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Abstract

In retail, inventory is often bought in advance, with long lead times, and based on poor initial
demand predictions. Such situations may result in lower sales than expected and unsold stock,
ultimately leading to a loss in revenue. In these circumstances, retailers often resort to price
markdowns, i.e., permanent price reductions, to generate more demand for a product and clear its
remaining stock before it becomes obsolete. To make these decisions, retailers often rely on rules
of thumb or standardized approaches that lack any analytical foundation.

This dissertation arises in the context of a project with a large Portuguese retailer in the con-
sumer electronics industry. It aims to improve their decision-making regarding markdown deci-
sions and life cycle management of end-of-life products. Understanding how a price change will
affect demand for a product is critical when deciding which price markdown should be applied.
We call this relationship between price and demand Price Elasticity of Demand (PED).

Literature shows that a successful analytical approach to a markdown optimization (MDO)
system comprises a sales forecasting model, an MDO algorithm and performance metrics to mea-
sure the system’s effectiveness. With this in mind, we developed a solution encompassing a PED
estimation model that predicts the impact that different price markdowns have on products’ sales,
followed by an MDO algorithm that recommends the optimal price for each product at each store.

The PED estimation model recurs to a supervised learning method that uses historical informa-
tion to compute the expected sales for different discount levels. The optimal discount is suggested
based on these predictions, according to the retailer’s targets for margin and time until clearance.

These components are integrated into a Decision Support System (DSS), comprising an inter-
face in which the retailer’s managers have access to all the information needed to make the best
possible decisions and where they validate the price suggestions.

This solution adds to the scarcity of studies regarding MDO concerning consumer electronics
retail. Additionally, different from the classic revenue maximization problem applied to fixed sell-
ing seasons, we propose an intuitive approach to MDO that considers both clearance and margin
objectives, directly defined by the retailer.

We ran a pilot test on four categories to validate the developed solution, resulting in higher
stock clearance rates than in the previous year. Most price suggestions were accepted, and the
retailer’s commercial managers unanimously approved the developed solution.
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Resumo

No comércio a retalho, o inventário é frequentemente comprado com grande antecedência, longos
prazos de entrega e com base em fracas previsões de procura. Tais situações podem resultar em
vendas mais baixas do que o esperado e em inventário não vendido, levando, consequentemente,
a uma perda de receitas. Nestas circunstâncias, os retalhistas recorrem frequentemente a mark-
downs, ou seja, reduções de preço permanentes, para gerar um aumento na procura de um produto
e limpar o stock remanescente antes que se torne obsoleto. Para tomar estas decisões, os retalhis-
tas recorrem frequentemente a regras simples ou a abordagens standard que carecem de qualquer
fundamento analítico.

Esta dissertação surge no contexto de um projeto com um grande retalhista português na in-
dústria dos produtos eletrónicos. O seu objetivo é melhorar as suas decisões relativamente a mark-
downs e à gestão do ciclo de vida de artigos descontinuados. Ao decidir que redução de preço
deve ser aplicada, é fundamental compreender de que forma essa alteração vai afetar a procura do
produto. A esta relação entre preço e procura chamamos Elasticidade Preço-Procura (PED).

A literatura revista demonstra que uma abordagem analítica bem sucedida para um sistema
de optimização de markdowns (MDO) inclui um modelo de previsão de vendas, um algoritmo
de MDO e métricas de desempenho para medir a eficácia do sistema. Posto isto, desenvolvemos
uma solução que consiste num modelo de estimativa da PED que prevê o impacto que diferentes
descontos têm nas vendas dos produtos, seguido de um algoritmo de MDO que recomenda o preço
ótimo para cada artigo em cada loja.

O modelo de estimativa da PED recorre a um algoritmo de aprendizagem supervisionada que
utiliza informação histórica para calcular as vendas esperadas para diferentes patamares de de-
sconto. O desconto ótimo é sugerido com base nestas previsões, de acordo com os objetivos
pretendidos pelo retalhista para a margem e escoamento do stock.

Estes componentes são integrados num Sistema de Apoio à Decisão (DSS), que contém uma
interface na qual os gestores do retalhista validam as sugestões de preço dos produtos e onde têm
acesso a toda a informação necessária para tomar as melhores decisões possíveis.

Esta solução vem juntar-se à escassez de estudos de MDO relativos ao retalho de produtos
eletrónicos. Além disso, ao contrário do problema clássico de maximização de receitas aplicado a
janelas temporais fixas, propõe uma abordagem intuitiva a MDO que considera não só o objetivo
de maximizar a margem como também o de acelerar o escoamento, cujos alvos são directamente
definidos pelo retalhista.

Foi realizado um teste piloto em quatro categorias para validar a solução desenvolvida, re-
sultando em taxas de escoamento mais elevadas do que as do período homólogo do ano anterior.
A maioria das sugestões de preço propostas foram aceites, e os gestores comerciais do retalhista
aprovaram de forma unânime a solução desenvolvida.
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Chapter 1

Introduction

This chapter introduces the reader to the central topics of the dissertation and to its main objectives.

Section 1.1 explains the context under which the dissertation arises. Section 1.2 describes the

problem and the primary goals of this work. Section 1.3 details the structure of the rest of the

document.

1.1 Context

Effective product life-cycle (PLC) management is becoming increasingly necessary for retailers

to remain competitive. As competition increases, sales margins decline, putting more pressure on

daily operations. Therefore, PLC estimation and better decision-making regarding product pricing

can be critical aspects of leveraging a retailer’s performance.

The PLC corresponds to the sales pattern followed by a product throughout its life and is seen

as a base for product control and planning. It is typically divided into four stages: introduction,

growth, maturity and decline [1]. However, the conventional PLC pattern is hardly ever respected,

and its stages are not always clearly identifiable.

The competitive nature of the retail sales world, the need to satisfy the ever-changing customer

expectations and the constant technological advances result in many innovative solutions on the

market and high price volatility. These particularly affect the high-tech field, where products with

the latest technology are being brought into the market more quickly, ultimately leading to shorter

PLCs [2]. Along with that, many high-tech companies face a situation of long lead times [3].

For that reason, retailers are often forced to purchase inventory months in advance and based on

poor initial demand predictions, potentially leading to lower sales than expected and an inventory

surplus, ultimately resulting in a loss in revenue.

In the attempt to reduce their losses, retailers apply price markdowns, which are permanent

reductions in the price of a product, aiming to generate more demand. Effective price markdowns

can mean a profit in the hundreds of millions for major retail chains. Thus, they can be the

difference between a profitable and an unprofitable year [4]. For these reasons, pricing is one of

the biggest challenges retailers face.
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2 Introduction

Pricing and revenue optimization need a consistent and reliable process of decision making,

with constant monitoring and performance evaluation [5]. Until recently, retailers have primarily

based their pricing decisions on subjective rules that they believe work reasonably [6]. However,

in the last decades, the adoption of dynamic pricing strategies and the availability of advanced

decision-support tools have been increasing across industries [7]. These tools can be highly ben-

eficial in pricing decisions, namely in markdown pricing of end-of-life products. In the correct

timing and magnitude, markdowns can generate high demand levels and minimize wasted oppor-

tunities of making a profit.

These solutions might be particularly beneficial for retail chains with multiple locations and

channels, which require high inventory coordination between stores and have more decisions to be

made. Many retailers understand that it would be advantageous for them to define clearance prices

at the Store-level, to account for variations between stores. However, they often give up on doing

so because of the complex and time-consuming nature of the decision [4]. A large number of

stores, each with a large number of items, ultimately result in a tremendous amount of markdown

decisions to be made. For this reason, a computer-based markdown pricing algorithm is required

to automate markdown pricing processes and apply decisions according to each store’s specific

needs [4].

In this context, the project in this dissertation intends to apply these principles to a Por-

tuguese retail chain in the electronics industry that lacks analytical support in PLC planning and

markdown-related decisions. The dissertation focuses on the portion of the project that addresses

the development of a Decision Support System (DSS) to help the retailer in the process of decision-

making regarding clearance pricing.

1.2 Purpose

The main objective of this work is to improve the retailer’s markdown pricing process for end-of-

life products.

To achieve this, we propose a methodology to estimate the impact of price reductions on

products’ demand, i.e. the products’ price elasticity of demand (PED), and suggest to the retailer

the prices that should be applied.

The methodology includes the development of an innovative large-scale attribute-based PED

estimation model that encompasses all the relevant business factors and is capable of defining

products’ expected markdown response for each price discount. The optimal price should then be

selected and recommended to the retailer based on these predictions. The suggested price should

consider the retailer’s objective and markdown strategy. For each category, the retailer may define

the intended margin and stock clearance targets. The price suggestion algorithm will consider

these targets and find a balance between maximizing sales margins and clearing the inventory as

fast as possible, in a trade-off between these two drivers.

The PED estimation model and the price markdown optimization algorithm will then be inte-

grated into a DSS, which comprises and interface where the price suggestions will be presented
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to the retailer for each product at each store. With the proposed solution, we expect to help the

retailer improve its pricing processes and enable them to make better-supported decisions with

added efficiency.

1.3 Document Structure

The dissertation is divided into five more chapters. Chapter 2 aims to fill the reader with core

concepts that are important for the understanding of the dissertation and provides a literature re-

view on markdown optimization. Chapter 3 describes the problem we focus on in this dissertation.

We provide an overview of the retailer and the main issues in its current markdown pricing pro-

cess, followed by a description of the requirements and the proposed solution. Chapter 4 details

the implementation steps and the components of the developed solution. Chapter 5 presents and

analyzes the results obtained from the developed solution. Finally, Chapter 6 concludes the docu-

ment, summarizing the developed work and its main contributions and highlighting possible future

improvements.
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Chapter 2

Background Knowledge & Literature
Review

This chapter describes the core concepts necessary for the understanding of this dissertation. Sec-

tion 2.1 introduces the concept of demand and the factors that can impact its behaviour. It also

describes the concept of price elasticity of demand, its derivatives and the sales lift. Section 2.2

provides an introduction to forecasting and its methods and presents commonly used metrics to

evaluate forecasts’ performance. Section 2.3 addresses the topic of markdown optimization and

provides a review of relevant case studies that relate to the problem at hand.

2.1 Demand

Retailers are, by definition, intermediaries between suppliers and customers. They add value to

both while extracting profit in the process. Retailers help suppliers by finding a market for their

goods and help customers by enabling them to purchase the products they need and desire [8].

Therefore, a retailer’s success is defined by how well it is able to fulfill the wants and needs of

its potential customers. There has been an emergence in the adoption of analytical tools, with many

retailers harnessing the power of computing to help project demand and satisfy it [8]. Demand

Forecasting, often used interchangeably with Sales Forecasting, is, therefore, a crucial element in

PLC planning and management.

Demand is described as the relationship between price and the quantity of a particular good or

service that consumers are able and willing to purchase at that price [9]. The maximum value a

consumer is willing to pay for a specific good or service is referred to as willingness to pay (WTP)

[10].

As will be further described in Section 2.1.1, demand can be influenced by a wide variety

of factors, making it highly unpredictable. Price is one of these factors. A rise in the price of a

product most likely leads to a decrease in the quantity demanded. In contrast, a price reduction

increases demand. To this inverse relationship between price and demand, we call Law of Demand

5



6 Background Knowledge & Literature Review

[11]. Due to this relationship, price is seen as a significant factor in shaping demand and is often

integrated into Demand Forecasting models.

However, there are a few exceptions to the Law of Demand: Giffen goods and Veblen goods.

Giffen goods are non-luxury products, typically a necessity, with few substitutes (e.g. bread, rice,

wheat), whose demand rises when their price rises and vice-versa, defying the Law of Demand.

Especially in poor communities, when there is an increase in price for a Giffen good, consumers

have less to spend on other more expensive complementary goods. Thus, consumers become even

more reliant on Giffen goods, which are basic necessities, increasing demand. Contrarily, Veblen

goods are luxury products whose price is associated with high quality and high social status. Thus,

higher prices make these products more desirable, increasing demand [12].

2.1.1 Factors that influence demand

Demand Forecasting can be performed at several aggregation levels (e.g. market-level, chain-

level, product-level, store-level). In retail, operational decisions, such as pricing and inventory

management, are directly related to demand forecasts and, therefore, these are performed at lower

aggregation levels. The ability to accurately estimate demand for each product at each store is

essential to a retail chain’s growth and survival [13].

Multiple factors can affect demand and, consequently, the forecast. Identifying these factors

and estimating their impact on demand is key for understanding and predicting demand behaviour.

This section explores some of the most common factors known to influence demand, including

[13]:

• Product: one of the most influential factors of a product’s demand is, naturally, the product

itself. That is, the product’s features, characteristics, appearance and what it offers to the

customer. For example, in [14], for a set of computer products, some of the identified

key features that affect demand are the computer’s processor, hard drive size and RAM.

Therefore, a product’s characteristics are naturally related to its demand, as they can be

the deciding factor in a customer’s choice. Additionally, brand awareness, online reviews,

trends, sales history, stock levels and the stage of the PLC a product is at can also highly

influence its demand.

• Seasonality and Events: many products are influenced by seasonality. Seasonality corre-

sponds to a variation of demand that occurs at specific and regular time intervals and tends

to repeat itself periodically, typically throughout a year, but also weekly and monthly. Sea-

sonality can make forecasting more complex and less accurate and may vary from item to

item. Therefore, its influence should not be neglected. Seasons, vacations, and seasonal

promotions are examples of situations that impact demand. Holidays and the proximity of

some sporadic occurrences such as special events and festivals can also influence demand

behaviour. Some of these events may be location specific and affect stores differently.
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• Price: as mentioned previously in this chapter, price is directly related to demand. In fact,

demand highly depends on how customers react to price changes. This concept is called

price elasticity of demand (PED) and will be further addressed in Section 2.1.2. For psycho-

logical reasons, retailers often use certain pricing rules or predetermined strategical prices,

specifically designed to induce consumers into making a purchase (e.g. prices ending with

".99"). Price of substitute products, type of promotion, time since the last discount and the

effects of marketing and competition are other factors that can influence demand.

• Store: several store-related aspects may also have an impact on demand. Factors such

as location, local economy, and local competition can play a crucial role in product sales.

Understanding the demographics in the area of a specific store is also vital for effective plan-

ning. The authors in [15] found that demographic variables, such as age distribution, level

of education, income, family size and ethnicity, are much more influential than competi-

tion variables in estimating store-specific PED. The size of the store, its appearance, layout,

product placement and the existence of substitute and complementary products in the store

can all affect an item’s sales.

2.1.2 Price Elasticity of Demand

Price Elasticity of Demand (PED) corresponds to the percentage change in quantity demanded

produced by the respective percentage change in price [9], as shown in Equation 2.1.

εp =
∆% quantity

∆% price
=

∆quantity
quantity
∆ price
price

(2.1)

Due to the Law of Demand, PED is typically negative. A negative change in price results in

a positive change in quantity demanded, and vice-versa. As this relationship generally results in a

negative value, it is common to use the absolute value of its coefficient.

The demand of a given product is said to be elastic if | εp |> 1. Otherwise, it is inelastic. If

| εp |= ∞, then demand is perfectly elastic, if | εp |= 0, it is perfectly inelastic and if | εp |= 1,

demand is unitary. The interpretation of this coefficient is summarized in Table 2.1.

Table 2.1: Interpretation of the Price Elasticity of Demand coefficient

Coefficient Demand

| εp |> 1 Elastic demand
0 <| εp |< 1 Inelastic demand
| εp |= ∞ Perfectly elastic demand
| εp |= 0 Perfectly inelastic demand
| εp |= 1 Unitarily elastic demand

The higher the value of PED, the more elastic demand is. Demand for goods with higher PED

is more responsive to price changes. Thus, consumers might not buy a product if they consider
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its price to have risen excessively. At the same time, price reductions might considerably increase

demand. In contrast, inelastic goods allow for price raises, with little to no changes in demand

[16].

Due to the high number of alternatives in the electronics industry, we can argue that price is a

relevant factor that customers consider in their buying decisions. Thus, demand is elastic, making

electronic products good candidates for price markdowns.

Therefore, measuring PED is crucial for understanding how price affects demand and making

informed and accurate pricing decisions.

2.1.3 Cross-Price Elasticity of Demand

Price changes in one good can positively or negatively impact demand for other related goods.

For two products that complement each other (e.g. smartphone and smartphone case), a price

reduction in one can lead to a rise in the quantity demanded of the other. Conversely, for two

products that are substitutes (e.g. two different laptops), a price fall for one can decrease demand

for the other [9]. This is particularly important when introducing new products since they can

reduce sales for other substitute products and translate into a situation of cannibalization between

items.

Customers often do not have a unique product in mind but a set of needs to be satisfied. As

such, many decisions are not made until the customer enters a store. For this reason, the price

difference between two similar products can be a decisive factor in the customer’s choice and,

consequently, highly impact their demand.

Therefore, the cross-price elasticity of demand (XED) corresponds to the percentage change

in the quantity demanded of good j caused by the percentage change in the price of good i, as

shown in Equation 2.2.

εpi→ j =
∆% quantity j

∆% pricei
=

∆quantity j
quantity j

∆ pricei
pricei

(2.2)

It is relevant to notice that just because price changes in product i influence demand for prod-

uct j, the opposite may not necessarily apply, i.e., their demand might be affected at different

magnitudes.

For substitute products, the value of XED is positive. If it is negative, then the products are

complements. Therefore, this effect is a relevant factor to consider when pricing products since

these decisions might produce unwanted effects on other related products.

However, it can be a complex variable to quantify and include in models. For example, in [17],

the authors chose not to include cross-product dependencies in their price optimization model due

to their high complexity. On the other hand, in [18], one of the used features to estimate PED for

a style is its relative price compared to the average price of competing styles. Even though this is

not a direct representation of XED, we can argue that it still captures cross-product interactions to

a certain extent. We detail these approaches in Section 2.3.2.
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2.1.4 Sales lift

Estimating the sales lift due to a specific campaign or marketing activity is a typical problem in

marketing. It can be a good indicator of the success and profitability of an implemented price

reduction and if the generated sales make up for the decrease in margins [19].

The lift is evaluated by comparing baseline and incremental sales, typically expressed in the

number of units sold or in gross revenue. Baseline sales correspond to the sales the retailer would

have achieved in the absence of a promotion or markdown. Incremental sales are the additional

sales generated in the presence of a price reduction [19]. Sales lift is, then, given by Equation 2.3,

and represents the increase in sales relative to the baseline.

Sales Lift (%) =
Incremental Sales

Baseline Sales
(2.3)

In theory, incremental sales are obtained by subtracting baseline sales from total sales. How-

ever, determining baseline sales can be tricky since there are several variables we have to consider,

such as seasonality and competition. Usually, baseline sales are estimated recurring to forecasting

models that analyze historical data, taking those variables into account. The models can be used

to project baseline sales and, consequently, estimate incremental sales [19].

2.2 Forecasting

Forecasting is an usual statistical task in business, which serves as a guide to long-term strategic

planning and aids in the process of decision-making at all company levels, securing daily opera-

tions. It uses all the available information, such as historical data and knowledge, to accurately

predict the future [20].

In the context of retail, Sales Forecasting is a critical necessity and is among the most crucial

components of supply chain management since it directly affects a company’s overall performance

[21]. In fact, PLC planning and markdown optimization (MDO) in retail rely heavily on these

forecasts.

The accuracy of these predictions is highly dependent on the data and on the nature of what

we are forecasting [22]. The predictability of an event depends on several aspects [20]:

• the understanding of the factors that contribute to it;

• the quantity of available data;

• the similarities between past and future;

• whether the forecasts can affect the thing that is being forecast.

There is a wide range of forecasting methods with different levels of complexity. The ap-

propriate forecasting approach depends highly on the problem and the available data [20]. This

section provides an introduction to forecasting and the types of forecasting methods.
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2.2.1 Types of forecasting methods

As shown in Figure 2.1, and according to [20], there are two types of forecasting methods: quali-

tative and quantitative.

Qualitative (or subjective) methods are based on judgements and opinions, and they are often

used for long-term forecasts and when there is no relevant data available. Examples include market

research, managers’ know-how and the Delphi method. These methods can be prone to bias, limi-

tations and inconsistencies. Therefore, these approaches should be methodical and well-structured

[20].

Quantitative forecasting is applied when past data is available and when there are reasons to

believe that some of its patterns will continue into the future. The forecasts produced by these

methods can later be adjusted by combining experts’ judgement. Quantitative methods mostly use

either time series data or causal data [20].

Figure 2.1: Types of forecasting methods, adapted from [20]

2.2.2 Time Series methods

Time series data corresponds to data collected over time that might follow a certain pattern or

trend [23]. Therefore, time series methods use the historical data of the series to generate fore-

casts and predict the values of future observations. These methods exclusively use data about the

variable that is being forecast, making no attempt to identify additional factors that may influence

its behaviour. Examples of time series data include monthly rainfall, hourly electricity demand,

and weekly retail sales [20]. Time series methods are normally used to predict baseline sales.

Time series data can have a variety of patterns that can be categorized into trend, seasonality

and cycles. Decomposition procedures are often used to separate the time series into these com-

ponents, allowing for the extraction of their individual effects and using them to make forecasts

[20].
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Examples of simple time series forecasting methods include the naive approach, the average

method and the simple exponential smoothing.

In the average method, future values equal the average value of the observed data, assuming

all observations have the same importance [20]:

ŷT+h|T =
1
T

T

∑
t=1

yt (2.4)

for h = 1,2, ..., where y1, ...,yT correspond to all the observations up until time T and ŷT+h|T to the

forecast.

Simple exponential smoothing methods use a smoothing factor α to control the importance

the model will give to the most recent value, compared to previous ones [20]:

ŷT+h|T = ℓt (2.5)

ℓt = αyt +(1−α)ℓt−1 (2.6)

where ℓt is the smoothed value of the series at time t.

Some more advanced methods include, for example, the ARIMA models, which have been

extended into other models to include factors such as seasonality (SARIMA) and other external

variables (SARIMAX).

2.2.3 Causal methods

As the name implies, there is a causal relationship between variables in causal data. These include

the variable to be forecast and a set of predictor variables. It focuses on cause-effect relationships,

where a target variable depends on one or more independent variables [20]. For example, con-

sidering a dependent variable Y and N independent variables X , the resulting forecast would be

dictated by a function of the predictor variables, as shown in Equation 2.7.

Y = f (X1,X2,X3, ...,XN) (2.7)

Through the use of predictor variables, forecasts take into account factors that would, other-

wise, be ignored. As so, causal methods, also called explanatory methods, allow for the integration

of several relevant features and try to explain the individual impact of each one of them in the target

variable [20]. In retail forecasting, as explained in Section 2.1.1, the sales of a product can depend

on its price changes, characteristics, competition and several other factors. Therefore, as we will

see in Section 2.3.2, authors often choose to use causal methods to forecast the sales variation in

the presence of price markdowns.
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In this context of causal data and relating predictor and target variables, machine learning

(ML) methods stand out, as we will detail in the following section.

2.2.4 Machine Learning

ML is a subfield of Artificial Intelligence that focuses on developing methods for extracting knowl-

edge from data to accurately predict future outcomes [24].

These techniques can be a handy tool in the process of understanding the relationship between

variables and making sense out of data. Through these algorithms, the model can learn from data

and provide more accurate forecasts in shorter periods of time.

These algorithms can be categorized into different learning models: supervised learning, un-

supervised learning and reinforcement learning.

• In Supervised learning, models use training data that comprises both the input variables

and the corresponding target variable. These models can either perform classification or

regression. In classification problems, input vectors can be assigned to a finite number of

discrete target variables. In regression, the target variables are continuous, which usually is

the case in Sales Forecasting [25]. This work calls for a supervised learning approach and,

therefore, we will focus on supervised learning methods.

• In Unsupervised learning, there is no target variable, and its primary function is to discover

patterns or similar instances within the data, for example, through clustering algorithms.

• In Reinforcement Learning, the algorithm is concerned with finding the actions that max-

imize a reward, learning through a process of trial and error.

2.2.4.1 Supervised Learning Algorithms

In Sales Forecasting, we are primarily interested in supervised learning algorithms, more specifi-

cally, in regression techniques.

In regression problems, the dataset is typically split into training, validation and test. The

training data is used to fit the models, which are then tested on the validation set, containing data

they have not seen up to that point, to validate if the models have become overfit to the training

set [25]. The phenomenon of overfitting occurs when the model fits the training data too well

and captures its noise, not being capable of performing accurately when confronted with new data

[26]. The model with the best validation performance is then evaluated using the test dataset [25].

Some of the most common supervised learning algorithms are the linear regression (LR), deci-

sion trees (DT), random forests (RF) and gradient boosting machines (GBM), whose understand-

ing is relevant to the understanding of the dissertation.
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Linear Regression

LR is a commonly used method due to its simplicity and high explainability. It is the method used

in [17] to estimate PED. LR models combine a set of independent predictor variables X to predict

the output for a response variable Y , resulting in Equation 2.8 [27]:

yi = β0 +β1xi1 +β2xi2 + ...+βkxik (2.8)

where yi is the ith response.

There are several possible methods of estimating the β parameters in the model, the most

popular being least squares, by minimizing the squared distance between the observed response

and the predicted values through Equation 2.9 [27]:

n

∑
i=1

(
yi −β0 −

k

∑
j=1

β jxi j

)2

(2.9)

One of the most significant advantages of LR is its linearity, making it an effortless and

interpretable procedure. LR assumes four statistical assumptions: linearity, independence, ho-

moscedasticity and normality [27]. The model’s accuracy depends on how well the data meet

these assumptions.

LR models can, however, be prone to overfitting. This phenomenon can be regulated and

avoided by recurring to regularization techniques (e.g. lasso regression, ridge regression), which

involve a penalty term being added to the error function to prevent the coefficients from reaching

high values [25].

Decision Trees

DTs are one of the most popular approaches for supervised learning algorithms and can be used

to perform both regression and classification. Starting at the root node at the top of the tree, a

decision’s result is determined by applying tests to the instance’s attributes while navigating down

the tree. Each node tests a single attribute, and the process progresses to the leaf node under

the branch whose test matched the attribute’s value. The final decision corresponds to the value

of the terminating leaf (decision node) [28]. Figure 2.2 illustrates a DT, in this case performing

classification, to predict if a particular email is spam or not, considering its attributes In regression

problems, the output is a continuous value.

Similar to LR, DTs are a straightforward and visual method that is easily interpretable. These

can be important factors as they make the algorithm intuitive and easy to explain to the end-user

of the solution.

However, like LR models, DTs are prone to overfitting. For this reason, these methods tend

to be replaced by ensemble methods such as RFs and GBMs. In ensemble methods, a set of base
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Figure 2.2: Illustration of a Decision Tree, adapted from [28]

models is constructed, and their individual decisions are then combined to generate new and more

accurate predictions [29].

Random Forests

The RFs algorithm, introduced by Breiman in [30], is used for both classification and regression

problems and uses an ensemble of de-correlated DTs, which together compose a "forest".

RFs algorithms combine bagging and random feature selection. In Bagging algorithms, data

samples are randomly selected with replacement, i.e., a data point may get chosen more than once,

increasing diversity and reducing variance. This was the chosen method by Ferreira et al. in [18],

which we detail in Section 2.3.2.

In RFs, each node in a tree splits over a random subset of features. Consequently, individ-

ual trees are weaker predictors, but correlation with the other trees is lower, resulting in a more

accurate and robust algorithm.

In classification problems, the output of the RF corresponds to the output selected by the

majority of the trees. In regression problems, the final output corresponds to the average of the

tree’s outputs.

RFs correct the flaws in DTs, being capable of reducing overfitting and obtaining more accu-

rate results, by sacrificing interpretability.

Gradient Boosting Machines

GBMs are also a tree-based method, developed by Friedman [31]. It is similar to RFs but, contrary

to bagging methods, where weak learners are trained in parallel, in boosting methods, these are

trained sequentially. The weak learners are built sequentially and try to reduce the error of the

previous learners, minimizing a loss function.

Thus, DTs are trained on the pseudo-residuals of previous trees, giving more importance to

the observations with larger errors. The pseudo-residuals correspond to the gradient of the loss
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function that is being minimized [32]. Like RFs, GBMs have proved to be highly robust procedures

for both regression and classification problems [31].

2.2.5 Performance Metrics

There are several methods to evaluate and measure a model’s performance. These methods com-

pare the predicted values and the actual values. In a forecasting setting, the difference between

these values is called the forecast error [20].

Scale-dependent errors correspond to forecast errors that are on the same scale as the data.

The most commonly used include the Mean Absolute Deviation (MAD), the Mean Square Error

(MSE), and the Root Mean Square Error (RSME). However, these measures cannot be used to

compare series that use different units [20].

Percentage errors, on the other hand, are unit-free and suitable for comparing forecast perfor-

mances between different datasets [20]. Common metrics include the Mean Absolute Percentage

Error (MAPE) and the Mean Percentage Error (MPE), also called Bias.

The following equations describe the mentioned metrics [20]:

MAD =
1
N

N

∑
n
|ŷn − yn| (2.10)

MSE =
1
N

N

∑
n
(ŷn − yn)

2 (2.11)

RMSE =
√

MSE (2.12)

MAPE(%) =
100
N

N

∑
n

|ŷn − yn|
yn

(2.13)

BIAS(%) =
100
N

N

∑
n

ŷn − yn

yn
(2.14)

where ŷ1, ..., ŷN correspond to the predicted values, y1, ...,yN to the actual values and N to the

number of observations.

2.3 Markdown Optimization System

Pricing is a big challenge faced by retailers. Dynamic pricing is a strategy that applies prices to

products in a variable and tactical way to react to demand and competition behaviour and maximize

revenue [7]. There has been an emergence in the adoption of dynamic pricing strategies across

all industries. This can be explained as a result of the increase in competition and availability

of data and analytic tools [33]. For a long time, retailers have relied simply on their knowledge,

judgments and simple rules of thumb to make pricing decisions. More recently, however, retailers

started using analytic tools, and optimization software to aid in those decisions [5].
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Retailers often face situations of excessive stock. There is rarely one single reason to explain

excess inventory, as it is often caused by several factors [16]. It can be due to an inaccurate

sales prediction, leading to lower than expected sales, to the introduction of a new product that

negatively affects the sales of substitute products, or to several other reasons. In these situations,

and when stock is higher than demand, retailers may choose to implement price reductions.

There are various mechanisms retailers use to reduce their products’ prices. These can be

classified into promotions and markdowns. The first corresponds to a temporary reduction in price,

while the latter refers to a permanent price cut [5]. This work focuses on markdowns, specifically

for end-of-life products, in the decline stage of the PLC.

As already explained, the PLC refers to the period a product stays in the market, from its

introduction until its decline and consequent withdrawal. As illustrated in Figure 2.3, the cycle

is typically divided into four stages: introduction, growth, maturity and decline [1]. Identifying

the PLC stage a product is at each moment enables better planning and control over the cycle and

helps make the correct strategical decisions, leading to cost savings and a boost in revenue.

Figure 2.3: Illustration of a typical product life-cycle pattern

Technological products are characterized as having a short PLC, with an abrupt decline and

a lack of maturity stage [3]. In fact, PLC curves were studied in [14] using a large dataset of

computer products, and the authors concluded that half of the products had maturity stages less

than 13% of the entire PLC length and that 20% of PLCs had no maturity stage at all.

Electronic products are frequently conceptualized with obsolescence in mind to ensure they

do not outlast the following generation. As they are typically durable and pricy, the sales volume

tends to be low. This problem is heightened for end-of-life products, which can have long periods

without a single sale, making their behaviour even more difficult to predict.

Markdowns are typically applied to increase demand and profits, as consumers with lower

WTP join the market potential. The increased demand enables retailers to clear the remaining

inventory and make room for future items with possibly higher profitability. Once it is in decline

and past its best-selling point, a product can have several markdowns until the end of its cycle. The

first markdown defines the beginning of the clearance period. Figure 2.4 illustrates an example of

the expected effect of a price markdown on sales.
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Figure 2.4: Illustration of the impact of a price markdown on sales variation

The two main decisions retailers face are deciding the depth and the timing of the markdown.

As explained in [7], both customer and retailer are confronted with a risky trade-off. The customer

trades certainty about the price and availability of the item in the present against a perhaps lower

price in the future, when the product may become unavailable. The retailer faces a trade-off

between selling the articles at a price as high as possible and clearing the inventory at lower prices

before the product becomes obsolete. Markdown pricing can, therefore, be viewed as a mechanism

to distinguish between customers with contrasting price sensitivities [34].

Here lies the main difficulty in markdown decisions: setting the right price at the right moment.

The retailer addressed in [16], due to a past failed strategy, ended up with a total of $10 million in

inventory surplus. Thus, it is critical to evaluate the impact of each strategy on sales and revenue

before committing to one of them. In this context arises the relevance of MDO, whose main

objective is finding the price that maximizes revenue while depleting the inventory.

According to Smith [35], a successful analytical approach to a markdown optimization (MDO)

system comprises three components: a Sales Forecasting model, a clearance price optimization

algorithm and financial performance metrics to measure the effectiveness of the system.

2.3.1 Modelling Assumptions in Markdown Pricing Problems

Dynamic pricing problems highly depend on the objective, industry and part of the cycle they

are being applied to, as these factors influence retailers’ decisions differently. Therefore, models’

structure and applicability are affected by several assumptions and restrictions [7]. Three major

characteristics of the market environment define the type of problem the retailer is facing [36]:

• Myopic vs. strategic customers: for myopic customers, WTP is the only deciding factor

in their purchasing decisions. On the other hand, strategic customers consider an item’s

expected future price in their decisions and may wait for a price reduction before making

a purchase. Despite being less realistic, myopic customer models are widely used in liter-

ature due to their higher mathematical tractability compared to the more complex strategic

customer models [7].
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• Dependent vs. independent demand over time or finite vs. infinite population: for

durable goods, demand is typically dependent, and its population is treated as finite. There-

fore, customers are removed from the market potential as they make purchases, as they

will most likely not purchase the same product more than once. In contrast, in indepen-

dent demand models, the population is considered infinite, as current sales do not impact

future sales [7]. Demand and customer behaviour may vary highly between categories in

the problem at hand. Although most electronic products may be classified as durable goods,

stock levels, especially for end-of-life items, are very low compared to the population of

potential customers. In such situations, because past sales represent such a small portion

of this population, its impact is negligible, making infinite-population models a reasonable

approximation. Again, despite not always being realistic, the population is often assumed

infinite due to its higher analytical simplicity [37].

• Replenishment vs. No Replenishment of Inventory: whether the inventory can be replen-

ished or not during the selling season. In the context of high replenishment lead times, es-

pecially for end-of-life items, where the retailer’s objective is to clear the remaining amount

of inventory, typically, there is no replenishment [36].

Talluri and van Ryzin [37] add another fundamental assumption in dynamic pricing models

concerning the effects of competition. Monopoly models consider that demand only depends on

the retailer’s own prices and not on the prices of its competitors, assuming that historical price

responses already incorporate the effects of competition. In oligopoly models, the expected com-

petitive dynamics are explicitly modelled and computed, at a higher risk of modelling errors or

erroneous assumptions. Perfect competition models are based on the assumption of an idealized

market, where competing retailers offer identical commodities and, thus, a retailer is unable to

influence market prices [7, 37].

As expected, due to its higher simplicity, the majority of dynamic pricing literature assumes

monopoly situations with myopic customers, independent demand, and no inventory replenish-

ment [7].

2.3.2 Related Work

Pricing decisions rely heavily on PED estimation, which is a necessary step toward an MDO

system. Numerous methods can be used to estimate PED, and these are mainly based on historical

sales and customer preference surveys [38]. This section will analyze some studies and approaches

for PED estimation and MDO.

Despite the multiple existing studies on MDO, specific applications in consumer electron-

ics retail are very scarce. Most relevant studies regard the fashion industry, whose products are

characterized by even shorter PLCs and where PED estimation and MDO are common problems.

In this industry, products are typically sold throughout a season, with a defined ending date by

which all inventory should be depleted. For this reason, price optimization is a critical necessity,

as wrong decisions can be even more costly. Additionally, as it has a defined time horizon, the
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most common problem presented in these studies is price optimization to either maximize revenue

in that period or clear all inventory. This has some differences compared to the problem in this

dissertation, where there are no fixed selling seasons, and the clearance objective may differ from

product to product, depending on the retailer’s intentions.

However, as long as they follow the same assumptions, most of the approaches and conclusions

based on these studies can be generalized and applied to other industries. We are also interested in

studies regarding retailers with multiple stores, online retailers and omnichannel approaches. An

overview of the reviewed studies is presented in Table 2.2.

Table 2.2: Summary of the analyzed studies

Study Sector PED Estimation Novelty Aspects

Zaarour
et al. [16]

Cosmetics
Retail

Non-Linear
Regression

Multiple stores; predetermined price
set, clustering

Caro and
Gallien [17]

Fashion
Retail

Linear
Regression

Finite set of prices; grouping of sim-
ilar products; two-stage estimation

Ferreira et al. [18]
Online
Retail

Regression Trees
ML methods;
cross-product dependencies

Harsha et al. [39]
Retail
(Omnichannel)

Not Specified Cross-channel interactions

Smith
and Agrawal [40]

Retail Not Specified
Optimal inventory allocation; time
and inventory dependant demand

Vakhutinsky
et al. [41]

Fashion
Retail

Log-Linear
Regression

Store-level pricing; time and
inventory dependant demand

Burman et al. [42] Retail
Log-Log
Regression

ML methods; large retail chain;
weighted objective function

Loh et al. [43]
Online
Retail

GBMs
ML methods;
monotonic constraints

Zaarour et al. [16] present their work on MDO of discontinued cosmetic items, using weekly

sales data from 54 weeks, sold by a large US retailer with over 6000 stores. The authors developed

two models. The first corresponds to an optimal markdown strategy which uses multi-period non-

linear programming to maximize revenue. The second uses linear programming to apply prices

from a predetermined price set. Every Stock Keeping Unit (SKU) had a history of price fluctua-

tions and several implemented discounts, which provided enough data for a reasonable estimation

of PED for every product-store combination. However, the authors found that, for every SKU,

there were significantly fewer weeks associated with low prices than weeks associated with higher

prices. This kind of situation may also occur in this dissertation’s project since the application
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of higher discount levels is less common and often unnecessary and, thus, there are fewer data

points for lower prices. Therefore, to better understand the price-demand relationship, the authors

applied a k-means clustering algorithm to group the data, replacing each cluster with its centroid.

The authors used nonlinear regression analysis to find the best fitting demand model for the data,

experimenting with multiple functions, namely linear, quadratic and a power function (V = αPβ ),

with the latter yielding the best fit. Parameter β corresponds to PED, V to sales volume, P to price

and α is a positive constant. Compared to the current strategy, the results showed an improvement

in profits per SKU, ranging from 8.6% to 22.6% and all inventory was depleted.

Caro and Gallien [17] implemented a multi-product price optimization system for fast-fashion

retailer Zara. Until then, markdowns were determined by a manual and informal decision-making

process and thus, the main objective of this work was to improve Zara’s clearance pricing pro-

cesses. Most products at Zara are characterized by short PLCs, and, due to the fixed-price policy

during the regular season, there is a lack of price sensitivity data at the beginning of the clearance

season. For this reason, PED estimation has no effect on the optimization of products’ first mark-

down. This situation is contrary to what happens in the study by Zaarour et al. [16] and also to

this dissertation, where there is no fixed-price policy. The authors implement a forecasting model,

which is a particular instance of the model presented by Smith and Achabal in [4] with some

changes. The model consists of an exponential form function, having as demand parameters past

demand, the age of the item, the purchased quantity, the price discount and the effects of inventory

levels. Due to the added complexity, the authors chose not to model cross-product interactions and

the effect of competition and strategic customers. To overcome the lack of data, the authors devel-

oped a two-stage estimation procedure. In stage 1, coefficients for some regressors are calculated

using data from the regular season and only later, as clearance sales data become available, the

coefficient of the remaining explanatory variables, including PED, is estimated periodically via

linear regression (LR). Contrary to what occurs in [16], the authors assume constant and identical

PED for groups of similar products, as they find it gives better results than PED dependent on

the price or the product. Along with the forecasting model, the authors built a price optimization

model, limited to a finite number of prices (ending with "0.99"), with the new system indicating a

6% increase in clearance sales revenue.

In a study with online fast-fashion retailer Rue La La, Ferreira et al. [18] developed a multi-

product price optimization model and incorporated it in a DSS. The authors face a similar chal-

lenge to the one in Zara: predicting demand for articles with no historical data. At Rue La La,

products’ prices are defined at the style level. A style corresponds to an aggregation of all sizes

of identical items. To develop the demand prediction model, the authors first use sales data to

estimate demand for styles sold in the past. Then, the obtained results are used to predict the sales

of new styles. Even though PED is not directly estimated, three of the features in the model are

related to price. Those are the price of the style, the percent discount off and the relative price of

competing styles. Even though the latter is not a direct representation of XED, it is an indirect

way of capturing product interaction effects. The authors chose to focus on models that are easily

interpretable for managers, which is also a relevant aspect to consider in the project in this dis-
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sertation. Regression trees with bagging outperformed other regression techniques, providing the

best results. The demand prediction model is then used to determine the optimal pricing strategy

in order to maximize revenue. The developed system was then tested in a field experiment and

showed an expected increase in revenue of 9.7% for new styles.

Harsha et al. [39] studies the problem of price optimization in the context of cross-channel

demand and supply interactions, with exogenous cross-channel fulfilment, within a large om-

nichannel retailer. The authors model omnichannel pricing as a dynamic stochastic program and

propose two pricing policies that estimate how the inventory will be shared and utilized across

stores, comparing the results. Following a pilot test at the retailer, the system resulted in a 13.7%

increase in clearance sales revenue. Their approach was implemented commercially, integrating

the IBM Commerce Markdown Price Solution.

Smith and Agrawal [40] formulates a MDO problem at a large retail chain and analyzes how

inventory levels affect demand and optimal pricing. Their solution consists of three essential

levers: pricing, inventory allocation and which stores to allocate the stock. The problem is solved

in three steps. First, the optimal price is determined for each SKU. Then, considering the optimal

pricing, the optimal inventory allocation is determined. Finally, the authors optimize what stores

to stock, considering the optimal pricing and inventory allocation. The authors model demand as

a function of exponential PED, a time-varying demand factor and, as was used in the Zara case

study in [17], inventory level effects. Results show that the ideal combination of these three levers

and considering the inventory effects can lead to substantial profit improvements.

Similar to [4, 17, 40], in a study on MDO by Vakhutinsky et al. [41], inventory levels’ effects

on demand are taken into account. The authors consider a SCAN*PRO demand model, which

is assumed to be a multiplicative, separable function composed of three components: a time-

dependent seasonality coefficient and price and inventory-dependent components. The best fit

was achieved by assuming constant PED and having the inventory effect modelled as a power-law

function. The seasonality coefficient was obtained from historical sales and PED was estimated

via log-linear regression. The authors introduce two algorithms for revenue maximization: optimal

continuous price control and markdown price control when price and time are discrete. The second

model was tested against the current approach on weekly historical sales data of 50 000 store-level

items from a fashion retail chain. Rather than producing financial results, the study compared

regret, optimality and computation speed of both approaches.

Recent studies include [42], in which the authors use gradient boosting techniques and artificial

neural networks to estimate demand for a large retail chain. They estimate the PED coefficients

using the log-log model and assign them to the items. The items which have had minimal to no

price changes are grouped with other similar items. The optimal markdown prices are obtained

by maximizing an objective function of the overall yield, which is the weighted sum of sales

units, revenue and margin. The weights are business inputs based on the retailer’s objectives. The

expected sales are calculated based on the demand predictions, on the PED estimations and on

the decision variable, i.e., the optimal markdown price. They also consider business constraints:

minimum and maximum markdown prices and percentage of inventory to be cleared for each
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merchandise.

Another recent study [43] also uses GBMs to model demand. Similar to [18], PED is not

directly estimated but the model uses price-related features, among others, as predictor variables.

The authors apply monotonic constraints to the model so that demand does not decrease as the

applied discounts increase. This constraint prevents the predictions from going against the Law of

Demand.

Most of these studies contain the components of a successful MDO system mentioned by

Smith in [35]. Indeed, the typical approach is to develop a model to predict demand, followed by a

MDO algorithm and finishing by presenting financial performance metrics. It is also worth noting

that many of these studies (e.g. [16, 17, 41]) consider already predetermined price levels to choose

from when finding the optimal pricing.

There are some other interesting studies. For example, in [44] the authors use a multiplicative

model to predict sales and find products’ optimal price for an online retailer, also considering a set

of discrete price levels. Namin et al., in [45], developed a demand and a markdown pricing model

to simulate four different markdown strategies and find the optimal markdown timing and depth.

2.3.3 Markdown Optimization Problem Formulation

According to the studies reviewed in Section 2.3.2 and the assumptions made in Section 2.3.1, we

can formulate a generic MDO problem. Most of these studies (e.g. [16, 41]) focus on maximizing

revenue over a finite set of periods.

In [16], as we have seen in the previous section, sales volume is given by a power function

(V = αPβ ). The authors determine revenue R by multiplying the price P of the product by the

sales volume (R = V P = αPβ+1). Therefore, the primary goal in the optimization problem is to

find the unit price pi,t of each SKU i in each period t, that maximizes the total revenue Ri over

all periods. A similar formulation is used in [41]. A second revenue maximization model in [16]

considers a set of predetermined prices, where each pi,t must correspond to a specific value in set

Pi.

Therefore, we can define the problem as follows, according to the following notation:.

Sets

T Set of all periods
Vi(p, t) Estimated sales volume for SKU i at price p and period t
Pi Set of eligible prices for SKU i

Parameters

t0 Starting period
t f Final period
t An arbitrary period
Ii,0 Initial inventory of SKU i
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Decision Variables

pi,t Optimal price for SKU i at period t, belonging to Pi

Mathematical formulation

max Ri =
t f

∑
t=t0

pi,tVi(p, t) (2.15)

t f

∑
t=t0

Vi(p, t) ≤ Ii,0 (2.16)

pi,t j ≤ pi,ti ,∀ti < t j ∈ T (2.17)

pi,t > 0 ,∀t ∈ T (2.18)

Ii,0 > 0 (2.19)

The objective function 2.15 maximizes revenue R for SKU i over all periods. It is subject to a

set of constraints: total sales volume must not be higher than the inventory (2.16); prices reductions

in markdowns are permanent, i.e. price must not be higher than it was in previous periods (2.17);

price must be higher than zero (2.18); the initial inventory value must be positive (2.19). The

presented formulation is just a generic version of a revenue maximization problem, adapted from

literature, that could be extended to more sophisticated approaches to include problem-specific

factors. In our problem, however, revenue maximization is not the sole purpose of the MDO

problem, as the retailer may have different and specific clearance and margin objectives in mind.
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Chapter 3

Problem Statement

This chapter explains the problem at hand and presents the proposed solution. Section 3.1 provides

an overview of the retailer that is the target of this work. Section 3.2 describes the current mark-

down pricing process used by the retailer, its current problems and opportunities for improvement.

Section 3.3 presents and defines the main goals of the project, as well as its requirements. Sec-

tion 3.4 gives an overview of the solution we propose to improve the retailer’s markdown pricing

process.

3.1 Retailer Overview

The company addressed in this work is a large Portuguese retailer focused on consumer electron-

ics. The retailer follows an omnichannel strategy, consisting of the integration of a network of

hundreds of physical stores and an online channel.

The retailer’s product structure is composed by several Business Units, each containing several

Categories, which, in turn, comprise different Subcategories. Each Subcategory has a set of Base

Units, which splits into different SKUs at the bottom of the product hierarchy, as depicted in Figure

3.1.

Figure 3.1: The retailer’s product hierarchy

As already explained, the project is focused on products in the decline phase of the PLC,

particularly on products the retailer classifies as discontinued or provisioned. The latter can be
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categorized into distinct provision types, which define how critical it is to clear the remaining

inventory for that SKU. This classification is made according to a set of rules which compare the

number of sales in the previous year with the amount of stock remaining at the present moment,

as explained in Table 3.1.

Table 3.1: Products’ provision type according to their stock rotation

Provision Type Rule

A Number of sales (last 12 months) < 10% stock
B 10% stock < Number of sales (last 12 months) < 50% stock
C 50% stock < Number of sales (last 12 months) < 100% stock
No Provision/Discontinued 100% stock < Number of sales (last 12 months)

A reduction in the stock value of these items is prematurely applied to encourage price reduc-

tions and clear stock faster. These rules apply only to products past their point of maturity, defined

by the retailer as the moment a product reaches 2/3 of the total expected PLC sales and starts pro-

gressively registering an increasingly lower stock rotation. Otherwise, products that were recently

introduced and, for that reason, have had low sales, would be classified as provisioned items.

The stock for end-of-life products has a significant impact on margins and the invested capital.

These products are included in the stock clearance monthly campaigns, in which the manager of

each category defines the product’s prices at each store, expecting to minimize lost profits. The

project, initially, will focus on four pilot categories that will be used to validate the developed solu-

tion. The approach will then be progressively extended to the remaining categories. To ensure that

the solution can be applied to any product type, the selected pilot categories possess completely

distinct characteristics regarding value, seasonality and diversity. These categories are: Mobile

Phones, Washing Machines, Food Preparation and Refrigerators.

3.2 Current Process

The retailer follows a traditional standardized approach for pricing decisions based on a discount

matrix, which they believe leads to reasonable outcomes. The discount matrix consists of a set

of rules to decide which price discount (i.e. markdown) should be applied to each SKU at each

store. These rules are based on the product’s provision type, age, stock rotation, number of past

campaigns and whether or not that SKU is a single piece in the store. The prices defined through

the matrix are then approved or adjusted, one by one, by the managers of the categories, who have

a vast experience in products’ and stores’ characteristics and their response to price reductions.

This process is described in Figure 3.2.

Despite being a standardized process with logical rules, it has several downsides. The discount

matrix is defined empirically, without any analytical base. The rules applied by the matrix consider

only a minimal set of factors, neglecting other potentially influential aspects, such as seasonality.

Furthermore, these factors make little effort to differentiate between products and stores, doing
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Figure 3.2: The process currently used by the retailer

a very poor job at capturing their individual nuances and responses to price changes. Also, the

managers might have a specific margin or clearance objective in mind for their products, which

is a factor the current process does not consider, making it challenging to define medium and

long-term strategies. Considering this, the quality of the approach is dubious and solely based on

experience, and the managers often need to adjust the chosen prices.

Additionally, the process is relatively inefficient. It relies on managers’ price review and ap-

proval for hundreds of SKU-Store combinations. The process can be a very exhausting task for the

managers as they need to make numerous individual decisions, which involve analyzing numerous

metrics such as past sales and stock values.

Due to the high amount of time spent in the process, pricing decisions only occur once a month,

which may be lower than the ideal frequency. To successfully clear the inventory and meet the

desired stock clearance goals, there must be a quick reaction time and an appropriate selection of

the markdown to be applied. Therefore, such a large retailer needs a more sustainable and efficient

approach tailored to each store’s and product’s specific necessities.

3.3 Goals and Requirements

As introduced in Chapter 1, this dissertation arises in the context of a project with the retailer,

whose ultimate goal is to improve markdown pricing decisions for end-of-life products.

We intend to do so by developing a methodology that predicts products’ demand for several

discrete discount levels and suggests the optimal price markdown (among those levels) to acceler-

ate stock clearance and ensure the highest possible margins, according to the retailer’s needs.

Additionally, there is a focus on making the decision process more efficient. We hope to im-

prove the process’s efficiency by incorporating the developed MDO system into an easy-to-use

decision support tool. Here, managers will have access to all the information they need to make

the decisions, including the predictions for all the discount levels, the suggested price and several

metrics. The ultimate goal is that, as the managers become more confident in the system’s sug-

gestions, these decisions become as automated as possible, with progressively lower intervention
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on the managers’ side. Also, the process should shift to a weekly frequency, allowing for a faster

reaction to the observed demand.

Given the mentioned goals, the DSS should integrate the following functional requirements,

aligned with managers’ needs and feedback:

• Target Setting: each manager should be able to set the desired targets for the SKUs in

the respective category. They define, for the category they manage, the desired maximum

number of weeks until all stock gets cleared and the minimum margin that must be ensured

by the suggested prices. Additionally, the managers choose which of these targets is the

main priority.

• Strategy Definition: each manager should be able to define if he either intends to apply, for

a given SKU, the same price for all stores and channels (an omnichannel price) or if each

store may have its own optimal price, adjusted to its specific needs. In other words, whether

the decision should be made at the SKU-level or the SKU-Store-level.

• Price Markdown Optimization: according to the selected strategy and targets, suggest the

optimal price markdown. Managers should be able to visualize, for the recommended price

at each SKU-Store combination, the value of related metrics (e.g. expected sales, time until

clearance, margins).

• "What-If" Analysis: besides the suggested price markdown, managers should be able to

simulate how other possible discounts affect the related metrics. Based on this information

and their business experience, if managers disagree with the suggested price, they should be

able to change it directly on the support tool.

Additionally, the proposed DSS should respect certain characteristics that may shape how the

solution and the functional requirements are fulfilled. As the managers are the system’s end-

user, we should prioritize finding a highly explainable solution, so they can clearly understand the

results and suggestions. Also, the solution must apply to any category, as it will be extended to the

remaining ones.

In the end, the most critical requirement is to ensure that the DSS is an intuitive and easy-to-use

tool where the managers have all the input they need to make the best possible decisions.

3.4 Proposed Solution

Considering the issues raised in Section 3.2 and the main requirements in Section 3.3, we propose

a new markdown pricing process, as depicted in Figure 3.3.

The new process possesses several advantages compared to the current one. It includes an

advanced analytical model to define the price markdowns, allowing for a more agile and informed

actuation in managing discontinued items and making it a faster and more effortless task for the

managers.
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Figure 3.3: Proposed solution for the new markdown pricing process

All steps in the process will require less intervention. As the managers get more confident

with the model’s results, their validation becomes less and less necessary, shifting towards a more

automated process.

As explained in Section 3.3 and aligned with the studies reviewed in Section 2.3.2, the MDO

system is composed of a PED estimation model, built over a prediction of baseline sales, and an

MDO algorithm.

• PED Estimation Model: the primary purpose of the PED estimation model is to predict

the increase in demand for a product caused by a given price reduction. These predictions

are generated for a discrete set of discount levels (ranging between 5% and 95% off, in in-

crements of 5%) for each product-store combination, using a supervised learning technique.

The baseline purpose is to be the reference used by the model to estimate the expected sales

increase. The baseline forecasts are, therefore, combined with the incremental sales esti-

mations to predict sales for the next campaign, as shown in Figure 3.4. The model is not

category dependent, and all categories use the same approach.

Figure 3.4: Representation of the PED Estimation Model
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• Markdown Optimization Algorithm: through the PED estimation model results, it is pos-

sible to simulate the impact of each discrete price markdown on the expected sales and,

consequently, on how long a product’s stock will take to clear. Furthermore, we consider

two simultaneous objectives when selecting the optimal markdown: maximizing margins

and minimizing time until clearance. Considering this, and according to the targets de-

fined by the managers, we compute the optimal price markdown (among the set of discount

levels) for each product or product-store combination, depending on the selected strategy.

Figure 3.5 shows an example of the discount suggestion according to the values of time

until clearance and unit margin (which are merely an example and do not reflect any real

instance).

Figure 3.5: Optimal price suggestion according to the clearance and margin targets

These components are integrated into the Stock Clearance Tool, which the managers use to

validate the pricing decisions. The proposed solution is detailed in Chapter 4.



Chapter 4

Methodology

In this chapter, we detail the development and implementation of the proposed solution. Section

4.1 describes a general methodology commonly followed in data-driven projects. Section 4.2 pro-

vides an overview of the developed DSS and its components. Section 4.3 describes the available

data and how it is prepared. Section 4.4 provides an overview of the PED estimation model and

the steps taken during its development. Section 4.5 explains the reasoning behind the markdown

optimization algorithm. In Section 4.6 we present the tool developed throughout the work, where

the retailer’s managers make their markdown decisions.

4.1 CRISP-DM

The process of extracting valuable knowledge from data to help resolve business problems in-

volves multiple complex stages. Therefore, there is a need for a standard methodology to assist in

translating business problems into data-related tasks and guide these complex processes [46].

The Cross Industry Standard Process for Data Mining (CRISP-DM), illustrated in Figure 4.1,

is a popular methodology that provides a comprehensive and structured approach for carrying out

Data Mining and Data Science projects, making them easier to manage and implement [46]. We

use this methodology as a guide for this project.

It provides an overview of the cycle of a data mining process, divided into six distinct phases

which, ideally, should be performed respecting their specific order [46]. The six phases of the

methodology are [46]:

• Business Understanding: the first phase of the cycle is focused on understanding, from a

business perspective, the project’s main goals and requirements, defining the problem and

designing a preliminary plan to accomplish these objectives. This phase relates to what was

presented and discussed in Chapter 3.

• Data Understanding: the focus in this step is to collect and explore data and get familiar

with it. Data Understanding is closely related to Business Understanding in the sense that,

to formulate the problem, there must be an understanding of the data involved.

31
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Figure 4.1: Illustration of the CRISP-DM cycle, adapted from [46]

• Data Preparation: this phase involves all the steps to create the final dataset from the

raw data, namely data cleaning and transformation, attribute construction, and selection of

aggregation levels.

• Modelling: selection and implementation of modelling techniques. This phase is strongly

related to Data Preparation since the model’s performance depends on the data.

• Evaluation: at this phase, the built models are evaluated and reviewed to ensure the business

objectives were achieved.

• Deployment: finally, the final model is deployed, and the obtained results are arranged and

presented to the client. Depending on the intended objective, the deliverable can range from

a simple report to the development of software to be used by the client.

4.2 Decision Support System Overview

As shown in Figure 4.2, the developed solution is composed of several elements and relies on their

successful implementation and integration.

The raw data, including the product, store and sales information, is retrieved from an Apache

Hadoop cluster and stored in tables in Azure Databricks. This data migration between Hadoop and

Databricks is made through a data ingestion process ensured by Azure Data Factory. The pricing

data is loaded from an Apache Kafka data streaming topic that is also orchestrated in Azure Data

Factory.
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Figure 4.2: Decision Support System Diagram

• Apache Hadoop provides a framework for distributed storage and processing large amounts

of data across computer clusters. It is used as the main data source in this work.

• Azure Databricks is a collaborative cloud-based data analytics platform used to process

and transform large amounts of data and build ML models. It is highly flexible and de-

veloper friendly as it allows interchangeably using multiple programming languages (e.g.

Python, SQL). All the tasks related to data preparation, model development and suggestion

computation are performed on this platform.

• Azure Data Factory is an ETL tool for scale-out data ingestion, preparation and transfor-

mation. It centralizes the information from all the retailer’s sources and allows scheduling

jobs to be run at a specific day and time.

The PED estimation model, developed in Python, estimates the expected sales amount for

every possible SKU-Store-Discount combination. These predictions are stored in a table, where

each row reflects a different price markdown and its impact on sales for the related product and

store.

From the sales estimations, the MDO algorithm proceeds to compute the optimal price mark-

down recommendation for every SKU-Store, according to the targets defined by the managers.

From the table with the sales predictions, we construct a view which exclusively contains, for

each SKU-Store combination, the row of the corresponding suggested markdown, obtained from

the previous table. Views are dynamic virtual tables which contain the result of an SQL query.

Therefore, a view’s content corresponds to the exact data retrieved from other distinct tables or

views in the database, according to the executed query’s result. A view always displays updated

information. Hence, if the data from the source tables changes, the view is recreated, and its data

changes in conformity.

The final markdown suggestions depend on the clearance and margin targets defined by the

managers, which are stored in a table and can be changed at any moment. Therefore, as the

suggestions are stored in a view, every time a manager redefines the targets, the selected discount

level on the view and, consequently, the price suggestion get automatically updated accordingly.
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The Stock Clearance Tool (SCT) is the project’s main deliverable and consists of an interface

that the managers interact with to set the desired objectives and validate the price suggestions.

The tool requests data from the views and tables and presents it in the interface. Through it, the

managers can analyze the impact of different markdown scenarios on clearance and margin and,

thus, validate the price suggestions before submitting their final pricing decisions.

4.3 Data Analysis

This section covers the steps of Data Understanding and Data Preparation of the CRISP-DM cy-

cle. Data Understanding is closely tied to understanding the business and the problem, which we

exposed in Chapter 3. Therefore, the proposed solution highly depends on the available data and

its relevance to solving the problem.

We have access to data spread across several tables regarding multiple sources of informa-

tion. These include products’ attributes and hierarchy, location information, available inventory,

campaign history and sales:

• Product Data: It is stored in a table where each row contains the SKU identifier, its de-

scription, brand and product hierarchy. It also contains information regarding the supplier,

the original price of the product, its date of introduction and if the product is still active or

not. Other attributes include the item’s weight and dimensions and other product-specific

characteristics (e.g. screen size in smartphones).

• Location Data: Contains information regarding all the different locations, which can cor-

respond to either stores or warehouses.

• Inventory Data: Contains the data regarding the stock at each moment in each location,

recorded daily for each SKU-Location combination.

• Campaign Data: Holds records of previous stock clearance campaigns since January 2021.

These include, for each campaign and SKU-Store combination, the applied discount, the

new price and the price a product had during the previous campaign. Besides the price, it

contains the starting and ending dates of the campaign and information regarding products’

provision type during that campaign and whether or not they were a single piece.

• Sales Data: Contains all transaction information regarding daily sales and returns of all

products (not only the included in the stock clearance campaigns). As attributes, each sale

is associated with a store, a product, its price and quantity sold and other attributes regarding

the transaction information.

Due to the size of the retailer, which comprises many stores selling a large variety of products,

some of these tables have millions of rows. Also, some of them contain hundreds of attributes,

most of which are irrelevant to our task, making the data preparation a more challenging process.



4.3 Data Analysis 35

Furthermore, the data is divided into several tables whose relationships are not always easy

to link and are often inconsistent. Wrong values and missing data were common, and it was not

always easy to interpret attributes and identify what they referred to.

We had to hold several meetings with different teams in the retailer to ensure that the variables

were correctly understood and that we were working them correctly. For example, when calcu-

lating the available stock amounts, we were unsure of how to get their actual values since there

were several attributes related to stock (e.g. stock in transit, unavailable stock, reserved stock,

transferred stock). Also, we had no information on whether stock units were being displayed on

the store shelves or if they were resting at the store’s warehouse, which naturally has a significant

impact on sales.

To summarize, we had large amounts of data, most of which were irrelevant to our end goal,

spread across numerous tables, making it hard to use and analyze.

Therefore, we simplified and transformed the data, making it usable and putting it in the struc-

ture required for the model development. We joined the relevant attributes in a single dataset,

cleaned the data and filtered it to only include the categories we are targeting, the items eligible

for the stock clearance campaigns and the attributes that were present in all categories.

The selected attributes are mentioned in Section 4.4.2. We selected the features that, intu-

itively, made sense for our problem. Also, we performed a correlation analysis to only select

variables with lower correlation. We excluded the rows with no value in the applied discount

column (which we considered to be the most relevant variable). We removed the columns with

undefined values in more than half of the rows. The same procedure was followed for the rows,

where we removed the ones with undefined values for more than half of the attributes. The re-

maining undefined values were replaced by the most frequent value in the respective column.

We also calculated new fields, some of which were used as predictor variables in the model.

These include, for instance, stock rotation, sales amount during the previous 60 days, time since

the last purchase and the average price of the subcategory.

Through the price history, we also extracted the minimum price practised in the previous

30 days for each SKU at each store. Due to a recently introduced law in retail, instead of the

discount relative to the original price, retailers must now display on products’ labels the lowest

price the product has had during the 30 days prior to the price reduction, alongside the current

price. Therefore, the new price must be lower or equal to that minimum price, or customers would

be highly unlikely to make a purchase. This rule is already inherent to price markdowns, but this

price is an important field that we must extract so that our recommendations respect it.

As explained in Section 2.1.1, seasonality can highly influence a product’s demand. Due

to seasonality, markdowns could result in even fewer sales than in previous campaigns. These

results could be misleading and lead to inaccurate predictions. Therefore, we calculated a factor

to exclude the influence of seasonality in sales so that the model’s predictions were independent

of this effect.

We perform this operation at the subcategory level for each week of the year. Considering

sales data from all products since 2017, we calculate each subcategory’s yearly average of total
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weekly sales. The result will work as the reference to find the relative sales increase or decrease

in each week, compared to the yearly average. Then, for each week in the year, we average the

total subcategory sales obtained in previous years during the corresponding week. The result is

compared to the reference to calculate the seasonal factor, as shown in Equation 4.1, where w

corresponds to the week in question and s to the subcategory.

Seasonal Factorw,s =
Total Salesw,s

Yearly Average of Weekly Saless
(4.1)

For example, if, for a specific week, a subcategory has an average of 200 sales and its average

weekly sales in a year is 100 sales per week, then the seasonal factor will be 2. Before the

date enters the model, the sales amount of each SKU is divided by the seasonal factor of the

corresponding subcategory and week to remove seasonality effects and put all data under the same

circumstances. After the model predictions are computed, the resulting sales are multiplied by this

factor to re-add the seasonality and obtain the final expected sales.

4.4 PED Estimation Model Development

Once the dataset with the relevant data is prepared, we focus on developing the PED estimation

model, whose implementation steps are described throughout this section.

4.4.1 Baseline Sales Forecasting

The first step of the implementation is determining baseline sales. As explained in Section 2.1.4,

baseline sales correspond to the sales amount that would be expected to be achieved if a product

was under the influence of no promotional activities, i.e., when the product’s price corresponds to

the original price with which it was first introduced.

Before the start of every campaign, the baseline sales of that period are calculated through

the average method, introduced in Section 2.2.2. For every SKU-Store combination, considering

the seasonal factors, we average the historical daily sales during the 60 days prior to the first

markdown, i.e., when the product was at its original price. The result is then multiplied by the

campaign duration, in days, to obtain the total baseline sales during that period. The average

method is frequently used to predict baseline sales and, despite being extremely simple, can lead

to surprisingly effective results [20].

In our problem, the baseline works as a reference to find the increased sales and resulting

sales lift caused by an implemented price markdown. Hence, the product’s original price, i.e., the

baseline, corresponds to a relative discount of 0%. Therefore, the percentage discount of a price

markdown is relative to the original price and the corresponding generated sales lift is relative to

the baseline.



4.4 PED Estimation Model Development 37

4.4.2 Feature Selection

An essential step toward the model’s implementation, and still part of the Data Preparation phase

of the CRISP-DM cycle, is determining which predictor variables to include. In line with the steps

described in Section 4.3, as our objective is to analyze the effects of price markdowns and how

they impact the sales variation, we are only considering data regarding stores with stock and weeks

in which there were price changes. Also, as we wanted our solution to be general and applicable

to any category, we had to select features that were present in all categories. The manager’s

feedback regarding which factors could have the most influence on the final result, according to

their experience, also helped us in this task.

We list and group the included predictor variables below:

• Product Hierarchy: variables of the category and subcategory;

• Product Characteristics: the product’s brand, age and provision type, the number of pre-

vious campaigns it was included in and the time since it got discontinued;

• Price Related: these include the original price, the prices before and after the discount and

the discount duration. Additionally, we also include variables for both the percentage price

cut relative to the previous price and the relative discount compared to the original price. As

mentioned in [17], customers are often more sensitive to the total markdown than they are

to the reduction from the previous price;

• Inventory and Store Related: both global and local stock quantities, global and local stock

rotation (at the SKU and subcategory levels) and a binary variable indicating if the article is

a single piece at the corresponding store. Also, we include a variable regarding the space at

the store used by the corresponding category;

• Sales Related: sales during the previous 60 days (at the SKU and subcategory levels) and

time since the last sale;

• Product Interaction: as we discussed in Section 2.1.3, substitute and complementary prod-

ucts affect each other’s demand. Similar to what was done in [18], we include a variable

with the average price of the subcategory. Even though it is not a direct representation of

XED, it can relate a product’s price to the prices of similar items and capture product in-

teraction to a certain degree. We also include as predictors the number of products of the

subcategory in the store, their stock, and how many of them are under the effect of a price

reduction.

As the target variable, we use the absolute incremental sales lift relative to the baseline, i.e.,

incremental sales.
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4.4.3 Modelling Approach

With the baseline and the predictors set, we proceed to the development of the PED estimation

model per se. As explained in Section 3.4, we develop a supervised learning model whose primary

goal is to predict, for every product-store combination, the increase in demand caused by different

price markdowns. The predicted incremental sales are then combined with the defined baseline to

obtain the total sales prediction for a given markdown. We do not model PED explicitly but predict

the sales generated by a price markdown considering multiple price-related features. Therefore,

the estimated increase in sales can be interpreted as an indirect measure of a product’s estimated

PED.

One of the project’s requirements is to enable the managers to analyze the impact of different

price markdowns on sales, clearance and other related metrics. We consider a discrete set of

discount levels, with relative discounts ranging between 5% and 95%, in increments of 5%. Sales

are estimated for each of these possible markdowns, considering the seasonal factors explained in

Section 4.3. These estimations are later used to find which of these possible discount levels results

in the optimal markdown. They are presented to the categories’ managers in an interface where

they can analyze their impact individually and use their input to make a final pricing decision.

As seen in Section 2.3.2, demand is commonly modelled as a parametric function of price

and other variables, using regression analysis to determine its coefficients, including PED (e.g.

[16, 17]). Modelling demand as a parametric function makes it possible to formulate the MDO

problem via linear programming, as done in Section 2.3.3, and thus find a more general solution

applicable to any typical markdown pricing problem. However, our problem does not have a fixed

selling season with a defined set of periods over which the prices are optimized, making it difficult

to follow this approach.

On the other hand, Ferreira et al. [18] favoured non-parametric models. In their problem, the

authors found that regression trees with bagging outperformed parametric regressors and claimed it

to be an effective predictor of demand in terms of predictability and interpretability. We introduce

bagging algorithms and RFs in Section 2.2.4.1. A benefit of non-parametric methods, which

include ML techniques, is that they are more general because they do not require the specification

of a parametric function relating features to demand. They can find non-monotonic relationships

in the data and determine each feature’s impact on demand.

Similar to [18], our problem calls for a more sophisticated approach, recurring to ML tech-

niques. We also chose to focus on tree-based algorithms, but rather than regression trees with

bagging or RFs, we opt to use a GBMs model, which we introduced in Section 2.2.4.1. GBMs are

some of the most commonly used ML methods and they have shown to be highly customizable

to the specific necessities of the application, showing an appreciable success in a wide range of

domains [47]. Additionally, like the other tree-based methods, they do not require feature normal-

ization. This method was used in [42, 43], which were the most recent studies we have analyzed

in Section 2.3.2

However, Ferreira et al. [18] warns that non-parametric methods lead to a more difficult and
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less tractable price optimization problem and may call for an approach tailored to the specific task

at hand. We explain the approach to our problem in Section 4.5.

To prevent the predicted sales amount from decreasing as the applied markdown increases,

we imposed a positive constraint on the features and, consequently, an increasing sales lift as a

function of the price reduction. This same decision was applied in [43], where the authors also

used GBMs and applied a monotonic constraint to the model.

We perform split validation to evaluate our model results, as will be further detailed in Section

5.1.

4.5 Markdown Optimization

Having implemented the PED estimation model, we now focus on the price markdown optimiza-

tion (MDO).

In the studies reviewed in Section 2.3.2, most problems considered a fixed selling season

and focused on maximizing revenue during that time horizon (e.g. [16, 17, 41]). Also, prices

were typically computed in periodical reviews as more sales data became available throughout the

season.

The retailer’s clearance campaigns happen sequentially and continuously throughout the year,

with products’ prices being reviewed and set prior to the start of each campaign. However, our

problem does not consider a fixed selling season by which we should have maximized revenue or

cleared all inventory. Furthermore, the retailer may favour different markdown objectives depend-

ing on the category and product.

Ideally, the MDO problem could be solved by minimizing a cost function that accounts not

only for the produced income through sales but also for the resulting potential cost of the deci-

sions. For example, setting a price too low may leave potential gains on the table. On the other

hand, setting a price too high may result in no sales and, consequently, no additional space for

adding new products with possibly higher profitability. Some factors that impact the final profits

include, among others, the opportunity cost, storage costs, cannibalization effects and expected

revenue of newly introduced products. However, not only is it extremely complex to identify all

the costs related to a pricing decision but also to quantify them correctly, ultimately leading to

wrong decisions.

As introduced in Section 3.3, the managers should be able to set, for their category, the desired

target for time until clearance and margin. These can be seen as business constraints to our optimal

solution, similar to [42]. An option of incorporating both these objectives into a solution would be

to enable the managers to attribute different weights to the objectives. This was also performed in

[42], where, in the objective function, weights worked as business inputs by the retailer depend-

ing on their objectives regarding margin, sales units and revenue. However, finding the optimal

weights would be a complex process, and the final output would be challenging to understand,

which is what we want to avoid.



40 Methodology

Instead, we focused on developing a solution with lower sophistication and higher explainabil-

ity. For the managers to have confidence in the decisions being suggested, they need to understand

the procedure and be capable of explaining why a given price markdown was or was not selected.

Also, one of the requirements of the project (see Section 3.3) was to enable the managers to

perform a "what-if" analysis of the impact of the multiple price markdowns. That would not be

possible if only the optimal scenario were returned.

The obtained results from the PED estimation model, described in Section 4.4, are used as

input for the MDO algorithm. The sales predictions were defined for a set of discrete discount

levels D relative to the product’s original price, plus the baseline.

D = {5%,10%,15% . . . ,95%}

Considering this, we take a two-step approach. We first calculate the expected time until

clearance for each price markdown and other relevant metrics and then proceed to suggest the

optimal price, according to these estimations and the retailer’s objectives.

4.5.1 Price Markdown Response

The predictions obtained through the PED estimation model regard the total expected sales, for

each possible markdown, during the next campaign, which typically is approximately four weeks

long. Using these predictions, we calculate for all discount levels in set D the resulting time until

clearance, in weeks, for each product-store combination. To do that, we divide the available stock

of the product p at store s by the respective expected weekly sales generated by a given markdown

m (see Equation 4.2).

Weeks until clearancep,s,m =
Available stockp,s

Weekly expected salesp,s,m
(4.2)

During the first stages of pilot testing, we noticed, however, that we were not considering the

stock in warehouses but only the in-store stock. As we are dealing with end-of-life items, most

SKUs do not have stock in warehouses. Nevertheless, we were calculating an incorrect estimation

of time until clearance for the SKUs that did. Furthermore, certain categories of more oversized

products allocate only a single piece of each item to each store, while the remaining stock stays at

a warehouse.

However, it is difficult to tell at which store the warehouse stock will be sold. To solve this

problem, we developed a simple heuristic to fictionally distribute the warehouse stock between the

online and physical stores and, therefore, obtain a likely sales distribution. The stock allocation of

an SKU was restricted to the stores that still had not cleared it (i.e. still had at least one stock unit)

and to the online store, which produces the highest sales volume out of any store. The heuristic to

determine the destination of an SKU’s stock units goes as follows:

1. Calculate the total sales of the respective subcategory in the previous six months at each

eligible store;



4.5 Markdown Optimization 41

2. For each store, divide the obtained subcategory sales amount by the number of stock units

already allocated to that store;

3. Allocate a stock unit from the warehouse to the store with the highest sales-stock ratio;

4. Repeat steps 2 and 3 until there is no warehouse stock remaining.

As such, as stores with higher rotation are more likely to sell, they get more stock allocated to

them. We then use the fictional stock at each store to calculate the time until clearance, according

to Equation 4.2.

One of the project’s requirements (see Section 3.3) was that managers could define if the opti-

mal price is computed independently for each SKU-Store combination or if it should be computed

at the SKU-level, i.e. each SKU has the same price at all stores.

At the SKU-level, the final time until clearance for an SKU corresponds to the time in the store

that will take the longest to clear its stock, i.e. the maximum time until clearance among the stores.

For example, if Store A takes five weeks to clear a given SKU and Store B takes seven weeks, then

that SKU will take seven weeks to have its stock wholly cleared from all stores. Therefore, for

decisions at the SKU-level, we consider the highest time until clearance among the stores in our

price suggestion, typically leading to more aggressive suggestions than prices set independently

for each store.

Besides the time until clearance, we also calculate the absolute and relative margins and the

resulting final price produced by each discount.

The online store does not possess any actual stock and sells units from the physical stores and

warehouses. Therefore, we did not directly suggest a price for SKUs at the online store. Instead, an

item’s price on the online channel is the same as the highest price among the stores. This criterion

was approved by the managers, who reinforced that it also prevents customers from entering a

store to buy an item, only to find out it is being sold at a lower price in the online channel.

4.5.2 Price Markdown Recommendation

This section explains the rationale behind the price markdown suggestion procedure.

The optimal price is suggested according to how the defined targets compare to the clearance

and margin metrics, which were calculated for every discount level. Each manager sets the desired

maximum number of weeks until clearance and the minimum relative margin that the selected

price must ensure. The developed algorithm will then try to satisfy both these criteria with the

price it suggests.

However, in some instances, more than one discount level is able to satisfy both criteria. Also,

there may be situations where only one of the targets, or even none, can be met. For these reasons,

the manager also selects the main priority: to maximize margins or clear the inventory as fast as

possible. In such situations, the discount level will be selected according to that priority.



42 Methodology

Initially, the chosen priority was the same for all the items in the category. However, during

pilot testing, after managers’ feedback, we understood that there should be a differentiation be-

tween SKUs. Therefore, the priority can now be set independently for each provision type. As

explained in Section 3.1, articles with the C provision type and discontinued items, despite being

in their end-of-life, may still be able to generate a decent amount of sales at higher prices. For that

reason, in such items, the managers may prioritize either securing higher margins or accelerating

clearance. Contrarily, provision types A and B are associated with items that have had little to

no sales in previous months. These items are at a point at which they will not generate profit,

and, therefore, the focus is solely on clearing their remaining stock as fast as possible. Thus, the

priority for these types is predefined as clearance so that the algorithm suggests a more aggressive

discount among the eligible options.

Additionally, single pieces for SKUs with no warehouse stock are also given clearance as the

priority. Single pieces correspond to the last remaining piece of stock of a given article at a given

store. These are often harder to sell and may even be damaged from being used as display pieces

and, thus, need a more aggressive discount to be sold. As we will see in this section, the priority

significantly impacts the chosen discount. Thus, this differentiation allows for a more accurate

suggestion.

It is relevant to mention that, for each SKU, the corresponding number of weeks during which

they have been part of previous clearance campaigns is subtracted from the defined clearance tar-

get. For example, a given SKU that has had eight weeks’ worth of clearance campaigns gets that

number of weeks deducted from the value defined by the manager, setting a new target for that

particular item. This operation results in a more aggressive discount selection for these SKUs

compared to others that got discontinued more recently. To avoid the suggestion of overly aggres-

sive discounts (e.g. 95%), the resulting final target, after the deduction, is limited to a minimum

of 4 weeks, which currently corresponds to the approximate duration of a campaign.

To more easily understand the explanation of the price suggestion procedure, let us consider,

for the examples throughout this section, a pricing decision for an SKU entering its first stock

clearance campaign and whose category’s defined targets are:

• Maximum Time Until Clearance: 12 weeks

• Minimum Margin: 5%

• Priority: Maximize Margin

The first step of the procedure is to identify, based on the estimated metrics, the lowest discount

level that satisfies the clearance target and the highest discount level that satisfies the minimum

margin target. In other words, for the clearance objective, we determine the minimum discount

level whose estimated time until clearance duration is lower than the target weeks. We then follow

the same procedure for margin, where we find the maximum price discount allowed before the

margin is lower than desired.
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Figure 4.3 shows a representation of this step, considering the targets defined earlier in the

example. The levels that satisfy the clearance condition (≤ 12 weeks) are depicted in blue, and

the levels that satisfy the margin objective (≥ 5%) are in green. In this case, the lowest eligible

discount that respects the clearance target is the 25% level, and the 40% level is the highest eligible

discount for margin before it becomes lower than desired. The margin and weeks until clearance

shown in the following figures are merely examples and do not correspond to any actual instance.

Figure 4.3: Determining the limiting levels of the price markdown suggestion

For ease of comprehension, we henceforth refer to the lowest eligible discount level for the

clearance target as CDL and to the highest eligible discount level for the margin target as MDL.

Once these are determined, we proceed to select the final price markdown among the eligible

options.

Considering this, we directly determine the price markdown according to the rules in Table

4.1. When priority is clearance, the selected price discount will correspond to the highest discount

value of the two limiting levels (CDL and MDL). If priority is margin, the selected discount level

will be the lowest among the two, resulting in a higher price and, consequently, a higher margin.

The final suggestion always ends up being one of the limiting levels.

Table 4.1: Selecting which discount level to suggest, according to the priority

Priority Suggested Markdown

Minimize time until clearance max{CDL,MDL}
Maximize margins min{CDL,MDL}

Let us consider a set of examples to better explain the reasoning behind these rules. Once

CDL and MDL are determined, one of the following situations may occur while selecting which

markdown to apply:

A) Lowest Eligible Clearance Discount (CDL) = Highest Eligible Margin Discount (MDL):
as seen in Figure 4.4, only one discount level satisfies both criteria simultaneously. Thus, in
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this case, the priority has no influence and the single eligible level is selected as the optimal

discount.

Figure 4.4: Example of price suggestion in situation A

B) Lowest Eligible Clearance Discount (CDL) < Highest Eligible Margin Discount (MDL):
more than one discount level satisfies both the clearance and the margin targets. Among the

eligible levels that resulted from the intersection of the targets, the selected level corresponds

either to the markdown that maximizes margins or the markdown that minimizes time until

clearance, depending on the priority.

Figure 4.5: Example of price suggestion in situation B

In the situation depicted in Figure 4.5, four levels satisfy both criteria. According to the

rules in Table 4.1, since the priority in our example is maximizing margins, we opt for the

lowest discount among the eligible options, which corresponds to CDL.
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C) Lowest Eligible Clearance Discount (CDL) > Highest Eligible Margin Discount (MDL):
there is no intersection, i.e., no discount level satisfies both targets simultaneously, as de-

picted in Figure 4.6.

Figure 4.6: Example of price suggestion in situation C

Since we considered margin the priority, the suggestion will correspond to the discount

level that satisfies the margin target and is the closest to the clearance objective. Therefore,

according to the rules in Table 4.1, the suggestion corresponds to MDL, which is the lowest

discount among the two. This way, the selected discount satisfies the priority objective while

being as close as possible to the unfulfilled target.

D) Priority target cannot be satisfied: in this rare situation, no discount level ensures that the

priority target is met. If the priority is to clear the inventory, but the target weeks cannot be

attained even by the most aggressive discount, the suggestion corresponds to the maximum

possible price markdown (CDL = 95% off). If the priority is to maximize margins and all

possible discounts result in lower than desired margins, then the model suggests that no

discount is applied (MDL = 0%). However, this is a rare situation and likely caused by the

definition of overly ambitious or unrealistic targets.

The suggested discount must respect the market rule inherent to markdowns: the new price

must not be higher than the prices used in previous campaigns. Also, this ensures that the SKU’s

price is never higher than its lowest price in the previous 30 days, a recently introduced rule that

retailers must follow. If the optimal price does not comply with this rule, the suggested markdown

will correspond to the lowest possible discount that respects this restriction. Additionally, for

operational matters, the prices for these items must end with the number 7.

The price suggestions, the alternative options and their respective impact on the related metrics

can be analyzed in the developed tool, where the managers can validate the proposed prices.
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4.6 The Stock Clearance Tool

The SCT is the project’s main deliverable, and it is, essentially, an interface that incorporates the

solution’s components in a way that provides value and utility to the end-users, i.e. to the retailer’s

commercial managers. The construction of the tool corresponds to the Deployment stage of the

CRISP-DM cycle. It was developed in Microsoft Excel, using VBA (Visual Basic for Applica-

tions), due to its simplicity of development and deployment and to the managers’ familiarity with

this software.

The tool was developed according to the managers’ needs and feedback to ensure they have

access to all the relevant information in the interface. It incorporates the model predictions for

each discount level, the price suggestions and several relevant metrics to help make the decisions.

Not only does it allow for better-supported decision-making, but the tool also makes the pricing

process less exhausting and time-consuming, a factor the managers highly value.

From the tool’s home screen (Figure 4.7), each manager can select their category and the cam-

paign they are deciding on and also set the targets for that campaign. Once the desired parameters

are set (through the menu shown in Figure 4.8), the managers update the data so that the tool

returns the most recent results and suggestions, considering the newly defined targets. From this

screen, the user can also navigate to the other screens.

Figure 4.7: Stock Clearance Tool’s home page

SKU-level Configuration

In the SKU-level Configuration screen, the manager has access to all the information regarding the

products’ hierarchy and attributes, the model outputs and several relevant metrics of all the SKUs

in the campaign. These metrics include the stock quantity and value, rotation days, provision type,

number of past campaigns, and several others. Each line on the screen, as shown in Figure 4.9

corresponds to a different SKU. Some values in the figures are hidden for confidentiality reasons.
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Figure 4.8: Parameter setting at the Stock Clearance Tool

Figure 4.9: SKU-level Configuration page

In this screen, the manager can check and validate the price suggestions for each SKU and the

resulting metrics for margin and time until clearance. At the SKU-level, the presented prices and

discount percentages correspond to the respective average of all stores, weighted by stock quantity.

Suppose the manager disagrees with the suggested price for a given SKU. In that case, he can
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manually choose a different discount level, immediately observing the impact of the change in the

related metrics. Since these price changes are being made at the SKU-level, they get applied to

every store with stock of the respective SKU.

This analysis can also be done for each store individually, by selecting the desired SKU. In the

line of the respective SKU, there is a button that, when pressed, directs the user to the Store-level

Configuration screen.

Store-level Configuration

This screen works similarly to the previous one. Here are presented all the stores which contain

stock units of the selected SKU, where each line corresponds to a different store. Similar to

the SKU-level Configuration screen, each store has its own attributes and metrics. It is equally

possible to visualize the suggested decisions and their respective impact on clearance and margin,

as shown in Figure 4.10.

Figure 4.10: Model outputs at the Store-level configuration page

The suggested price markdowns may also be adjusted by the manager, if necessary. At the

Store-level, manual adjustments to the suggested decisions can be made for each store indepen-

dently, affecting only the price of the SKU at the store it concerns.

Discount Tool

The user can access the Discount Tool screen for a more detailed view, as shown in Figure 4.11. It

gives the manager a view of all possible discount levels and their respective impact on the related

metrics, highlighting the markdown suggestion. It is also possible to manually change the decision

if intended.

This screen also presents, among others, graphs of the prices practised in previous campaigns

and the number of sales in previous months, to aid the manager in the decision.

More figures regarding the SCT can be seen in Appendix A.
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Figure 4.11: Model suggestion and What-If analysis at the Discount tool screen
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Chapter 5

Results

This chapter presents the results and metrics obtained during the solution’s implementation and

validation. Section 5.1 evaluates the performance of the PED estimation model. Section 5.2

reviews the acceptance of the price suggestions and presents the results obtained during the per-

formed pilot test.

5.1 Model Performance

The project’s ultimate goal is to improve the retailer’s markdown decisions by recommending

price markdowns. As described in Section 4.5, these suggestions depend on the margins and

expected clearance rates related to each price markdown. Time until clearance is obtained from

the predicted sales amount. Hence, the suggestions’ quality is highly dependent on the accuracy

of these predictions. Before the deployment of the solution, and according to the CRISP-DM

methodology, there is an evaluation phase in which the quality of the developed model is assessed.

In this section, we evaluate the performance of the developed PED estimation model.

We used MAPE and BIAS as performance metrics, which we introduced in Section 2.2.5.

Percentage errors are unit-free and suitable for comparing forecast performances between different

datasets.

Additionally, MAPE’s ease of interpretation is a relevant factor in contexts which require the

explanation of a forecast’s accuracy to non-experts in forecasting, which is the case in this work

[13].

Unlike MAPE, which considers the absolute error, the BIAS (Equation 2.14) captures the

model’s tendency to provide overly high or overly low forecasts.

As we are dealing with discontinued items, sales are typically low. For that reason, by fol-

lowing these metrics, even minor absolute errors can result in significant percentage variations,

potentially leading to deceiving conclusions.

Considering this, we use another method, a simple naïve approach, to work as a reference to

compare our model. We define this reference using a simple forecasting method, performed at the

subcategory-level, consisting of the historical average of the stock clearance rate produced by each

51
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price markdown, i.e., for each discount level. Despite being elementary, the average method can be

surprisingly effective [20]. To calculate SKU-Store level expected sales, the stock of each product-

store combination is multiplied by the clearance rate obtained for the respective subcategory by

the naïve approach. By comparing these two methods, we can make clearer conclusions regarding

the quality of our model’s results.

The dataset with previous campaign information, ranging from January 2021 to May 2022,

was split into training and testing data, using the data since November 2021 to evaluate the results.

The comparison of the metrics between our model and the naïve approach is presented in Table

5.1.

Table 5.1: Performance metric comparison

Category GBMs Naïve Method

MAPE BIAS MAPE BIAS

Mobile Phones 30.2% 1.5% 40.0% -17.3%
Washing Machines 25.8% 3.6% 50.6% -50.0%
Refrigerators 25.5% 3.0% 51.9% -50.1%
Food Preparation 30.4% -5.4% 55.8% -45.7%
Global 28.5 % 2.4% 43.0% -25.1%

The developed model reached better results, as MAPE and BIAS present lower values. The

naïve approach has a negative BIAS in all categories, meaning that the forecasts are constantly

lower than the actual sales. Due to limitations in the available data, the used testing period is short.

Promotional activity during some months of this period is typically high. As we do not apply the

seasonal factor in the naïve approach, it results in a significant negative BIAS, underestimating

sales. If campaign data over a more extended period were available, we would have favoured

performing validation over an entire year.

On the other hand, our model’s BIAS is close to zero, meaning that it did not capture any

general tendency to overestimate or underestimate sales. The MAPE results, despite being better

than those obtained for the naïve approach, are still far from optimal.

5.2 Pilot Testing

Once a first version of the solution was deployed, we ran a pilot test on the four pilot categories

aforementioned in Section 3.1 to validate the solution and find opportunities for improvement.

The price suggestions for the campaign were validated by the respective managers through the

developed tool. The main objectives were to evaluate how often the managers reject our price rec-

ommendations and to compare the operational results to previous years. Depending on how well

the solution performs, the adoption of the DSS will progressively be extended to the remaining

categories during the following campaigns.

During the week prior to the start of the campaign, we held meetings with the category man-

agers, the end-users of the tool, to explain it and gather their feedback on its usability and results.
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Along with the managers, we analyzed some products’ elasticity curves and markdown sug-

gestions to get their input on whether these were accurate or not, based on their experience, so we

could make corrections to improve the solution.

5.2.1 Price Recommendation

While validating the price suggestions in the tool, the managers can reject them and define a

different price. One of the goals of the pilot test is to evaluate the suggestion acceptance and

understand how the price changes differ from the suggestion.

These metrics would enable us to spot tendencies (e.g. the price suggestions being too ag-

gressive and the managers often having to define lower markdowns) and provide input to make

corrections and adjust the model. Our focus was on increasing the suggestion acceptance rate, as

it is an excellent indicator to assess managers’ confidence in the system, which is the most relevant

factor in the path towards a fully automated price markdown process with no human intervention.

Table 5.2 shows the amount of SKUs in the pilot categories that entered the first stock clearance

campaign after the launch of the developed tool.

Table 5.2: Number of SKUs, per category, included in the campaign

Category No. SKUs

Mobile Phones 142
Washing Machines 35
Refrigerators 38
Food Preparation 46

Table 5.3 shows the SKU distribution by provision type. As we can see, the number of SKUs

included in the campaign can highly differ across categories due to their specific natures. Also,

the vast majority of the items are non-provisioned SKUs.

Table 5.3: Number of SKUs, per provision type, included in the campaign

Provision Type No. SKUs

A 17
B 13
C 10
Discontinued 221

As explained in Section 4.5.2, for this first campaign, the chosen priority (clearance or margin)

was the same for all items in each category, independently of their provision type. However,

non-provisioned items still possess a considerable amount of sales when compared to provisioned

SKUs, where often only extremely aggressive markdowns had a chance at clearing the stock. Since

most items are non-provisioned, all managers prioritized protecting margins when defining the

targets in the tool. Therefore, the chosen discount would always correspond to the least aggressive

among the eligible options. Table 5.4 contains the suggestion acceptance rates at the SKU-level by
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category and provision type. Therefore, the values correspond to the percentage of SKUs whose

price suggestions were left unchanged.

Table 5.4: Percentage amount of SKUs with accepted price suggestions

Provision Type Category

Mobile phones Washing Machines Refrigerators Food Preparation Global

A 100% 100% 100% 100% 100%
B 100% 100% 100% 80% 92%
C 100% 100% 100% 60% 80%
Discontinued 80% 97% 96% 47% 79%
Global 81% 97% 97% 54% 81%

The managers have shown different postures regarding their suggestion acceptance. Some

were more permissive and only changed the products’ prices when they largely disagreed with the

suggestion. Others were more doubtful about the tool and would alter prices even if they were

barely off. The majority of price changes occurred for the discontinued items (with no provision)

due to their higher value and stock amounts. Most prices for the provisioned SKUs have remained

untouched since these are lower in stock quantity and value. Hence, the managers are more open

to aggressivity in the markdowns. Nevertheless, the overall number of SKUs with changed prices

was reduced for most categories.

However, analyzing the results at the SKU-Store level allows for different conclusions. Ta-

ble 5.5 shows the percentage amount of product-store combinations whose price suggestion was

accepted.

Table 5.5: Percentage amount of product-store combinations with accepted price suggestions

Provision Type Category

Mobile phones Washing Machines Refrigerators Food Preparation Global

A 100% 100% 100% 100% 100%
B 100% 100% 100% 50% 76%
C 100% 100% 100% 64% 83%
Discontinued 37% 99% 74% 76% 53%
Global 38% 99% 75% 76% 54%

For certain categories, the results at this level of aggregation highly differ from the ones seen

at the SKU-level. For example, in the Mobile Phones category, despite only having 19% of SKUs

with the suggestion rejected, just 38% of SKU-Store combinations remained unchanged. This

disparity is due to the fact that some SKUs are present in many stores while others have a low

significance in the category’s total inventory.

Therefore, the central realization to be drawn from this is that these price changes are mainly

made at SKUs whose stock is still significant, mostly corresponding to non-provisioned items.

Therefore, the managers tend to be more contained in the prices they give to these SKUs to protect

margins and profit.
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Table 5.6 compares our tool’s suggested discounts and the final discounts after the applied

changes. The main takeaway is that, as expected, the managers opt for lower-than-suggested

markdowns and try to protect margins, besides the fact that these are end-of-life items whose stock

must be cleared. This suggests that we are being overly aggressive in our price recommendations.

Table 5.6: Average discount off, before and after the price validation

Category Average Suggested Markdown Average Final Markdown Difference

Mobile Phones 39.66% 20.11% -19.55%
Washing Machines 32.74% 30.00% -2.74%
Refrigerators 41.47% 30.00% -11.47%
Food Preparation 45.08% 32.60% -12.48%
Global 39.95% 25.08% -14.87%

We then applied several changes to our solution with the intent of giving more accurate sug-

gestions and improving the acceptance rates. For the next campaign, we studied the average time

SKUs take to clear their stock after they get discontinued. We concluded that the clearance tar-

get defined by most managers in the first pilot campaign was overly ambitious, which resulted in

highly aggressive markdowns. Therefore, we proposed different targets to set in the tool. These

were still ambitious objectives but reflected better the reality.

Additionally, as explained in Section 4.5.2, one of the changes to our solution was allowing

the managers to now set priorities individually for each provision type. Provisioned and non-

provisioned items could now have separate objectives. The focus with the provisioned items was

typically on clearing them as fast as possible and, with the non-provisioned, on ensuring a min-

imum financial return. We also started including the in-warehouse stock, which we had been

ignoring up until this point. To this effect, we considered a likely future sales distribution of these

stock units across the stores (explained in Section 4.5.1) and used it, plus the in-store stock, to

calculate products’ time until clearance.

This campaign also saw the inclusion of another pilot category. The managers have already

reviewed the suggested prices for this next campaign, whose acceptance rates are shown in Table

5.7.

Table 5.7: Price suggestion acceptance rates for the next stock clearance campaign

Category SKU-level SKU-Store-level

Mobile Phones 98.1% 84.4%
Washing Machines 100% 100%
Refrigerators 100% 100%
Televisions 98.3% 99.6%
Food Preparation 100% 100%
Global 98.8% 93.8%

The implemented changes resulted in a clear improvement of the acceptance rates, with almost

no rejected suggestions. The managers expressed satisfaction with the results and claimed that the
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implemented solution also made the markdown pricing process more time-efficient.

5.2.2 Stock Clearance Results

This section analyses the results obtained during the first campaign, with the prices defined through

the DSS.

Figure 5.1 shows the percentage of stock cleared in the first pilot testing campaign compared

to last year’s campaign in the same period. The results shown for this year’s campaign refer only to

the items whose price suggestions were accepted by the managers. As we can see, for these items,

stock clearance was higher this year for all pilot categories than it was for last year’s products.

Figure 5.1: Stock cleared (Latest campaign vs. Last year’s homologous period campaign)

Overall, now considering all items in this year’s campaign, 6.6% more stock was cleared this

year than in the same period last year. Also, the relative margin was 13,5% higher on average.

However, despite being extremely positive results, these are not enough to conclude the effective-

ness of our solution. The products included in both campaigns are entirely distinct, as they regard

different years. Stock rotation and store distribution may also differ highly, and several external

factors can also impact these results. Therefore, in the short term, it is not simple to assess clearly

how the solution is performing. Nevertheless, these are promising results.
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Conclusion

This closing chapter provides an overview of the dissertation and its main conclusions. Section

6.1 summarizes the developed work. Section 6.2 mentions the main contributions. Section 6.3

closes the document with suggestions for future work.

6.1 Summary

This dissertation arises in the context of a project with a large Portuguese consumer electronics

retailer, whose main objective is to improve their markdown decisions and their management

regarding products in the decline stage of the PLC, reaching their end-of-life.

As we have seen, in retail, inventory is often bought in advance, with long lead times and

based on poor initial demand predictions. This may result in lower sales than expected and unsold

stock, ultimately leading to a loss in revenue. In such situations, retailers often resort to price

markdowns, i.e., permanent price reductions, to generate more demand for the product and clear

its remaining stock before it becomes obsolete.

The retailer in this project relied on a standardized approach for their markdown pricing deci-

sions, consisting of a set of rules defined empirically and based on the managers’ experience, with

no analytical foundation. Furthermore, it was a rather inefficient process, as managers needed to

review prices for the hundreds of product-store combinations.

Therefore, this project aimed to help the retailer with their markdown pricing processes by

allowing them to make these decisions based on actual data and making the process more efficient

and automated.

To this effect, we developed a DSS integrating multiple components, with the ultimate goal

of optimizing price markdowns to meet the retailer’s stock clearance and margin objectives. It

comprises a PED estimation model and a price markdown recommendation algorithm. The pri-

mary function of the first is to compute the impact of different price markdowns on sales using

ML techniques. With the predicted sales amounts for the different price markdowns, we suggest

the optimal price to meet the retailer’s objectives, finding a balance between clearing the stock as

fast as intended and maximizing revenue.
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These components are incorporated into an intuitive interface, where the managers validate

the price suggestions and where they have access to all the information needed to make their

decisions. Analogously, besides the suggestion, the managers can analyze what impact other price

markdowns would have on clearance and associated metrics for every product at each store.

Finally, we ran a pilot test on four categories with distinct characteristics to validate the quality

of the developed solution. This test consisted in using the developed tool to price the products for

a stock clearance campaign. We gathered manager feedback regarding the usability of the tool, the

price suggestions and the sales estimations, to work on improving our solution for the following

campaigns and increase the suggestion acceptance. Our solution increased stock clearance and

margin rates compared to the homologous period campaign last year. It was unanimously accepted

as it provided value to the retailer, with the managers stating that it made the process more time

efficient. The tool will continue on an experimental phase during the following campaigns, and

the project will then be progressively extended to integrate the remaining categories of the retailer.

6.2 Main Contributions

This dissertation provided an in-depth literature review on markdown optimization (MDO) and

related theoretical knowledge, including PED and forecasting. As mentioned, the literature on

MDO in the consumer electronics industry seems scarce. Therefore we argue that the presented

dissertation and case study may be an added contribution to help fill this gap.

Additionally, we developed a solution that uses PED estimations to compute different price

markdown scenarios and suggest the optimal price depending on the retailer’s priority and objec-

tives. Most reviewed studies tackle revenue maximization problems but do not consider the costs

of holding stock. However, in the context of end-of-life items with already low profitability, the

retailer may favour clearing the stock faster, even if it means sacrificing margins. Higher clear-

ance may translate into lower storage costs and additional space for future products with higher

profitability, potentially leading to better results in the long term. Hence, we provide a differ-

ent, intuitive and highly explainable approach to MDO considering both clearance and margin

objectives, which the retailer’s managers directly define according to their needs.

Furthermore, the literature mainly covers cases concerning a fixed time window, by the end of

which revenue must be maximized, with the remaining stock being given, discarded or sold at a

low salvage price to a third-party wholesaler or retailer. In this dissertation, however, we tackle a

problem where we do not have a fixed season. Instead, we have more liberty to set the prices and

protect margins, with unsold items having more opportunities to be sold during the following cam-

paigns. Therefore, we follow a different approach that directly considers the retailer’s interests.

As a reference, instead of a fixed selling season, we consider managers’ preferences for clearance

and margin and suggest a balanced markdown that conjugates both criteria.

The developed interface, as the project’s main deliverable, incorporates these components and

deploys the solution in a way that is usable by the retailer’s managers. The solution was tested
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in a real-life situation and has shown to bring value to the retailer, contributing to making their

markdown pricing processes more efficient and reliable.

6.3 Future Work

Considering the reviewed literature and the work developed, we present opportunities for further

research and possible extensions and improvements of the implemented solution.

An interesting feature to be added to our price suggestion algorithm would be to evaluate the

margin and clearance trade-off between contiguous discount levels, when selecting what price to

suggest. In other words, to understand if the faster clearance rate ensured by a lower price would

compensate for the reduction in margin relative to the previous discount level. For example, in

instances in which two different prices have, according to our predictions, a minimal difference

in clearance, the higher price would be the better option due to the added profitability, and vice-

versa. We tried applying this principle in our suggestions through gradient techniques, but they

proved ineffective. However, here lies an opportunity for additional flexibility and optimality for

our solution.

One of the requests of the managers, following their feedback on our solution, was to not

restrict the price selection to such a small set of discount levels. Instead, generating predictions

for more discount levels or working with continuous price trajectories would be options for further

improvement.

As we focused on developing a solution that could apply to any category, the selected predictor

variables were limited to the ones available in all categories. However, if made available, including

category-specific attributes (e.g. colour, screen size, processor) would surely increase the model’s

predictive power. Clustering similar products based on their characteristics and historical sales

also seems to be a systematic approach in the reviewed literature. It could be particularly useful

for predicting the behaviour of products that lack data regarding their response to price changes,

such as recently discontinued products or provisioned items with no recent sales.

One aspect that seemed evident throughout the work is that many products had reached such

a stage of obsolescence that they became a burden to the retailer, as they were almost impossible

to sell, no matter the price. Therefore, extending our approach to the earlier stages of the PLC

could be beneficial for extracting the maximum revenue out of every product before they become

obsolete. It would require a continuous estimation of products’ sales curves throughout their PLCs

to detect underperforming items deviating from this projection. Then, for those items, preventive

measures would be taken, such as lower price markdowns earlier in the cycle, to keep them from

being discontinued and to extract the highest possible revenue from them.

Another frequent occurrence in retail is that certain stores take much longer than others to clear

their stock due to being in smaller and less populated locations or other reasons. An improvement

that the solution would benefit from is to optimally suggest a destination to transfer the stock units

to, from stores with lower rotation to stores that historically sell faster and at higher prices. The

solution would highly depend on the circumstances and the stock quantities, and would have to
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consider the distance between stores, the costs of the operation and other factors that might not be

easy to estimate.

Finally, we argue that an ideal MDO approach should consider not only the generated income

but all the costs and effects inherent to a markdown decision. These would include, among others,

storage and transportation costs, cannibalization and competition effects and the expected added

profitability generated by the future products that would fill the space left by the cleared items. All

these factors impact how quickly stock for an item should be cleared and, consequently, its price.

We found no case study in the literature that could solve all these issues. In several of them, the

authors explicitly state that they chose not to model these variables due to their high complexity.

Some of these are incredibly complicated to estimate, and, therefore, a great deal of work could

still be done in this direction.



Appendix A

The Stock Clearance Tool

Figure A.1: Product and store attributes at the Store-level Configuration page
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Figure A.2: Product attributes at the SKU-level Configuration page
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Figure A.3: Model outputs with the price suggestions and manual validation through price adjust-
ments
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Figure A.4: Discount tool screen at the Stock Clearance Tool
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