and propose possible future research directions. We also proposed a unified decision
flow for modeling holiday impact in demand forecasting. This paper provides both a roadmap for
researchers seeking to advance methodological rigor and a guide for practitioners aiming to improve
operational forecasting accuracy during critical holiday periods.

Keywords: holiday effects; demand forecasting; feature engineering; modeling approach

1. Introduction
Accurate demand forecasting is a critical function for inventory planning, promotion scheduling,

supply chain coordination, and financial decision-making. While many advances have been made
in time-series and machine-learning-based forecasting methods, retail demand remains difficult to
predict during periods that deviate from regular seasonal trends—most notably during holidays.

Holidays, both cultural and commercial, induce substantial distortions in consumer purchasing
behavior. In many retail sectors, holidays represent disproportionately large spikes in sales volume.
Events like Black Friday, Cyber Monday, and the Christmas season can account for 30–50% of annual
revenue in certain product categories, such as consumer electronics, fashion, and gifting-related
goods [1,2]. This concentration of sales into narrow windows magnifies the stakes of forecasting errors:
under-prediction may result in severe stockouts, lost revenue, and customer dissatisfaction, while
over-prediction leads to excess inventory, increased holding costs, and markdown losses. For example,
in the U.S. alone, retail sales during the November–December holiday season surpassed $960 billion
in 2022, with e-commerce contributing over $260 billion [3]. Forecasting models that fail to account
for holiday effects may lead to significant out-of-stock ([4,5]) or overstock, and result in business loss.
Therefore, developing robust and context-aware forecasting models that effectively capture the holiday
effect is of practical importance.

The simplest and most widely used approach in practice involves binary indicator variables that
flag whether a given day or week coincides with a holiday. Common examples include:

is_holidayt =

1 if t is a known holiday date,

0 otherwise.
(1)
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However, such a modeling strategy can be oversimplified and may fail to accurately capture
the potentially complex impact of the holiday event on retail demand. Much literature on demand
forecasting has introduced various forms of holiday-related features to model the impact of holidays
in demand forecasting. However, despite the ubiquity of these practices, there is no comprehensive
review or set of guidelines that summarizes useful practices for modeling holiday impact in demand
forecasting. There is some literature on demand forecasting (e.g., [6]), but none of them provides a
deep investigation into demand forecasting during special periods, such as holidays. This review aims
to fill that gap by providing a structured and critical overview of the literature on holiday effects in
retail demand forecasting, proposing possible future directions for research.

The main research questions and motivations of the paper are as follows:

• Necessity of modeling holiday impact: What kind of holidays need to be explicitly modeled,
and what kind of holidays do not need to be modeled if some other calendar-related features are
already available?

• Inter-temporal Structure: How can we better capture the dynamics of demand during the phases
surrounding a holiday, including the buildup before and the decline afterward? This question
aims to identify effective strategies for modeling the time-wise heterogeneity of a single holiday’s
impact.

• Cross-sectional heterogeneity: How can we better account for differences in the impact of a
single holiday across multiple products or categories? This question highlights the cross-sectional
variation in holiday effects. Taken together, the first two questions focus on modeling the
heterogeneity of holiday impacts—one along the inter-temporal dimension and the other across
products.

• Clustering of holidays: How can we effectively group or differentiate holidays based on their
demand effects? Unlike the first two questions, which center on a single holiday, this question
addresses how previous literature integrates multiple holidays—whether they should be unified
into clusters or treated as distinct events.

• Integration of holiday and non-holiday data: How can holiday and non-holiday data be com-
bined most effectively in forecasting models? Compared to the previous four topics, this topic
goes beyond the holiday featuring and discusses how the combination of holiday and non-holiday
data can reach a good prediction accuracy for the demand during the holiday. Traditional ap-
proaches often train a single model on all available data, but this can reduce accuracy due to the
imbalance between holiday and non-holiday observations. Thus, it is essential to review how
prior studies have structured these two data sources in complementary ways.

The logical relationships of these five topics are summarized in Figure 1. By focusing on aspects
of modeling holidaying empirical insights, feature engineering strategies, and model integration ap-
proaches, this review provides a consolidated reference and future research agenda for the researchers
and practitioners seeking to improve retail sales forecasting under holiday-induced volatility.
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Figure 1. Logical relationship of the five main topics.

The paper is organized as follows: Section 2 outlines the research method. Sections 3–7 present the
literature review, each focusing on an aspect of modeling holiday impact. Section 8 proposes a unified
decision flow for modeling holiday impact in demand forecasting. Section 9 discusses the implications
of the literature review on retail and marketing research. Section 10 presents the conclusion and some
future directions for research.

2. Research Method and Summary Statistics
This section presents the method used for the literature search and provides statistics on the

distribution of the literature across different dimensions.
This literature review adopts a structured narrative approach, aiming to synthesize both academic

and applied insights into how holidays influence retail demand and how such effects are modeled.
To ensure comprehensive coverage, we conducted an extensive literature search using databases
including Scopus, Web of Science, Google Scholar, and arXiv, as well as curated industry resources
such as McKinsey Insights, NRF (National Retail Federation) reports, and company white papers from
NielsenIQ, IRI, and Instacart.

The following combinations of keywords were used during the search process: “holiday effect retail
sales,” “retail demand forecasting holidays,” “calendar effect sales prediction,” “holiday feature engineering
retail,” “day-of-week holiday forecasting,” “proximity features holiday,” “holiday decay modeling,” “event-based
time series forecasting,” and “holiday uplift sales model”. Filters were applied to prioritize peer-reviewed
publications, working papers with technical contributions, and high-impact industry reports. Studies
were selected for inclusion based on their empirical focus on holiday-driven variation in sales, their
methodological contributions to modeling holiday effects, and their relevance to operational forecasting
contexts. Special effort was made to include literature from multiple sectors (e.g., fashion, grocery,
e-commerce, energy) to capture cross-domain insights into holiday-related demand patterns.

2.1. Industry Distribution of Studies

In total, 42 academic and industry studies were included in the final review. These works were
published between 2000 and 2025, with the majority (over 70%) appearing after 2015. The selected
papers span two domains: retail (apparel, grocery, e-commerce), energy (electricity and gas demand).
As Table 1 provides a concise overview of the distribution of the reviewed studies in terms of the
industry that these studies focus on.
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Table 1. Summary of Reviewed Studies: Targeted Industry.

Domain Year Range Number of Papers

Retail 2009–2025 22
Energy (electricity,
gas)

2000–2023 23

Other 2010–2025 1

Total 2000–2025 46

2.2. Geographic Distribution of Studies

The reviewed studies vary in their geographic focus. Table 2 summarizes the primary countries or
regions considered. A substantial share of the reviewed work focuses on the United States, reflecting
the availability of large retail and energy datasets, followed by European countries (e.g., Germany,
Spain, UK), and China. A smaller but growing number of studies examine emerging markets or
adopt multi-country/region datasets. This distribution highlights the current concentration of holiday-
effect modeling research in developed markets, leaving opportunities for future research to explore
underrepresented regions.

Table 2. Geographic Distribution of Reviewed Studies.

Country / Region Number of Papers
United States 13
East Europe 4
West Europe 10
United Kingdom 2
China 7
South America 2
Autralia 2
East Asia/Southern East Asia 4
Multiple Countries 2
Total 46*

2.3. Methodological Distribution of Studies

The reviewed studies differ substantially in their methodological orientation. Roughly one-third of
the works employ traditional statistical approaches (e.g., ARIMA, Regression models, Bayesian models).
A large proportion of papers focus on advanced machine learning techniques, including gradient
boosting, recurrent neural networks, and Transformer-based models. The remaining studies, mostly
industrial or government reports, use descriptive methods. Table 3 summarizes this methodological
distribution.

Table 3. Methodological Distribution of Reviewed Studies.

Methodological Approach Number of Papers
Statistical models only 14
Machine learning / neural net-
works

25

Descriptive methods 7
Total 46*

3. Choosing the Holiday Events to Model
Before even getting into creating holiday-related features, it is necessary to consider whether a

holiday should be modeled into features or not. To consider this, it is first necessary to consider
As noted by [7], public holidays can be categorized into three groups.
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• Weekday holidays: The second group contains the so-called weekday public holidays. These
holidays are not fixed in their date, but in the weekday of their occurrence. The date of occurrence
of the public holiday can thus vary from year to year, but usually falls on a similar date. In many
European countries, several Christian public holiday days, such as Easter or Ascension, belong to
this group. In countries like the US or the UK, some bank holidays fall into this category as well.
For instance, in the UK, the Spring Bank holiday is always on the last Monday of May. [7], by
analyzing the electric demand of some weekday holiday in Germany, reveals that even though
the historical date of these holidays varies, the impact seems to be quite stable over the years.e
implication of this is that, if the cyclical profile of demand is table, we can just put the seasonal
pattern feature into the model, without creating extra features indicating such weekday holidays.

• Fixed date holidays: They are those that always occur on the fixed day each year. Typical
examples are New Year’s Day, which is always on 1 January, and also Christmas Day, which is
celebrated in many African, American, and European countries on 25 December. Many national
holidays (such as Independence Day in the US) belong to this group. The impact of such a holiday
on demand highly depends on the day of the week it is. For example, [7], by analyzing the electric
demand of fixed-date holiday in Germany, found that if fixed date holidays fall on a Sunday,
there is no (distinct) impact observable, whereas the impact is significant for the other days. One
implication for this observation is that it is usually necessary to model such holidays,

Finally, there are also exceptions to holidays that can not be clearly grouped into the classes. These
are public holidays that have neither a date nor a weekday fixed. Notable examples are the Vernal
Equinox Day in Japan or the Tomb-Sweeping Day in China ([7]). Also, Most of these countries have
the so-called Lunar Events and Solar Events. The latter ones depend on the Sun and thus match the
standard (Georgian) calendar year. The Lunar Events depend on the Moon cycle, typical examples
are e.g. Ramadan or AshurThese public holidays are very special because they move throughout the
year. This is because the Luna year (or Islam/Muslim year) does not match the periodicity of the sun.
From the modeling and forecasting perspective, tracking this phenomenon is very challenging. As
temperature cycles follow the Solar year and the energy consumption depends on the temperature
(due to cooling and/or heating), this leads to changing interactions between Luna public holidays and
temperature effects. Note that, depending on a country, there can be either more fixed-date public
holidays or weekday public holidays throughout the year.

For the second and third types of holidays, it is also often recommended to add day-of-week
information as a feature in the forecasting model. The reason is that for these two types of holidays,
their impact on consumption demand depends heavily on the day of the week.

• For instance, if a day is a holiday and also a weekend, then (without other promotional factors),
its sales should be similar to those of a typical weekend day. If a day is a holiday and a weekday,
the sales of this day should be higher than the same non-holiday weekday. [8]

• Moreover, the weekday placement of a holiday can influence not only the sales on the holiday
itself, but also adjacent days. When a holiday occurs on a Friday falls on a Friday or Monday, it
creates a three-day weekend, which typically stimulates elevated consumer activity. ([9])

This calls for a more careful consideration of the relationship between the holiday event of the
current date and the day of the week on the current date and the day-of-week information for the dates
adjacent to it, which is unfortunately not present in the current literature. One issue with modeling the
impact of such a holiday is that calendar variation associated with fixed holidays is closely entangled
with the annual seasonal pattern ([10]). Disentangling the two dynamics requires an appropriate
specification of either component and is an area that needs further research.

4. Modeling Inter-Temporal Change in Holiday Impact
This section presents historical literature’s approach on modeling the inter-temporal dynamics of a

single holiday, i.e, how the impact of a single holiday on retail demand changes during a comprehensive
holiday phase (i.e., before the holiday, during the holiday, and after the holiday).
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The motivations for investigating this aspect are as follows. First, much of the literature has
already documented the inter-temporal changes in retail demand during such holiday periods. A
typical pattern is the pre-holiday stock-up, followed by a post-holiday decline– consumers frequently
shift their purchases earlier to prepare for celebrations or avoid store closures, leading to suppressed
demand immediately afterward. Table 4 summarizes some papers and reports that provide evidence
on this trend. These findings justify the need to model the inter-temporal change of the holiday effect
efficiently.

Table 4. Evidence of sales change before and after holiday.

Country Paper/Report Details/Conclusion

China [11] Demonstrated that cigarette sales in China increase
sharply before Lunar New Year and then decline
significantly

German [12] Reported that in German grocery retail, perishables
exhibit strong demand surges just ahead of public
holidays, followed by a drop in the days afterward

The United States [13,14] Major order volumes spike in the week before
Thanksgiving and Christmas, with item-level sales
increases of up to 40% compared to baseline weeks

The United States [15] Found that in the weeks leading up to Thanksgiv-
ing, on-shelf availability for grocery items declined
due to stockouts driven by surge demand, high-
lighting the degree of pre-holiday stocking behav-
ior.

Second, while most holiday demand models treat holidays as isolated events, empirical evidence
and operational intuition suggest that holidays can affect each other—especially when they occur in
close succession. For example, if an earlier holiday drives substantial consumer demand, a closely fol-
lowing holiday may experience dampened sales uplift due to forward-shifted or satiated consumption.
This phenomenon has been observed in both food and general merchandise categories – for instance,
when Easter is closely followed by Mother’s Day or Memorial Day in the U.S. calendar, the uplift from
the latter holidays may be reduced as consumers have recently spent on groceries, gifts, or apparel.
Instacart’s weekly demand logs show that categories like baked goods, flowers, and frozen desserts
often peak during the first major holiday in a sequence, with lower-than-expected growth during the
second [13]. Such empirical evidence calls for the necessity to pay attention to the nearby calendar
information of the holiday to be modeled, i.e., modeling the inter-temporal structure.

Modeling such inter-temporal structure and dynamics is challenging. As [10] puts, the correct
specification of calendar-related dynamics can be a difficult task as well since data granularity enables
measurement not only of fixed- and moving-holiday effects but also of the effects of related events, such
as bridging days or longer pre- and post-holiday phases of interest. Finding and testing appropriate
variables for such A variety of effects can quickly become time-consuming, even when working only
with dummy variables.

In this section, we outline two main approaches to capturing such inter-temporal structure in
holiday effects. Section 4.1 explores the categorization approach, which is commonly used in demand
forecasting literature. Section 4.2 provides a quantitative description of the inter-temporal structure in
the holiday effect, an area that remains underdeveloped in current literature.

4.1. Categorization of Inter-Temporal Structure

Categorization, i.e., categorizing the calendar period based on holiday information for the preced-
ing, current, and following periods, is widely used in the demand forecasting literature. See Table 5 for
a brief summary of representative papers. In these papers, date types are determined by the presence
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of holidays around the date. For example, by examining holidays in the preceding, current, and
subsequent periods, a total of 8 types of dates will be identified.

One aspects that are under-explored in the previous literature and are worth future research—
When categorizing calendar dates based on the preceding/current/future dates, it is important to
choose a proper time span– how far should we look back to the past and look forward to the future?
a short time span brings less date types, which is easy to handle, but only focus on local period
information and fail to capture a broader time horizon; a long time span contains more inter-temporal
structure information, but also increases the number of date types, which could bring challenges to
model training. No literature has done such a comprehensive discussion, and this will be a promising
future research direction.

Table 5. Literature that uses categorical variables to depict the inter-temporal structure of holiday impact

Paper Details/Conclusion

[8] Classified the date as one of the following categories: where special days exist,
special day exists one day before, special day exists one day later, special day
exists same day of the previous week

[11] Captured anticipatory demand (e.g., fresh food purchases leading into Thanks-
giving) and post-event slumps (e.g., returns in electronics post-Christmas)

[16] Created date code, based on the (non)working day information in the previous
period, in the current period, and in the following period

[17] Special Days (holidays), Proximity Days (before and after special day, Mondays
before special days, and Fridays after special ), Non-special Days(normal week-
days and weekends)

[18] Holiday regressors are constructed by first determining the calendar dates for
the actual holiday, say with day index t, and declaring a window of times
[t − b, t + f ] for which the activity is increased or decreased

[19] Identify a total of 15 day types, including weekdays, days before and after
public holidays, and bridge days.

[20] To encapsulate the potential impact of major events such as Christmas or Black
Friday, the paper introduces indicators: one week before Christmas, two weeks
before Christmas, and one week after Christmas, Black Week, black weekend,
and after Cyber Week (one week after Cyber Monday.

[21] Created feature variable to indicate if the week is before a certain holiday

4.2. Quantitative Depicting the Proximity

The method of the previous section adopts fixed binary windows (e.g., ±7 days) around holidays.
It treats the holiday period as a discrete block (e.g., dummy variables for pre-holiday and post-holiday
intervals), thereby ignoring the possibility that holiday effects may taper off or intensify gradually. This
reliance on rigid windows can miss finer inter-temporal patterns, such as nonlinear acceleration before
major events or asymmetric post-holiday decay. This section presents some ideas for quantitatively
modeling the gradual intensification or decay of holiday effects

One of the simplest ways to capture such dynamics for a holiday is to define ’distance’, i.e., the
days to the most recent future holiday, and the days after the most recent previous holiday:

Ft = min
h∈H

{h − t | h ≥ t}, (2)

Pt = min
h∈H

{t − h | h < t}, (3)

where H is the set of known holiday dates. Table 6 summarizes the several available papers that
constructed features that quantitatively measure the inter-temporal structure.
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Table 6. Literature that quantitatively depicts the inter-temporal structure of holiday impact.

Paper Details/Conclusion

[22] by using decay expression, modeled the probability of transition into the pre-
holiday state, as well as the probability of transition out from the post-holiday
state.

[23] Considering the load drop due to the proximity of the forecast day, the work
applied a special rule by adding a distance variable of a specific day from
Sunday or a holiday day.

[24] Counter for a public in the impact of a single holiday event, i.e., the time-
dimension heterogeneity of holiday-event as well as Valentine’s and Mother’s
Day

[25] Considered the day of the week indicator for |d| days before each public
holidays, with d = 1, ..7

A more flexible approach is to consider inter-temporal decay. A typical form is:

F̃t = exp(−α · Ft), P̃t = exp(−α · Pt)

An alternative expression could be:

F̃t =
1

1 + β · Ft
, P̃t =

1
1 + β · Pt

where the parameter α and β control how rapidly the effect fades.
It is also possible to consider the gradual build-up or the gradual decay of multiple holiday

events:

F̃t = ∑
h′∈[t,t+l]

exp
(
− t − h′

τh′

)
(4)

P̃t = ∑
h′∈[t−l,t]

exp
(
− t − h′

τh′

)
(5)

where H(t) is the binary or proximity-weighted signal for a holiday at time t, and the adjustment
term accounts for the lingering influence of earlier holidays h′. The decay rate τ controls how quickly
prior holidays lose influence, and ωh′ can be learned or set to reflect the strength of prior holiday
uplift. Such formulations can help de-bias forecasts when multiple holidays cluster within a short time
window.

Although the above feature creations appear intuitive, they remain relatively rare and largely
unexplored in the previous literature.

5. Modeling Cross-Section Heterogeneity of Holiday Impact
The previous section explores modeling the inter-temporal change in the impact of a single

holiday event, i.e., the time-dimension heterogeneity of holiday-event impact. In this section, we
explore another dimension of the heterogeneity of holiday impact, the heterogeneity on the cross-
sectional (product-wise) dimension. We first list literature highlighting the importance of modeling
the heterogeneity in the effects of a single holiday. We then propose some guidelines for modeling
such heterogeneity in demand forecasting.

• The magnitude and direction of holiday effects vary significantly across product categories,
depending on consumption habits, perishability, cultural symbolism, and gifting traditions. Prod-
ucts like flowers, chocolate, alcohol, and baked goods consistently exhibit strong uplifts near
holidays such as Valentine’s Day, Christmas, and Thanksgiving. For instance, Hirche et al. [26]
show that alcoholic beverages in the U.S. experience spikes around New Year’s Eve and Memorial
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Day, especially for spirits and beer. Similarly, the Instacart holiday trend report highlights sharp
increases in baking supplies, dairy, and turkeys in the week before Thanksgiving and Christmas
[13]. Fashion and apparel categories also tend to exhibit strong holiday sensitivity, particularly
in the lead-up to gifting occasions such as Christmas and Mother’s Day. On the other hand,
household staples like cleaning supplies, batteries, and non-seasonal over-the-counter medica-
tions show relatively stable demand across holidays, with only minor deviations. Furthermore,
Ehrenthal et al. [12] note that perishables (e.g., fresh produce in grocery contexts) require unique
inventory planning. Conversely, large durable goods (e.g., mattresses, appliances) may exhibit
holiday-season spikes only during discount-focused holidays such as Labor Day or Black Friday,
rather than culturally significant celebrations.

• In many cases, people purchase a lot on holiday not because of the holiday itself, but simply
because there are discounts and promotions on retail products. One obvious example is Black
Friday, the day when retailers offer significant discounts on a broad range of products. Another
example is Double Eleven in China, which originally celebrated being single and is now a major
sales event. People make many purchases on this day not because it is a special day, but because
of the discounts and promotions available. Instead of using holiday information, it would be more
straightforward to use promotion/sales event-related information as feature variables directly.

The above observation implies that it is important to explicitly account for the heterogeneity of
holiday impacts when constructing demand forecasting models. Several approach exists:

• Interaction terms: A straightforward method is to introduce cross-terms (interaction effects)
between holiday indicators and other relevant covariates, such as product categories, price levels,
or store formats, which is the typical practice in statistics ([27]). This approach is attractive due to
its simplicity and interpretability—coefficients directly indicate how the holiday effect changes
with each covariate. However, in high-dimensional settings with many potential covariates,
this method can quickly lead to a combinatorial explosion of parameters, increasing the risk
of overfitting, especially when holiday data are sparse. Therefore, studying how to model
the heterogeneity of holiday events while avoiding the high dimension curse is an interesting
direction for future research. However, the literature lacks a thorough discussion on the best
strategy for creating such historical uplift information.

• Hierarchical Bayesian Model/Multi-task learning: One option is to estimate separate models
for each product, category, or store, but impose a prior that links their holiday-related coeffi-
cients—such as a Dirichlet process or hierarchical Bayesian structure—so that parameter estimates
borrow strength across similar series while retaining flexibility for heterogeneity. Another modern
alternative is Multi-Task Learning (MTL), where each product or store is treated as a separate task.
By sharing latent representations in neural networks or kernel-based models, MTL may allow
the model to learn both global patterns (common to all products) and task-specific adjustments
(unique holiday responses), often yielding better generalization for low-sample-size holidays.
There are some papers on applying multi-task learning to demand forecasting (e.g., [28],[29]),
but few have paid particular attention to the model learning, especially for holidays. In general,
however, there is no literature that tries to do such a hierarchical Bayesian model or multi-task
learning methods. Therefore, this is a promising and interesting direction for future research.

Despite the promise of these techniques, the discussion and application of the more structured
heterogeneity-aware frameworks in sales forecasting remains significantly limited. Therefore, they
are promising directions for future research—particularly as large-scale retail datasets and machine
learning tools become more accessible.

6. Clustering of Holiday Events
The previous two sections mainly focused on modeling the heterogeneity of a single holiday’s

impact. This section focuses instead on how to integrate the information regarding the impact of
various holidays when doing demand forecasting – In modeling holiday effects, a key design choice
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lies in how the holiday information is encoded so that information is shared among different holidays.
When coming to modeling various holidays, there are three strategies: a single unified holiday variable,
separate dummy variables for each holiday, or an intermediate approach that groups holidays into
meaningful categories or types.

The most straightforward approach is to use a single unified holiday variable, a binary flag that
equals one if the date is a holiday and zero otherwise. This method is standard ([30]), straightforward
to implement, reduces dimensionality, and helps avoid overfitting when historical data is limited.
However, this approach implicitly assumes that all holidays exert the same effect, which is rarely the
case. Large-scale shopping events like Christmas or Black Friday typically generate far greater sales
lifts than minor public holidays. Therefore, this strategy may dilute important heterogeneity.

At the opposite extreme, each holiday is treated as a distinct event, allowing the model to
estimate distinct impacts for each event. This strategy has been adopted in many works on retail sales
forecasting. By allowing holiday-specific coefficients, this method captures nuanced demand responses
and yields interpretable results. However, it greatly increases the number of variables, which can lead
to overfitting if certain holidays occur infrequently. Moreover, stable estimation requires sufficient
historical occurrences for each holiday, which may not be feasible in short data series.

An intermediate strategy between treating all holidays as identical and modeling each holiday
separately is to group holidays into meaningful categories or types. Instead of assigning a unique
coefficient to each holiday, holidays can be clustered into groups expected to share similar demand
dynamics. This approach reduces the model’s dimensionality while allowing it to capture richer
variation than a single unified holiday indicator. Grouping can be based on domain expertise, such as
the cultural or functional roles of holidays, or informed by data-driven analysis of historical demand
profiles.

The Table 7 summarizes some main ideas of the clustering of holidays:

• Knowledge-based clustering: This approach classifies holidays based on domain or cultural
knowledge, drawing on predefined categories such as national holidays, religious observances,
cultural festivals, and commercial events. This taxonomy reflects the intuition that holidays with
similar socio-cultural origins tend to influence purchasing behavior similarly. The advantage
of this knowledge-driven classification is interpretability and transferability across markets;
however, it may also oversimplify the heterogeneity that exists within a category.

• Data-driven clustering of holidays: This approach clusters holidays based on observed demand
profiles. Here, historical sales trajectories before, during, and after each holiday are extracted and
compared, and holidays with similar sales dynamics are classified into the same group. Most
available studies still rely on straightforward methods such as visualization/eyeball inspection.
One promising future research direction is to apply more advanced unsupervised learning
methods to group holidays exhibiting similar inter-temporal demand patterns ([31]).

• Bayesian Hierarchical Approach: This approach differs fundamentally from both the knowledge-
based and the data-driven clustering methods: holidays are modeled individually, but their
coefficients are assumed to come from a shared statistical distribution. This is common in
hierarchical or Bayesian frameworks, where holiday-specific effects are treated as random effects
drawn from a common prior distribution. Such partial pooling allows information sharing across
holidays, improving estimation accuracy when data for a particular holiday is sparse, while still
allowing for heterogeneity in effects. This approach provides a principled compromise between
over-pooling (treating all holidays the same) and no pooling (estimating each holiday completely
separately), but requires careful prior specification and can be computationally more intensive.
So far, there is very limited literature that has applied such an approach in modeling the impact
of multiple holidays. To our best knowledge, [22] is the only paper that did such a discussion.
Therefore, this is still a new direction for the future.
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Table 7. Literature on Approaches of Clustering of Holidays.

Method Paper Details

Knowledge-based
clustering

[32] Holidays are classified as bank holiday (when banks are closed, typically
in observance of a federal or local holiday), Christmas, Easter.

Knowledge-based
clustering

[33] There are two classes of holidays, common holidays and special holidays.
Common holidays include some national holidays and all regional and
local holidays.

Knowledge-based
clustering

[34] Considered State Holiday(public holiday, Easter holiday, Christmas) and
School Holiday (indicates if the event was affected by the closure of public
schools, which vary from state to state).

Knowledge-based
clustering

[35] The holidays are classified into four categories, such as regular holidays,
festivals, upper Austrian holidays (except German holidays), and school
vacations.

Knowledge-based
clustering

[36] The dummy variables describe days falling in the summer and Christmas
periods (excluding feast days and weekends). Eleven feast days (New
Year’s Day, Carnival, Easter Day, 2nd Easter Day, Ascension Day, Queen’s
Day, Whit Sunday, Whit Monday, Christmas Day, Boxing Day, and New
Year’s Eve).

Knowledge-based
clustering

[37] Events feature accounts for 31 distinct special days, such as holidays and
other significant events, categorized into four classes: Sporting, Cultural,
National, and Religious. Including these variables helps the models ac-
count for spikes or drops in sales associated with specific events.

Data-driven clustering [38] by analyzing demand profiles, national holidays are classified into statu-
tory days, bridging days, and days preceding and following holidays,
which are called proximity days

Data-driven clustering [39] By analyzing the historical dataset, divided dates into three categories:
weekends and public holidays (marked with 1), Black Fridays (marked
with 2), and ordinary days (marked with 0).

Data-driven clustering [40] Public holidays are treated as Sundays, based on their similar historical
electricity load profile.

Data-driven clustering [41] Based on load profile data, developed a deep classification of the special
days to improve forecasting accuracy,

Data-driven clustering [42] Proposes clustering special days according to their load pattern. The
cluster information and the average load of reference days are fed into an
ANN.

Information sharing
across holiday effect

[22] When setting prior distribution, the paper allows positive correlation
between the parameters that describe the effects of each type of public
holiday so that information can be pooled across types.

7. Integration of Holiday and Non-Holiday Data
The previous sections outlined a range of approaches for creating useful holiday-related features,

including proximity measures, inter-temporal decay functions, and intra-holiday position indicators.
However, in most of these cases, the underlying assumption is that the entire dataset—covering both
holiday and non-holiday periods—is pooled together for model training. This unified modeling
approach introduces several potential drawbacks.

First, in many retail settings, the number of holiday observations is small compared to the vast
majority of non-holiday data. When optimizing a single model across the full dataset, the learning
process tends to be dominated by non-holiday patterns, simply because they make up the majority of
the training examples. This can lead to underfitting in the holiday periods, resulting in poor predictive
accuracy exactly where accurate forecasts are most critical for operational planning.

Second, in many industries, sales during holidays can be several times higher than on ordinary
days. If the loss function is based on absolute errors (e.g., mean squared error), these high-demand
days naturally carry a disproportionate weight in the optimization process. This can cause the model
to overcompensate for holiday spikes, potentially degrading its performance on regular days. In
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extreme cases, the model may be “pulled” toward patterns that reduce holiday errors at the expense of
overall fit, or even produce unstable parameter estimates.

Given these challenges, a growing body of literature has considered more sophisticated ways
of treating non-holiday and holiday data. Table 8 summarizes the commonly used methods in the
current literature:

• Utilize only holiday data: This approach allows a model to specialize in the distinct demand
dynamics of its respective period, avoiding the dilution or distortion that can occur when at-
tempting to fit a single model to both regimes. Using only holiday data in modeling can reduce
the noise from the non-holiday data, but it also has the risk of overfitting due to a significantly
small sample size. Also, it includes much information from the non-holiday data that may still be
useful for predicting holiday demand. One more flexible way of modeling this is to let the model
adaptively learn the weight of holiday and non-holiday data during– i.e., let the model determine
the best sample weight allocation during the training process ([43]).

• Model the residual/uplift: In this method, the baseline model is first applied to holiday periods
to generate predictions. The difference between observed holiday sales and these baseline
forecasts (i.e., the residual or uplift) is then modeled separately. The uplift model typically
uses holiday-related features—such as holiday identity, proximity variables, and temperature
effects—as predictors. This approach, by using non-holiday data and holiday data separately,
avoided the non-holiday data from affecting the model training using holiday data, but also
organically utilized the information in non-holiday data that may be helpful for prediction on
holiday demand.
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Table 8. strategies of separately modeling the demand for holidays.

Method Paper Details/Conclusion

Utilizing only his-
torical holiday data

[44] Found the "close" holidays to the upcoming one in the historical data, with
closeness criterion being the temperature at the peak load hour. Then,
the peak load of the upcoming holiday is computed by a novel weighted
interpolation function.

Utilizing only his-
torical holiday data

[45] Adjusted the load profiles of similar days to that of the target holiday,
which is implemented by incorporating each factor-induced effect on the
load. Specifically, a rule-based similar day selection module is constructed
to select ’similar’ days. The peak load of the upcoming holiday is com-
puted by a weighted interpolation function.

Utilizing only his-
torical holiday data

[45] Adjusted the load profiles of similar days to that of the target holiday,
which is implemented by incorporating each factor-induced effect on the
load. Specifically, a rule-based similar day selection module is constructed
to select ’similar’ days.

Utilizing only his-
torical holiday data

[46] the working days and holidays are separately trained

Utilizing only his-
torical holiday data

[47] try to predict the electricity demand of the target holiday using only
holiday data. On the one hand, during training, they select historical
holidays whose load profiles are similar to the target holiday and use the
average of these historical holiday profiles to predict the target holiday’s
load profile. They also trained another model using only holiday data,
which tries to capture the extreme demand value during these periods.
The two models’ predictions are combined to produce a final prediction
on the target holiday’s load

Model the resid-
ual/uplift

[48] Applied a two-stage approach. During the first stage, holiday demand
is forecast using the benchmark model, treating holidays as regular days.
During the second stage, the average of the residuals is calculated by
holiday and by hour. The averaged residual is then added by holiday and
by hour to the stage-one load forecasts to yield the final two-stage forecast.

Model the resid-
ual/uplift

[49] Applied a gradient boosting model to forecast baseline demand, and then
used a separate linear regression to estimate holiday uplift multipliers.
These multipliers are then applied to the base forecast only when holiday
indicators are active.

Model the resid-
ual/uplift

[50] Proposed a DUS(demand uplift state) algorithm that computes the average
demand uplift for each possible case of special event state, and use it for
demand forecast.

Model the resid-
ual/uplift

[21] Applied a two-step approach: in the first stage, they forecast the seasonal
sales cycle by fitting a regression model to a decomposed training set,
which excludes promotional and holiday sales, and then extrapolate that
model to a testing set. In the second stage, they integrate the resulting
seasonal forecast into a multiplicative demand function that accounts for
consumer stockpiling and captures promotional and holiday sales uplifts.

8. A Unified Decision Flow for Modeling Holiday Effects in Demand Forecasting
The previous sections provide a systematic summary on the current modeling strategies on

holiday event impact. This section, combining the review so far, proposes a unified flow of modeling
the holiday event in the retail demand forecasting.

Figure 2 presents a practical decision flow that guides the selection of modeling strategies for
holiday effects based on data characteristics and modeling objectives.

The first decision concerns whether the holiday is essentially a weekday-type holiday. As is
mentioned in Section 3, if a holiday is weekday-type, seasonality components may already absorb
most of the holiday impact, and no explicit holiday variable is required. This branch reflects the idea
that not all holidays necessarily warrant special treatment in forecasting models.

If a holiday is not weekday-type, i.e., fixed date, or other types, seasonality alone is not sufficient
to model its impact. The next question is the objective of model accuracy: should the model primarily
optimize overall accuracy, or should it balance accuracy across both non-holiday and holiday periods?
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When the focus is only on overall accuracy, unified models trained on the full dataset may be adequate,
even though they often underperform on holidays due to data imbalance. However, if accurate
prediction during holidays is equally important, then a more specialized modeling strategy is needed.
In this case, a more sophisticated way of integrating holiday and non-holiday data, like separate
modeling or two-step modeling approaches, is recommended. Such strategies help prevent the
learning process from being dominated by the abundant non-holiday observations.

The next key decision concerns whether the application involves a single (or a few) holiday or
multiple holidays. When only one major holiday (or a few holidays) is relevant , the modeling problem
reduces to capturing how demand around that specific event varies over time and across products. In
this setting, modeling efforts can focus on inter-temporal structures (see Section 4) and cross-sectional
heterogeneity (see Section 3).

When multiple holidays are involved, it is necessary to first consider the potential of holiday
clustering. As mentioned in Section 6, by grouping holidays with similar demand patterns, analysts
can reduce dimensionality, improve statistical efficiency, and enable information sharing across related
events. Clustering serves as an intermediate representation between a single unified holiday indicator
and fully holiday-specific modeling, striking a balance between expressiveness and robustness. After
the clustering is completed, we get back to modeling inter-temporal structures and cross-sectional
heterogeneity.

Figure 2. Decision Flow of Modeling Holiday Event.

9. Implications for Retail and Marketing Research
This literature review has several important implications for retail and marketing research,

particularly in how scholars conceptualize, model, and interpret demand dynamics around holidays
and special events. Beyond forecasting accuracy, the findings reviewed in this paper suggest that
holiday effects constitute a broader marketing phenomenon that intersects with consumer behavior,
promotion strategy, and market design.

First, the reviewed literature highlights that holidays should not be treated merely as exogenous
calendar shocks, but rather as strategic demand-shaping events that interact with consumer anticipa-
tion, inventory availability, pricing, and promotional intensity. From a marketing research perspective,
this implies that holiday effects are fundamentally behavioral in nature, reflecting forward-looking
purchase decisions, stockpiling behavior, and intertemporal substitution. As a result, modeling holi-
days purely through static indicator variables risks overlooking the underlying consumer decision
processes that generate observed sales patterns.

Second, the strong evidence of cross-sectional heterogeneity in holiday effects has direct implica-
tions for marketing research on segmentation and personalization. The literature consistently shows
that the magnitude, timing, and even direction of holiday impacts vary substantially across product
categories, brands, and customer segments. This suggests that aggregate-level analyses may not be
sufficient to discover meaningful differences in how consumers respond to holidays. For marketing
scholars, this opens avenues for integrating holiday-aware demand models with customer-level data.
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Third, the review reveals a conceptual distinction between holidays as cultural events and holidays
as marketing constructs. In many retail contexts, elevated demand around holidays is driven not solely
by the holiday itself but by coordinated promotional campaigns, discounts, and advertising efforts.
From a marketing research standpoint, this raises identification challenges: observed holiday uplifts
may conflate intrinsic holiday effects with firm-initiated marketing actions. The findings suggest a
need for future studies to disentangle these mechanisms, either through richer feature engineering
(e.g., separating calendar effects from promotion indicators) or through causal inference frameworks.
Addressing this issue is critical for accurately estimating the true incremental value of holiday-specific
marketing strategies.

Fourth, the emphasis on inter-temporal dynamics—such as pre-holiday buildup, post-holiday
decay, and interactions between closely spaced holidays—has broader implications for event-based
marketing research. Many marketing phenomena, including product launches, media campaigns,
and seasonal promotions, exhibit similar lead–lag structures. The techniques reviewed in this paper,
including proximity measures, decay functions, and attention-based models, provide a transferable
methodological toolkit for studying time-localized marketing events more generally. This suggests
that insights from holiday demand modeling can inform a wider class of research on inter-temporal
marketing effectiveness.

Finally, the growing use of separate or two-stage modeling frameworks—where baseline (non-
holiday) demand is modeled independently from holiday uplift—has implications for marketing
analytics research. Such frameworks align closely with uplift modeling, counterfactual prediction,
and incremental impact measurement, which are central concerns in marketing science. By explicitly
modeling “normal” demand separately from event-driven deviations, researchers can obtain more
interpretable estimates of holiday impact and reduce bias caused by data imbalance. This perspective
encourages marketing scholars to move beyond monolithic predictive models toward modular designs
that better reflect underlying market mechanisms.

10. Conclusion and Future Directions
This literature review provided a comprehensive overview of approaches and strategies for

modeling the impact of holidays on demand. The main conclusions from the literature review are as
follows:

1. The first step of modeling holiday effect in demand forecast is to understand the type of the
holiday, i.e., weekday type, or fixed-date type. For the former one, calendar seasonality alone is
sufficient to depict the holiday impact. For the latter case, a feature that denotes the holiday event
is usually needed. Also, in this case, features indicating the day of the week are often needed to
distinguish the holiday’s impact across different days of the week. A more detailed discussion on
how to add such a useful day-of-week feature is a possible future research direction.

2. When depicting the inter-temporal structure of a holiday’s impact, i.e., the impact of a holiday’s
on demand before, during, and after it occurs, a substantial portion of the literature still models
the holiday effect using coarse categorical indicators—such as simple binary or trinary variables
denoting “before,” “during,” and “after” holiday phases. More discussion on the length of time
window that defines such phases, and more quantitative and flexible representations—such as
continuous decay functions, spline-based effects, or learned inter-temporal profiles—are needed.

3. When modeling the heterogeneity of the impact of a holiday across products/ and sectors,
relatively few attempt to model this heterogeneity in a systematic way. A more sophisticated way
of introducing an interaction term, a more detailed discussion on creating effective features that
capture historical uplift, and the exploration of the potential of hierarchical models and multi-task
learning are important frontiers for improving holiday demand forecasting.

4. Grouping holidays based on their demand impact is a potentially powerful tool for reducing
model complexity and improving generalization. Most existing studies rely on knowledge-based
or data-driven clustering methods based solely on eye inspection. There is a clear need for
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applying a more sophisticated clustering approach that learn holiday groupings from demand
profiles. Meanwhile, utilizing a Bayesian approach, such as the Dirichlet process mixture model,
is a promising future research direction.

5. Currently, when dealing with the integration of holiday and non-holiday data, some literature
chooses to model holiday effect using holiday data only, while other develop a baseline model
using non-holiday data and combine the model with holiday data to produce holiday predictions.
An advanced approach to learning the optimal sample weighting scheme during model training
will be a promising direction for future research.

6. A substantial proportion of the papers reviewed are in the energy demand domain, e.g., demand
for electricity, gas, etc. The application of holiday impact modeling methods in this domain to
retail demand prediction for boosting accuracy during the holiday season remains undeveloped.

The Table 9 summarizes the main future possible research directions under each category.

Table 9. Summary of future research direction.

Method Details

Deciding the holiday events to
model

joint modeling of fixed-date holiday and day-of-week features.

Modeling Inter-Temporal Change
in Holiday Impact • Discussion on the length of the period when defining the pre-

and post-period of a holiday
• Exploring the best way of quantitatively depicting the inter-

temporal structure impact using decay expression.

Modeling Cross-Section Hetero-
geneity of Holiday Impact • Studying how to model the heterogeneity of holiday events

while avoiding the high dimension curse
• A more detailed discussion on creating effective features cap-

turing historical uplift
• Uses a hierarchical Bayesian model or multi-task learning meth-

ods to model a holiday impact on various products/sectors.

Clustering of Holiday Events
• Apply a more sophisticated clustering approach that learn holi-

day groupings from demand profiles.
• Thoroughly explore using a hierarchical Bayesian or Dirichlet

mixture model to realize the clustering of the holiday effect

Integration of Holiday and Non-
holiday Data

develop algorithms that adaptively learn the optimal sample weights
for holiday and non-holiday data

There are some more directions for future research. One direction is to use attention-based
sequence models that dynamically adjust holiday weights: In the previous section, the paper mentioned
that some literature tries to increase the forecasting accuracy on holidays by separating the holiday
and non-holiday data. Another approach is to adjust the holiday weight during model training.
Transformer-based architectures and attention mechanisms allow models to dynamically weight
holiday-related time steps, rather than treating all holiday days identically. For instance, [51] developed
Tsformer—a Transformer model for tourism demand forecasting—that learns relative attention to
calendar features, including holidays, with attention focusing on days near the forecast horizon. [52]
decomposes the historical time series features into peak and non-peak components, based on a priori
causal indicators. The convolutional encoder experiences only the historical demand without peaks.
These models can learn to focus on proximal holiday uplift while discounting older events, providing
a flexible alternative to handcrafted decay functions.
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Another direction is to utilize external signals (e.g., Google Trends, weather) to enhance Holiday
Demand Modelling: External data sources such as Google Trends or weather forecasts can enrich
holiday-aware models. [53] utilizes multimodal neural networks that integrate holiday calendars,
Google search trends, and sales data to enhance retail demand forecasts, with Google Trends features
serving as leading indicators for holiday interest and facilitating early planning.
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