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Abstract

The retail sector encounters significant challenges, prominently among them being the
European Union’s sustainable policies aimed at diminishing waste from food and
products. In this context, the objective of this paper is to introduce a framework that
addresses two pivotal goals: i) Introducing cutting-edge machine learning models

tailored to forecast demand within the context of a post-COVID environment, thereby
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Reducing Product Waste within the Retail Industry

enhancing the accuracy of optimal inventory level calculations. ii) Evaluating the benefits
of integrating these predictive models into operational strategies by measuring the
reduction in overstock levels compared to traditional business practices. Regarding
demand prediction, two main conclusions are reached. On the one hand, the hybrid
Prophet-XGBoost model consistently outperformed other hybridisations in terms of
accuracy, achieving the lowest MAPE and WAPE across all seven categories. On the other
hand, our results emphasised the significance of historical imputation approaches when
dealing with COVID-19 data. More specifically, using the 2019 data as a proxy for the
data from 2021 consistently yielded lower errors across categories. In addition to its
contributions to the machine learning field, this paper enriches the literature by
introducing a novel method for calculating overstock reduction.

Keywords

Forecasting; Hybrid demand prediction model; Machine Learning; Food waste; Product

waste; Retail analytics

1. Introduction

Retail stands as the paramount industrial ecosystem within the European Union,
constituting a staggering 11.5% of value added and providing employment to
approximately 30 million individuals (European Commission, 2024). Within this
expansive sector, the significance of food and beverage cannot be overstated,
contributing a substantial €185 billion in added value and generating revenues of €1,117
billion in the fiscal year of 2023 (FoodDrinkEurope, 2023).

The retail sector encounters significant challenges, prominently among them being the
European Union’s sustainable policies aimed at diminishing waste from food and

products (European Commission, 2023). Particularly concerning food waste, the
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European Commission in July 2023 proposed legally binding reduction targets for
Member States to achieve by 2030.

In this context, addressing the pressing need to mitigate the issue of overstock is
paramount, given its repercussions both at the financial and sustainable level, when
stored goods vastly exceed actual demand. Product wastage persists at a higher
frequency than deemed acceptable. The retail and food distribution sectors alone
contribute to a staggering excess of 4 million tonnes of food waste across the European
Union, underscoring the urgency for effective solutions (Eurostat, 2023). Given the
importance of this issue, it is gaining increasing attention in research (Miguéis et al.,
2022; Rodrigues et al., 2024; Tait et al., 2024).

Retail companies work to minimise overstock while simultaneously aiming to prevent
out-of-stock situations. The latter, where they fail to meet customer demands, not only
diminishes customer satisfaction but also results in significant financial losses (Caro et
al., 2020). Therefore, achieving an optimal inventory (Ol) balance, stands as the
cornerstone for retail operations (Deng & Liu, 2021; Perez et al., 2021).

Companies conduct daily calculations in advance to determine the Ol levels for each day.
Demand prediction is the core component of this calculation process. The precision of
this forecast significantly impacts the accuracy of the Ol calculation, ultimately
determining the presence of overstock and consequent product wastage (Miguéis et al.,
2022; Rodrigues et al., 2024).

The objective of this paper is to introduce a framework that addresses two pivotal goals:
i) Introducing cutting-edge machine learning models tailored to forecast demand within
the context of a post-COVID environment, thereby enhancing the accuracy of optimal

inventory level calculations. ii) Evaluating the benefits of integrating these predictive
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Reducing Product Waste within the Retail Industry

models into operational strategies by measuring the reduction in overstock levels
compared to traditional business practices.
To validate the efficacy of our framework, we conduct an empirical case study within a
prominent European retail company. Our analysis focuses on the most critical product
categories housed within the retailer’s largest warehouse, encompassing five food
categories and two non-food categories.
It is evident from the literature that much researchers have been carried out on the
various machine learning algorithms to predict demand. We used four prominent
prediction models to accomplish this goal: Prophet, XGBoost, LightGBM, and Random
Forest, which have become increasingly popular due to their effectiveness in these
contexts. Specifically, we explore hybridisations of the Prophet model with XGBoost
(following the approach proposed by Wang et al. in (2022)), with LightGBM (as
recommended by Shakeel et al. (2023)), and with Random Forest (as outlined by Srinidhi
et al. (2020)).
We possess a dataset spanning from the pre-COVID-19 era through to the post-COVID-
19 landscape, crucial for accurate demand prediction. The inherent challenge lies in
navigating the fluctuations in demand during the COVID-19 period, a time when
customer behaviour changed due to the lockdowns. It is imperative to emphasise
research dedicated to addressing this pivotal period, as highlighted by Fildes et al.
(2022).
The following are the major contributions of this work:

¢ Advancement to the emerging literature exploring the efficacy of hybrid

prediction models in terms of performance. Through an empirical study, we

demonstrate that hybrid models outperform conventional approaches.
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e Introduction of various value imputation strategies tailored for the COVID-19
period, evaluating their effectiveness in maintaining prediction accuracy. This
ensures predictions remain unbiased by the effects of the pandemic, a unique
aspect not addressed in existing literature.

e Expansion of the performance evaluation criteria for product forecasting beyond
the typical focus on forecast quality. Our analysis includes quantifying overstock
reduction and, consequently, minimising product waste, addressing a notable
gap in current literature.

The remainder of this paper is organised as follows. Section 2 presents the literature
review. Section 3 describes the employed methodology. Section 4 compares various
machine learning models implemented for demand forecasting and quantifies the
potential reduction in overstock. Finally, Section 5 provides conclusions and points

towards directions for further research.

2. Literature review

The retail sector operates within a context where inventory management (IM) is
supremely important, particularly in terms of product waste, due to European
regulations. Demand prediction is crucial for making a realistic advance estimation of
the optimal stock to hold in the warehouse. The efficacy of this forecast depends
primarily on incorporating relevant variables and employing appropriate
methodologies.

Factors such as the day of the week, time of year, and prominent holidays like Christmas
significantly influence variations in retail demand, underscoring the importance of

considering such variables in predictive models (Ehrenthal et al., 2014; Kramar &
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Alchakov, 2023). Furthermore, macroeconomic events, like the COVID-19 pandemic,
significantly influence the volatility of demand for retail products, impacting their
seasonality (Deng & Liu, 2021; Kim et al., 2023). The abnormal demand behaviour during
COVID-19 will impact future forecasts because they are based on historical data, so it is
essential to work on strategies to deal with data belonging to that period (Roggeveen &
Sethuraman, 2020). Madeira (2020) conducted a study that explored the impact of
COVID-19 on household consumption patterns throughout the pandemic. Additionally,
Kim et al. (2023) pointed out that, in 2020 and 2021, the COVID-19 pandemic had a
varying effect on sales for different kinds of retail stores, particularly in the food and
beverage (F&B) category. However, as stated by Fildes et al. (2022), nothing has yet been
published focusing on the post-COVID-19 era. Our paper begins to shed light on the
matter.

In addition to the ever-changing nature of customer demand, the rapid evolution of
information technology and the increasing complexity of business operations have
surpassed the capabilities of traditional IM methods (Deng & Liu, 2021). The turning
point in the evolution from traditional IM to IM lies in the technology for predicting
consumer demand. Prediction methods can be divided into two categories. The first
relies on statistical analysis, such as traditional time series methodologies, and the
second employs machine learning (ML) techniques. Statistics relies heavily on the
guantity and quality of historical data, often struggling to keep up with the swift changes
in today’s customer demand. ML has consistently strong performance results, as
reported by various researchers (Kramar & Alchakov, 2023; Srinivas & Katarya, 2022).
In this context, tree-based algorithms excel and are becoming more and more used not

only in demand prediction problems (Auppakorn & Phumchusri, 2022; Pavlyshenko,
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2019) but also in many fields, such as economics and finance (Y. Li et al., 2022; Yu & Huo,
2022), politics (Funk et al., 2022), biology and the environment (Aswad et al., 2021;
Demir & Sahin, 2022), and medicine and healthcare (Ghiasi & Zendehboudi, 2021;
Srinivas & Katarya, 2022).

Furthermore, some research studies have shown that ML models yield better outcomes
when combined with other models, the so-called hybrid models (Wang et al., 2022).
Conventional models rely heavily on stationary data for accurate predictions, and when
that data has multiple seasonalities design becomes extremely difficult. Some authors
authors, such as Shakeel et al. (2023) in the energy sector, Srinidhi et al. (2020) in the
field of l1oT communication, and Wang et al. (2022) in civil engineering have been
developing hybrid models. Nevertheless, research in this domain in the retail industry is
still in its nascent stage, leaving ample room for further enhancements in the accuracy
of demand prediction in the field of IM.

Demand prediction serves as a critical factor in determining optimal inventory (Ol)
levels, a cornerstone of effective inventory management. In this investigation, we derive
Ol utilising the Economic Order Quantity (EOQ) model pioneered by Ford Harris (1915)
and extensively applied by R. H. Wilson (1934), a methodology widely embraced in the
field. The proficiency of retail managers in computing Ol levels within their warehouses
holds the potential to yield multifaceted benefits, including heightened customer
satisfaction, minimised waste, increased product turnover, amplified sales revenue, and
enhanced operational efficiency (Auppakorn & Phumchusri, 2022).

While numerous studies concentrate on forecasting accuracy, there exists a gap in
assessing the concrete reduction in product waste attributed to these predictive models.

Notably, while papers such as those authored by D. Li et al. (2023) and Ehrenthal et al.
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(2014) quantify the cost savings derived from demand forecasting implementations,
they primarily emphasise financial implications rather than delineating the intricacies of

waste reduction calculations.

3. Methodology

3.1. Demand prediction

We used an experimental protocol to evaluate the prediction algorithm in which each
time series was split into two parts at the same time point. The first part, ordered
chronologically, was used as the training dataset for the model. The remaining days were
used as the test dataset (the last 120 days for all the options) to assess the quality of the
models (Kramar & Alchakov, 2023). Fig. 1 illustrates the flow of the procedure used for
demand forecasting.

This procedure was previously utilised by Elorza et al. (2024), however, it only accounted

for data within one category (milk) and Prophet and XGBoost model’s combination.

[INSERT FIGURE 1 NEAR HERE]

3.1.1 Time series

Prophet is an open-source forecasting procedure for time series data based on an
additive regression model where non-linear trends are fit with yearly, weekly, and daily
seasonality, including holidays. The main idea of the method was presented by Taylor
and Letham (2018). It works best with time series that have strong seasonal effects and
several seasons of historical data. Prophet is robust when it comes to missing data and
shifts in the trend, and it typically handles outliers well. Predicted parameter values can

be found using the prediction model method, with a data frame of time stamps for the
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prediction horizon as input. At its core is the sum of three time functions plus an error
term:

y(&) =g(t) +s(t) + h(t) + & (1)
where g(t) is the trend function that models nonperiodic changes in the value of the
time series, s(t) represents periodic changes, h(t) represents the effects of holidays
that occur on potentially irregular schedules over one or more days, and €; represents
any idiosyncratic changes that are not accommodated by the model, following a normal

distribution with a mean of 0.

3.1.2 Machine learning predictive models

Three different ML models were adopted in this case study to generate the predictive
model: XGB, LGBM and RF.

XGB (XGBoost, extreme gradient boosting) is a tree-based ML forecasting method
developed by Chen and Guestrin (2016). This model is a more regularised form of
gradient boosting decision trees that improves generalisation by adding regularisation
terms to prevent overfitting. The objective is to find the optimal value that will minimise
total loss (Sibindi et al., 2022). The most common loss function for regression problems

is:

LO= D 1@ + fi(x)) +2(f) )
i=1

where [(-) represents a second-order derivable loss function, which measures the
difference between the actual value y; and the predicted value $,(=1, and 2(+)
denotes the regularisation term.

Then, by using the Taylor expansion of the loss function to the second order, the

objective function can be simplified to a quadratic equation with f;(x;).
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n

LO= Y [L0IED) + gifoCed + ShfF0x0) + 0 @)

i=1
where g; = 05c—l(y,y,(~1) and h; = ag(t_l)l(yi,fzi(t_l)) are the first and second
order derivatives of the loss function, respectively. Because g; and h; can be used as
constants, the equation (3) can be simplified as.
C 1
1O = D [gifex) + Zh 0] +0(F0) (@
i=1
LGBM (LightGBM), a data algorithm released by Microsoft in 2017, is based on gradient
boosting decision trees. LGBM operates as a distributed gradient-boosting framework
with open access. Its core concept involves sequentially merging M weak regression

trees to form a robust regression tree (Pan et al., 2021). The formula below is used.

M
FE) = ) fn®) 5)
m=1

This approach, in addition to minimising prediction accuracy errors, enhances prediction
speed and reduces memory usage. Two notable advances in the LGBM model are the
histogram method and the leaf-wise approach with controlled depth (Sibindi et al.,
2022). The histogram method efficiently combines distinct features by dividing
continuous feature values into M intervals before constructing a histogram. Data is
navigated based on the discretised values in the histogram, resulting in improved
computational efficiency, particularly with the use of decision trees, which are
inherently weaker models. In the LGBM approach, a leaf-wise method is used to identify
the leaf with the highest gain in dispersion among all existing leaves and then split it. To
prevent overfitting, LGBM adds a maximum depth constraint to the leaf-wise strategy

while maximising efficiency. The level-wise tree growth technique grows trees layer by
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layer, with each node splitting data while giving more weight to nodes closer to the
tree’s root.

RF (Random Forest), developed by Breiman (2001), is composed of multiple decision
trees and performs random feature selection on each tree. Then it averages the output
values of all individual trees to obtain the model’s output (Lai et al., 2023). During the
training process, the RF model constructs multiple decision trees using random subsets
of the data. The class is assigned based on the mode. The RF algorithm uses the
bootstrap aggregation technique, which enhances algorithm stability and accuracy while
reducing variance and the risk of overfitting. Formally, consider a training set X = x4, ...,
X, along with their corresponding outputs Y =y, ..., y, giving dataset D,, = (X1, Y1)
, - (Xn, Y). RFis a collection of random base regression trees {rn(x, 6,,, D,,), m >1},
where 64, 05, ... are outputs of a randomising variable 6. The outputs of these random
trees are aggregated to get an estimate. Thus, the RF model is given by,

(X, D) = Eg[rn(X, 6, Dy)] (6)
where Eg is the expectation for 8. The dataset is partitioned into various subspaces
based on a randomising variable theta. This variable also guides the successive splitting
of nodes when constructing individual trees. During the learning process the algorithm
selects a random subset of features, a technique known as feature bagging. If a
particular feature proves to be a strong predictor it may be used again in multiple trees.
One of the primary advantages of RF over conventional decision trees is that predictions
made by individual trees can be sensitive to noise. However, this limitation is overcome

by aggregating the predictions from the entire forest.
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3.1.3 Hybrid prediction models

This paper proposes three hybrid models to address the challenges of precise load
forecasting and hyperparameter tuning.

The feature extraction property of the Prophet model helps obtain precise findings
which are then fed into XGB, LGBM and RF models separately to train the hybrid model.
The ML models were tuned using the Optuna hyperparameter approach to evaluate the
best hyperparameter approach for the proposed models.

Efficient hyperparameter tuning is crucial for performance improvement. Optuna is a
trending method known for achieving better optimisation results by finding the best
combination of hyperparameters for a given model (Srinivas & Katarya, 2022).
Traditional methods like manual search and random search can be inefficient and time
consuming. Optuna stands out as it continuously learns from previous optimisations and
efficiently prunes and samples the search space (Lai et al., 2023). There are five essential
steps in determining hyperparameters for ML models in Optuna. The first step is to enter
the hyperparameters of the machine learning models. The second step is determining
the search ranges of hyperparameters and types, including integers and floats. The third
step is to set the objective function for Optuna, as provided by the machine learning
models (Table 1). Then optimisation directions are determined. Minimising forecasting
errors was used as the direction and the objective function of this study. Lastly, the
number of trials of Optuna is set. In the research the direction and n_trials are set to the

minimum and 100, respectively (Lai et al., 2023).

Page 12 of 38



0
1
2
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

PRPEPRPOO~NOUGA~WNE

35
36
37
38
39
40
41
42
43

45
46
47
48
49
50
51
52
53

55
56
57
58
59
60

Reducing Product Waste within the Retail Industry

[INSERT TABLE 1 NEAR HERE]

3.2 Optimal inventory and waste product reduction calculation

3.2.1 Setting up the problem

optimal inventory (Ol) represents the exact amount of inventory needed in a warehouse
at any given time to satisfy regular customer demand (Zeng et al., 2019) while avoiding
product waste and unnecessary costs.

Companies frequently calculate Ol in advance to optimise inventory management.
Consequently, the accuracy of the forecast directly influences the realism of the Ol
calculation. In this study, we calculate the Ol according to the Economic Order Quantity
(EOQ) developed by Ford Harris (1915) and applied extensively by R. H. Wilson (1934),
which will be explained in detail in subsection 3.2.2.

First, we calculate the Optimal Inventory (Ol) based on actual demand, referred to as
Ol_actual. While this represents the ideal scenario, it is often not realistic due to the
challenges of accurately predicting demand. Second, we determine the Ol using the
demand forecasts from the previous section, named as O/ _forecast. Additionally, the
retailer has provided us with the current inventory data, termed Current Inventory (Cl).
To assess the improvement of using our demand forecast, we measure the deviation
between Ol forecast and Ol _actual and compare it to the deviation between C/ and

Ol _actual.

3.2.2 Optimal Inventory calculation
For month m the calculation of the Ol level is obtained by summing the variables:

0l,,= Minl,, +SS,,+ E0Q,, (7)

Page 13 of 38



0
1
2
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

PRPEPRPOO~NOUGA~WNE

35
36
37
38
39
40
41
42
43

45
46
47
48
49
50
51
52
53

55
56
57
58
59
60

Reducing Product Waste within the Retail Industry

Where Minl is the minimal inventory that ensures that company does not run out of
stock before the new order arrives, SS is the safety stock which is an additional quantity
above the minimum stock to prevent stockouts. EOQ represent the optimal ordering
guantity that minimises the total cost of an inventory system.

Minl and SS are initially calculated on a daily basis. Subsequently, the daily values are

aggregated to provide monthly totals.
LT—1
Minl, = Z d,., (8)
i=0
Minl in day t is calculated by adding the predictions of daily demand (Elt), depending
on the Lead Time (the time between placing an order for a product with a supplier and

the product's arrival at the retailer's warehouse), i.e. if the LT is four days, the Minl is

the sum of the shipping prediction in day t plus the next three.

LTD—-1

LT—1
SSe= Z deyi — z s ©)
i=0 i=0

SSinday tis calculated by taking the sum of the daily demand prediction, which depends
on the Lead Time Delay (LTD), minus the Minl in day t. The LTD quantifies the extra days
required to mitigate potential harm from delayed delivery times from suppliers. In this

study, LTD doubles the LT due to a business decision.

The function for the monthly EOQ model is:

£0Q, =0, = JdeS _ \/deS (10)

Hp, I,P

where Elm is the predicted monthly demand in units for the category, S is the ordering

cost for each order, H,,, is the monthly per-unit holding cost, P is the purchase price per
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unit, and I,,, is the holding cost per unit per month expressed as a percentage of the
price.

After calculating both OI_forecast and Ol_actual and, considering the Current Inventory
(CI) figure provided by the retailer, we calculate the following ratios, considering that
Ol _actual represents the ideal scenario:

Ol_forecast,, — Ol_actual,,

Diffforecast = 0l actual * 100 (212)
! m
] Cl,, — Ol_actual (12)
Dif f current = mOI actual = x 100
_ m

4. Results and discussion

4.1 Data collection and preprocessing

The European retail company provided historical order data that was recorded daily at
one of its largest warehouses. The data shows the units of products shipped from the
warehouse to stores depending on daily customer demand. In addition to that data, the
retailer also provided additional variables, including the current inventory (Cl) in units,
the corresponding lead time (LT) for each category and a dummy variable indicating
whether the stores were open. We also added dummy variables for both national and
local holidays.

The case study retail company separates the products into seven main sections that are
split into categories. The empirical dataset includes the top categories of each section
with the highest sales for the years analysed in the paper (Table 2). This dataset was also

utilised in Elorza et al. (2024) but considering only the Milk category.
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[INSERT TABLE 2 NEAR HERE]

Although promotion campaigns are usually included when forecasting demand (Fildes
etal., 2022; Sarlo et al., 2023; Wolters & Huchzermeier, 2021), because we are analysing
the category level rather than the product level the promotion factor has been excluded
in this study. The retailer informed us that implementing promotions on specific
products (such as 3 for 2 or a 20% discount on the second unit) leads to increased sales
at the product level but not at the category level. If one product within a category sells
more, another product in the same category sells less. In other words, while demand is
influenced at the product level, consumer behaviour remains unaffected at the category
level.

The data preprocessing was done specifically on the daily customer demand variable.
That data is stored in the database in a raw form, so preprocessing and filtering were
required. Work was done on categorising items. And, among other actions, items that
had been blocked or that had not been shipped in the last year were filtered out.
Outlier values were also removed. The outliers were identified using the boxplot
method. This method, originally suggested by Tukey (1977), is widely and extensively
used as a tool to detect outliers in univariate datasets (Adil & Zaman, 2020; Zhao & Yang,
2019). An observation is considered to be a potentially abnormal data point if its value
falls outside the interval defined by (q; —1.5 * IQR, q3 +1.5 * IQR), where g, and g3
are the first and third quartiles, respectively, and IQR is the interquartile range,
calculated as IQR = g3 — g1. Once the potential outliers were identified, we checked
whether there was an event or holiday that could explain the outlier values for a specific

date. If there was a valid reason (Easter, summer campaign, Christmas campaign or food
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bank campaign), the values were kept unchanged. Otherwise the values were imputed
using the mean of the last three months.
The data referenced in our study was recorded between March 2019 and August 2023,
however the data from 2020 and 2021 was tainted by the pandemic (Eurostat, 2021).
For that reason it makes sense to omit it because it was an extraordinary situation in
terms of household consumption (Sleiman et al., 2022). The COVID-19 pandemic caused
a significant change in consumer behaviour (Papanagnou et al., 2022). People reduced
their spending on hospitality while purchase volumes in retail stores increased
significantly. There was also a decrease in purchase frequency but a significant increase
in the volume per transaction, which was a fundamental shift in the customer demand
pattern (MAPA, 2020, 2021). Evidence of this shift in behaviour can be seen in Table 3,
which lists the peak shipments over the past five years. Upon closer examination, it can
be seen that the highest peaks occurred in 2020 and 2021. Specifically, there were
respective surges of 68.25% and 21% compared to the 2019 figures.
[INSERT TABLE 3 NEAR HERE]
Omitting those two years, breaks the time series. Consequently, four different
alternatives have been proposed:
e Option 1: Exclude 2019 data from the analysis and use data starting from 2022
so there is a time series of 608 days: 365 from 2022 and 243 from 2023.
e Option 2: Considering the homogeneous patterns in the data from 2019, 2022
and 2023 (Fig. 2), and assuming that the pattern of the missing data would have
followed a similar trend if the pandemic had not occurred (Sleiman et al., 2022),

historical imputation could have been done using the 2019 data as a proxy for
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the missing data from 2021. A time series can thus be established with 910 daily
observations: 302 from 2021, 365 from 2022, and 243 from 2023.

Option 3: Another approach would be interpolation, where an equation is used
to estimate missing values between two points when similar patterns are
detected (Eurostat, 2021). In this scenario, interpolation involves calculating the
mean of the values for 2019 and 2022. This approach also produces a time series
with 910 daily observations: 302 from 2021, 365 from 2022, and 243 from 2023.
Option 4: The last proposal is interpolation using the historical evolution between
2019 and 2022. First, the variation in outputs for 2019 and 2022 is calculated,
day-by-day, and in total. Second, since we lack data for January and February
2019 to obtain the data for these two months the total variation of the values of
January and February 2022 is subtracted. Third, to calculate the units for 2020,
the values from 2019 are increased by one-third of the day-by-day variation. And,
finally, to calculate the output units for 2021, the values from 2022 are reduced
by one-third of the day-by-day. In essence, this process involves using available
information from 2019 and 2022 to estimate values for the intermediate years
(2020 and 2021) while considering how the variable evolved over time. With this
approach, the time series includes 1703 daily observations: 365 from 2019, 365

from 2020, 365 from 2021, 365 from 2022, and 243 from 2023.

[INSERT FIGURE 2 NEAR HERE]
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4.2 Demand prediction results

After fitting the training data to the all the models, we assessed the accuracy of the
performance of the models with different datasets using two key metrics,
where n stands for the number of predictions, and y; and y; are the ground truth of the
time series value and the prediction of the models, respectively. These metrics, denoted
MAPE (Mean Absolute Percentage Error) and WAPE (Weighted Absolute Percentage
Error), help us evaluate the quality of our predictions. MAPE calculates the percentage
difference between the predictions of our model and the actual values in the time series
(D. Li et al., 2023). In contrast, WAPE calculates the absolute error averaged over the
real requested quantity, i.e. it weights the error (Panarese et al., 2022). Comparing the
two metrics, with WAPE the impact of the prediction can be estimated in a more
balanced way. MAPE provides a useful measure of prediction error, however it may not
be suitable when units shipped are intermittent or near zero. Therefore, WAPE, a metric
which is gaining relevance but which has not yet achieved widespread usage in scientific
literature, emerges as a more robust choice for assessing prediction accuracy in such
scenarios (Panarese et al., 2022). There are no values close to or equal to 0 in the data

analysed in this study. So, we assessed prediction accuracy using both metrics.

n

1 L Ay,
MAPE = —Z YiZ il 100 (13)
n i
t=1
n ~
WAPE = zyl _y‘*loo (14)
t=1 L

Table 4 shows the accuracy results between the actual values and the forecast models
in each category. Upon comparison of Option 1, Option 2, Option 3 and Option 4, it

becomes apparent that choosing a historical imputation approach is well-founded when
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confronted with a time series break that exhibits a discernible pattern over different
years. This assertion is substantiated by the consistently lower values observed in Option
2 across the seven categories. In contrast, it can be seen that making predictions by
considering only the last two years (2022 and 2023) leads to a decrease in the model’s
accuracy. Moreover, the proposed hybrid Prophet-XGB model is the most accurate for
the seven categories analysed in the case study, obtaining the best result in the milk
category, with a MAPE of 13.37% and a WAPE of 10.58%. Notably, there are high
accuracy predictions for four categories, specifically Milk, Chips and snacks, Cookies, and
Toilet paper, with MAPEs lower than 14.39% and WAPEs lower than 11.61%.

[INSERT TABLE 4 NEAR HERE]

Page 20 of 38



0
1
2
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

PRPEPRPOO~NOUGA~WNE

35
36
37
38
39
40
41
42
43

45
46
47
48
49
50
51
52
53

55
56
57
58
59
60

Reducing Product Waste within the Retail Industry

The time series data and hybrid model that yielded the best accuracy (Option 2, using
the hybridisation model of Prophet and XGB) was identified. Fig. 3 illustrates the actual
platform output units for each category alongside the model’s predicted values,
spanning 120 days. It can be observed from Fig. 3 that the hybrid prediction model
effectively captures the weekly pattern of units shipped from the platforms. The week
starts (on Monday) with a significant increase. That is followed by a slight decrease
during the mid-week, namely Tuesday and Wednesday. Subsequently, another increase
can be seen on Thursday that reaches its peak on Friday. There is a downward trend on
Saturday that continues into Sunday, where it reaches the lowest point of the week.
The predictions perform correctly in all categories. We have also observed that the
accuracy of predictions for downward peaks is better than for upward peaks. The least
accurate predictions are in food bank event outliers, as illustrated by the Legume
category in May.

[INSERT FIGURE 3 NEAR HERE]
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4.2 Optimal inventory and waste product reduction
In this section, we evaluate the benefits of integrating these predictive models into

operational strategies by measuring the reduction in overstock levels compared to
traditional business practices.

To achieve this goal, our initial step involves computing the ideal scenario, known as the
Optimal Inventory based on actual demand (O/_actual). This represents the inventory
level we would have ideally calculated if we had possessed perfectly accurate demand
forecast. Subsequently, we determine the optimal inventory based on our forecast
(Ol _forecast). We also have data of the stock level that actually was in the retail
warehouse current inventory (Cl). Evaluating the efficacy of our demand forecast entails
quantifying the deviation between Ol_forecast and Ol_actual (Diffforecast) and
compared it to the variation between Cl and Ol_actual (Dif f qctuai)- Both ratios measure
the percentage difference in product units.

Table 5 provides an overview of Dif f rorecast and Dif f qctuar- FOr analysis purposes we
have grouped product categories based on whether are food or non-food products.
Additionally, within the food category, further distinction is made between perishable
and durable items. Negative values denote being bellow the ideal level, while positive
values indicate overstock situations.

In the case of perishable products, our model yields similar results to those used by the
retail. This is because the retail already had a good adjustment (in no case are there
deviations greater than 15%), so the margin for improvement by this study was lower.
We can deduce that, given the perishable nature of food, the retail conducts deeper and

daily demand analyses to avoid overstock.
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Regarding durable products, although they have a long shelf life, they do have a best-
before date, and after this date, their sale is usually discontinued. Therefore, it is also
important for the retail to manage overstock carefully. In the case of legumes, our model
significantly improves the situation. For the total of four months, O/_forecast is 4.86%
below the ideal scenario compared to an overstock rate of 52.28%. With beer, albeit
with lower figures, our model also provides a much better adjustment to the actual
demand.

In the case of non-food products, the retail experiences considerable overstock (up to
75% in some months) compared to a worst-case scenario of 5.65% below ideal level,
following our model. Our model allows for a significantly closer adjustment to reality.
Although these are products with a longer shelf life, excessive storage can lead to losses
and deterioration, resulting in product wastage. Additionally, for intimate hygiene
products, accumulating too many items poses the risk of consumer preferences
changing over time, leading to uncertain future demand.

In general, it is evident that using our model would drastically reduce overstock, and
ultimately the wastage of products, especially in durable food and non-food items.

[INSERT TABLE 5 NEAR HERE]
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5. Conclusion

We present a comprehensive framework designed to assist retailers in minimising their
overstock. Our approach begins with a focus on achieving the highest levels of demand
prediction accuracy. Secondly, we propose an innovative method for evaluating
overstock variance, leveraging adjustments in demand prediction methodologies.
Regarding demand prediction, two main conclusions are reached. On the one hand, the
hybrid Prophet-XGBoost model consistently outperformed other hybridisations in terms
of accuracy, achieving the lowest MAPE and WAPE across all seven categories. On the
other hand, our results emphasised the significance of historical imputation approaches
when dealing with COVID-19 data. More specifically, using the 2019 data as a proxy for
the data from 2021 consistently yielded lower errors across categories.

In addition to its contributions to machine learning models, this paper enriches the
literature by calculating overstock reduction. While accuracy metrics are important for
evaluating the performance of demand prediction models, quantifying the actual
reduction in product waste can provide a more direct measure of their effectiveness in
practical terms. This metric can provide valuable insights into the model’s impact on
improving operational efficiency.

Our current study opens up several directions for future research. Concerning demand
prediction, besides all the variables we have used to analyse customer demand
behaviour, it could be interesting to include other variables, such as weather. On the
other hand, regarding optimal inventory calculation other fulfilment options could
involve collaborating more closely with the demand planner to adjust the lead time

delays for each category instead of applying a uniform calculation.
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(historical items)

Testing dataset
(futureitems)
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Time series + ML

Prophet + XGB

Time series + ML

Prophet + LGBM

Time series + ML

Prophet + RF

Testing stage

The finalised models

Forecasting results and
model validation:
MAPE & WAPE

Fig. 1. The procedure flow used for demand prediction.

Model Hyperparameters Types Search Ranges
XGB n_estimators Integer [50, 10000]
max_depth Integer [3, 10]
subsample Float [0, 1]
reg_alpha Float [0, 180]
reg_lambda Float [0, 1]
learning_rate Float [0.01,0.3]
colsample_bytree Float [0.3,1]
min_child_weight Float [0.3,10]
LGBM n_estimators Integer [50, 10000]
max_depth Integer [3, 10]
subsample Float [0, 1]
reg_alpha Float [0, 180]
reg_lambda Float [0, 1]
learning_rate Float [0.01, 0.3]
colsample_bytree Float [0.3,1]
min_child_weight Float [0.3,10]
num_leaves Integers [10, 120]
RF n_estimators Integer [50, 10000]
max_depth Integer [3, 10]
min_samples_split Integer [2, 10]

Table 1. List of hyperparameters optimised using the Optuna library in the XGB, LGBM

and RF models.
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Section Category Description Mean units shipped
per week

Dairy Milk A white liquid produced by 168,333.06
mammals

Drinks Beer An alcoholic beverage made 119,856.17
from fermented grains

Sweets Cookies Sweet baked treats made from 31,412.71
dough

Salty Chips and snacks ~ Savoury and crunchy snack 20,739.94
foods

Pharmacy Toilet paper A paper product used for 13,596.48
personal hygiene

Staple foods Legume A type of plant that produces 12,225.46
seeds in a pod

Perfumery Protection and Products related to personal 5,975.94

intimate hygiene

care and protection

Table 2. Description of the data sample.

Year Max units shipped
2019 351,842
2020 592,086
2021 445,939
2022 386,886
2023 341,345

Table 3. Shipped units maximum peak per year.

Units

S

il !’u

L

it ‘w i N‘\M il il

2019
— 2022
— 2023

Fig. 2. Evolution of units shipped by year: 2019, 2022 and 2023.

200 250
Day of year
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Milk

Models

Option 1

Option 2 Option 3

Option 4

MAPE WAPE

MAPE WAPE  MAPE WAPE

MAPE WAPE

Prophet - XGB
Prophet - LGBM

Prophet - RF

19.28% 12.70%

23.48% 14.58%

26.64% 21.11%

13.37% 10.58% 17.29% 11.62%

20.24% 12.79% 19.23% 12.79%

21.35% 13.96% 21.00% 13.68%

17.49% 11.84%

18.80% 12.80%

20.81% 13.37%

Beer

Models

Option 1

Option 2 Option 3

Option 4

MAPE WAPE

MAPE WAPE MAPE WAPE

MAPE WAPE

Prophet -XGB
Prophet - LGBM

Prophet - RF

27.38% 17.76%
44.90% 23.91%

41.92% 27.36%

17.27% 14.35% 22.58% 17.32%

35.10% 20.05% 38.81% 22.49%

38.82% 23.03% 36.00% 25.21%

23.63% 17.25%

39.61% 21.78%

32.20% 23.34%

Cookies

Models

Option 1

Option 2 Option 3

Option 4

MAPE WAPE

MAPE WAPE MAPE WAPE

MAPE WAPE

Prophet - XGB

Prophet - LGBM

24.60% 13.28%

26.66% 14.17%

14.39% 11.61% 20.78% 12.98%

27.09% 13.55% 27.86% 14.31%

19.49% 12.06%

20.49% 12.40%

Prophet - RF 29.69% 21.14% 25.45% 15.05% 29.47% 17.50% 20.93% 12.69%
Chips and snacks
Option 1 Option 2 Option 3 Option 4
Models
MAPE WAPE  MAPE WAPE  MAPE WAPE  MAPE WAPE

Prophet - XGB

Prophet - LGBM

28.42% 15.23%

30.29% 17.13%

13.71% 11.53% 23.90% 14.04%

35.35% 19.74% 33.91% 18.02%

25.48% 15.00%

40.09% 20.25%

Prophet - RF 29.24% 19.45% 59.45% 40.95% 44.34% 28.17% 64.54% 35.91%
Toilet paper
Option 1 Option 2 Option 3 Option 4
Models

MAPE WAPE

MAPE WAPE MAPE WAPE

MAPE WAPE

Prophet - XGB
Prophet - LGBM

Prophet - RF

21.94% 13.95%
25.11% 15.70%

26.25% 16.67%

13.95% 11.46% 17.76% 13.04%

2493% 15.49% 22.07% 15.31%

31.17% 17.83% 24.60% 17.21%

19.63% 13.36%

22.63% 15.65%

23.89% 15.78%
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Legume

Models Option 1 Option 2 Option 3 Option 4

MAPE WAPE  MAPE WAPE  MAPE WAPE  MAPE WAPE

Prophet - XGB 29.67% 21.87% 18.80% 17.19% 28.43% 19.68% 27.12% 19.29%

Prophet - LGBM 34.26% 26.15% 27.37% 20.79% 28.69% 21.72% 27.16% 21.62%

Prophet - RF 31.15% 25.00% 27.10% 19.86% 27.21% 20.39% 26.28% 20.85%

Protection and intimate hygiene

Models Option 1 Option 2 Option 3 Option 4

MAPE WAPE MAPE WAPE MAPE WAPE MAPE WAPE

Prophet - XGB 31.05% 16.46% 19.64% 14.79% 28.99% 16.46% 27.44% 16.36%

Prophet-LGBM  37.44% 19.82% 33.95% 18.95% 32.98% 18.79% 30.30% 18.71%

Prophet - RF 35.65% 21.09% 36.38% 20.14% 35.90% 19.95% 32.77% 19.14%

Table 4. Performance evaluation summary with the best results highlighted in bold.

 Actual — |
Milk (Option 2) |_Prediction —®— |

250>< p A f Y
fzz: \, /' \_e' N \ \_) l'..-“"‘ Y '.J » ,‘.“ "‘" "/ A / \‘/ |

100k U | \

Units

50k

May 7 May 21 Jun 4 Jun 18 Jul2 Jul 18 Jul 30 Aug 13 Aug 27
2023

Beer (Option 2)

Units

0
May 7 May 21 Jun 4 Jun 18 Jul 2 Jul 18 Jul 30 Aug 13 Aug 27
2023

Cookies (Option 2)

May 7 May 21 Jun 4 Jun 18 Jul 2 Jul 16 Jul 30 Aug 13 Aug 27
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Chips and snacks (Option 2)

May 7 May 21 Jun 4 Jun 18 Jul 2 Jul 18 Jul 30 Aug 13 Aug 27
2023

Toilet paper (Option 2)

ZOk A }l
A |
\/ \ A A |
S MM M A AMA A A M
£ / X/ A \J
=
> 10k f f
\ \ | \
5k { ! \
0
May 7 May 21 Jun 4 Jun 18 Jul 2 Jul 16 Jul 30 Aug 13 Aug 27

2023

Legume (Option 2)

May 7 May 21 Jun 4 Jun 18 Jul 2 Jul 18 Jul 30 Aug 13 Aug 27
2023

Protection and intimate hygiene (Option 2)

May 7 May 21 Jun 4 Jun 18 Jul2 Jul 16 Jul 30 Aug 13 Aug 27
2023

Days

Fig. 3. Based on Prophet-XGB hybrid shipped units forecasts modelled from May and

August (120 days).

Food — Perishable products

Month Milk Chips & snacks Cookies

Diff_forecast Diff_current Diff_forecast Diff_current Diff _forecast Diff_current

May -8.03 -12.51 1.60 -4.69 3.91 -5.57
June -4.51 4.53 -14.87 -13.49 -0.95 11.49
July -5.68 6.68 -15.46 -16.44 -4.29 5.29
August -2.79 1.99 -8.28 -7.90 -6.81 4.78
TOTAL -5.32 -0.09 -9.75 -10.95 -2.06 -1.46

Food — Durable products

Month Legume Beer

Diff forecast Diff current Diff forecast Diff current

May -15.24 13.74 3.74 23.47
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June -0.58 85.35 5.70 32.86
July 6.47 92.13 4.64 38.46
August -5.95 33.56 -7.15 35.13
TOTAL -4.86 52.28 1.70 32.68

Non Food products

Protection & intimate

Month Toilet )
hygiene

Diff _forecast Diff_current Diff_forecast Diff_current

May 3.64 73.97 -5.65 29.18
June 3.32 66.61 -2.87 43.74
July -1.84 59.47 2.60 57.14
August -4.93 57.00 -1.48 37.07
TOTAL 0.01 64.11 -1.85 41.82

Note: Negative values denote being below the ideal level, while positive values indicate overstock situations.

Table 5. Deviation to the ideal scenario from our forecast (Dif f forecast) @and current

inventory (Dif f current)- Percentage units.
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