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Abstract

E-gorocery retail is one of the fastest growing businesses in Portugal and in the World. In a busy
society, customers value the convenience of home-deliveries and the exemption in spending time
commuting to the stores. Retailers recognize the growth of e-commerce in recent years and its
long-term potential, being focused on building a strong market position while planning sustainable
operations. They are challenged with the trade-off of providing attractive delivery windows to the
customers while keeping fulfillment operations efficient. Therefore, an online retail store needs to
decide not only the optimal combination of available slots but also the delivery fees to provide to
its customers.

This project was motivated by the case of a food retailer, aiming to develop analytical sup-
port on decision-making concerning the e-commerce operations. The current planning process
is empirical, with no risk-assessment and no long-term impact analysis. Therefore, the retailer
cannot consider the impact on customer satisfaction and fulfillment operations. The scope of this
thesis adds to the arduousness of the planning task, due to both consumer behavior and fulfillment
operations being considered alongside.

The proposed approach recreates the consumer behavior and the fulfillment operations, using
a simulation procedure, to test the impact of different delivery plans. Consumer behavior is ap-
proximated by the estimation of key parameters to characterize the costumers’ profiles and the
development of a machine learning model to estimate delivery preferences. The fulfillment oper-
ations are approximated by the estimation of the different phases on the delivery process, in order
to assess the impact on operational costs. To assess the developed methodology and incite the ad-
visory support of the project, differentiated pricing and slotting approaches are applied to generate
new delivery scenarios.

The results generated from the application of the methodology developed show a significant
improvement in reducing the uncertainty over the outcome of new delivery plans and improving
the retailer’s planning capacity. The suggested scenarios are expected to balance the usage of
the available delivery options, while reducing the costs associated with the fulfillment operations,
without impacting the number of deliveries.
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Resumo

O retalho online é um dos negécios com maior crescimento em Portugal € no mundo. Em so-
ciedades em que a gestdo do tempo é fundamental, os clientes valorizam a conveniéncia de en-
tregas em casa e a possibilidade de realizar as suas compras no conforto do lar. Os retalhistas
reconhecem o crescimento dos servicos de e-commerce e o seu potencial de longo prazo, pelo que
estdo cada vez mais focados no desenvolvimento de uma forte posicdo no mercado e no planea-
mento de operacdes sustentdveis. Sdo, também, confrontados com o frade-off entre apresentar
janelas de entrega atrativas para os clientes, ou manter as operacdes de abastecimento eficientes.
Portanto, um retalhista on-line precisa de decidir, ndo apenas a combinacdo ideal de janelas de
entregas disponiveis, mas também as taxas de entrega a serem aplicadas aos seus clientes.

Este projeto foi motivado pelo caso de um retalhista alimentar portugués, com o objetivo de
desenvolver o suporte analitico relativo a tomada de decisdo das operagdes de e-commerce. O
atual processo de planeamento é empirico, sem andlise de risco e sem avaliagdo de impactos no
longo prazo. No modelo atual, o retalhista ndo € capaz de considerar o impacto nas operacdes de
entrega e na satisfacdo do cliente. O objeto de estudo desta dissertagdo apresenta uma dificuldade
e relevancia acrescida, por conciliar o comportamento do consumidor e as operagdes de entrega.

A abordagem proposta recria o comportamento do consumidor e as operagdes de entrega,
através de uma ferramenta de simulacio, sendo desta forma possivel testar o impacto de diferentes
planos de entrega. O comportamento do consumidor é estudado pela aproximacao de pardmetros-
chave, com o intuito de caracterizar o perfil dos clientes, e pelo desenvolvimento de um modelo de
machine leaning para prever as preferéncias de entrega. As operagdes de entregas sdo analisadas
pela aproximacdo das diferentes fases do processo de abastecimento, com o objetivo de avaliar
0 impacto nos custos operacionais. Para estudar a aplicabilidade da metodologia desenvolvida e
promover o processo de consultoria do projeto, sdo aplicadas abordagens téticas de pricing e de
defini¢cdo de janelas de entregas para gerar novos planos entregas.

Os resultados obtidos com a implementacio do projeto demonstram uma melhoria significativa
na reducdo da incerteza sobre o a aplicacdo pratica de novos planos de entrega e na melhoria da
capacidade de planeamento do retalhista. Os cendrios sugeridos equilibram o uso das opg¢des de
entrega disponiveis, reduzindo os custos associados as operagdes de abastecimento, sem impactar
o nimero de entregas.
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Chapter 1

Introduction

1.1 Motivation

In e-commerce, the e-grocery field has been growing 15% in the last two years and is expected to
keep increasing (Nielsen, 2018). Thereby, many retail companies have been adopting this service
to follow the market trend. The home delivery is attractive to the customers for various reasons,
such as convenience over the delivery process, a busy lifestyle, exemption of transportation to the
mall, or simply fast access to the online platforms. However, the delivery planning is a critical
function to the retailer due to the slot appointment being the most important shopping feature
(UPS, 2017). The delivery operations require the presence of the customer at home, the customers
value the control over the delivery period and their willingness to wait depends on the weekdays,
which leads to complex decisions for the retailer when planning the fulfillment operations.

The retailer needs to define which are the delivery windows available for the customers to
book. The decision is influenced by the expected consequences on the fulfillment operations and
by the service provided to the customers. Regarding the former, the main challenge is maintain-
ing transportation costs under control. This efficiency is influenced by factors such as traveling
distance, customer density, expected road traffic and available time to perform the deliveries to
the customers. The sense of the quality of the e-commerce service is dependent on the delivery
options available and the suitability to the consumers’ needs. Thus, the retailer has to balance the
trade-off between deliveries adjusted to customer preferences and efficient operations.

The process of setting the available delivery options should also encompass the definition of
the price to be paid by the customer. This fee should reflect not only the difficulty of the retailer
to perform the delivery operation but also the importance of different schedules to the customer.
Therefore, the retailer should understand which are the factors that drive the customer’s choice
and how to combine them with the business goals. From the retailer’s perspective, the fee paid
for the delivery by the customer is not expected to generate profit to the business, but to offset the
costs coming from the fulfillment operations.

Agatz et al. (2008b) defines the process of setting the delivery windows availability and price
as time slot management. Regarding the complex decisions to be undertaken under the scope



2 Introduction

of this management problem, it is essential to have an analytical support behind the process of
defining the available delivery windows and the fees to be assigned, in order to be more confident
that the delivery offers are the most suitable to the customers’ profile and the retailers’ fulfillment

operations.

1.2 Project description

This project was conducted in a Portuguese food retailer that is one of the main players in the
e-grocery national market. This company has been having troubles defining the available delivery
windows and the fees to charge for the delivery operation. The current process is conducted by
a retailer’s internal team and is empirical. There is a lack of analysis regarding the impact of
different delivery plans since measurements and conclusions can only be withdrawn from real life
scenarios. Consequently, the company realizes the urgency of developing methods that support

the choice of the most efficient fulfillment plan, while increasing customer satisfaction.

To improve the current time slot management practices of the retailer, the project’s main goal
is the development of an analytical methodology to estimate the expected results on the fulfillment
operations and on the consumer acceptance of different delivery windows and fees to be charged.
Thereby, it is expected to help the decision-making on the tactical definition of the retailer’s strat-
egy, or, in other words, the plan for the delivery operations on the medium-term time horizon. It is
important to clarify that all the slots’ prices, present in this work, were transformed and operational

costs used in relative values, due to confidentiality agreements.
The project is divided into five main stages, as described in Figure 1.1.
Weeks

Phases 1 | 2 3 4 5 6 7 8 9 |10 | 11 |12 | 13 | 14 | 15 | 16

) Project preparation
Theoretical background E
Data collection & analysis

) Consumer modelling

Input parameters modelling —
Predictive model development
Diagnosis of the model

Deployment of improvements

) Simulation

Development of the engine
@) Fulfillment operations
Mapping of the operations

Costs approximation
Development of the engine

Scenarios generation

Generation of scenarios
Scenarios testing
Results validation

Figure 1.1: Project’s timeline.
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The first phase of the project encompassed the literature review and processing of the data
available. These activities were used to set the foundations for the upcoming steps and had as
main goal the strategy formulation.

In the second stage, the project had as goal the consumer behavior modeling, to recreate the
decisions based on different delivery options and fees. Thereby, there was a need to define the
parameters that characterize the customers and to develop a predictive model to foresee the con-
sumers’ choices.

The third stage was the development of a simulation procedure to recreate customer behavior
virtually. The objective of this stage was to quickly reproduce the impact of different delivery
options, reducing the uncertainty of a new option when deploying on real-environment.

When testing the impact of a delivery plan, it is not only important to assess the effect on
consumers’ choices but also on the efficiency of the delivery operations. Thus, in the fourth phase,
a procedure to estimate the impact over the fulfillment operations was developed.

The final stage encompassed the development of scenarios to test the developed methodology

and produce an overview of how the retailer could improve its e-commerce operations.

1.3 Dissertation structure

This thesis is divided into six chapters. It is organized with the following structure:

Chapter 1 introduces the project, where the motivation is contextualized, the problem de-
scribed and the main objectives overviewed.

Chapter 2 provides a summary of the current state of the art for the most relevant themes to
be developed throughout the thesis. First of all, the most relevant time slot management studies
were described. Then, the current approaches to consumer behavior modeling were overviewed.
To conclude, the forecasting topic is broadly covered

Chapter 3 describes in greater detail the current retailer’s context, the limitations of the actual
processes and the available data.

Chapter 4 depicts the proposed approach to tackle the time slot management problem. Firstly,
it describes the process of modeling the consumers’ choices and the integration of a simulation
engine. Afterward, the estimation of fulfillment operations is summarised. Finally, the procedures
to generate new delivery scenarios is overviewed.

Chapter 5 presents the results of the implementation of the developed methodology and the
expected outcome of the generated scenarios.

Chapter 6 draws some conclusions of the project, alongside with future improvement to the

work developed and some concerns over the applied methodology.
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Chapter 2

Literature Review

This chapter has the goal of introducing to the reader into the theoretical background used as
support for the development of this project, related not only with the time slot management but
also other topics relevant for the methodology implemented. Section 2.1 introduces the most
relevant approaches to tackle time slot management problems. In Section 2.2, the current practices
to model consumer behavior are analyzed. In Section 2.3, the theoretical support used to develop
the model to predict the consumers’ delivery choices is presented. To conclude, in Section 2.4,

simulation is presented as one way to recreate e-commerce operations virtually.

2.1 Time slot management

The time slot management problem is commonly faced by e-grocery retailers and consists of find-
ing the optimal combination of available slots and delivery fees to provide to online customers.
According to Agatz et al. (2008b), the problem can be seen as a traditional revenue management
problem, that is defined as the utilization of analytics and consumer behavior to set the optimal
combination of availability and price to maximize revenue. Generally, revenue management prob-
lems can be solved using quantity-based and price-based approaches. In the time slot management
field, quantity-based approaches are related with the decision of setting which delivery time win-
dows to offer while price-based approaches use delivery fees as a tool to manage demand. A
retailer can apply both options at different moments of the process in a static or dynamic way.
The static approaches are based on forecasts and manage demand tactically based on a set of
conditions. The decisions are valid during the whole booking horizon and are not updated when
new customers arrive at the system. Commonly, the retailers use these methods to establish their
operations over a medium-term horizon. The dynamic problems manage demand on real-time,
this is demand management policies are updated as soon as new information is available. Usu-
ally, dynamic approaches are suitable for short-term planning. Therefore, the combinations of
quantity/price and static/dynamic strategies divide the time slot management into four different
categories, as is summarized in the framework of Table 2.1 proposed by Agatz et al. (2008a).

Each category will be characterized in the following subsections.
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Table 2.1: Framework of Time Slot Management.

Capacity allocation Pricing
Static Differentiated slotting  Differentiated pricing
Dynamic Dynamic slotting Dynamic pricing

2.1.1 Differentiated slotting

The differentiated slotting is a tactical problem of defining the delivery capacity available. The
decision of setting the slots available to the customers encompass four relevant parameters: time
slot length, time slot overlap, number of time slots offered and timing (Agatz et al., 2008b).

Time slot length is the difference between the maximum delivery hour and minimum hour
promised by the retailer to deliver the purchase. It presents a dilemma between higher customer
service or more operational costs to the retailer. Mintel (2016) found out that 32% of online gro-
cery shoppers use this service due to adjusted delivery time windows. However, the improvement
in customer service due to narrower delivery slots tends to increase delivery costs.

Time slot overlapping happens when two different time slots have a range of time in common.
This parameter, alongside with the number of time slots, might increase the attractiveness of the
service, as there are more choices available. However, the combination of different offers also im-
pacts the efficiency of the delivery operations due to greater difficulty in managing more delivery
options.

Timing is related to the time of the day that a slot is available and has an important role in the
routing efficiency. Delivery vehicles have to visit different zip codes during a single time window.
Thus, an area with more customers’ density tends to have lower travel time between stops, which
highlights the importance of clustering nearby zip codes in the same delivery slot, to minimize the
distance between deliveries.

Agatz et al. (2008a) studied the tactical problem of selecting which time slots to offer in each
zip code of a delivery region. The goal of their work was to maximize the service level while
minimizing delivery costs. To develop this research, two crucial assumptions were established:
the demand in each zip code is independent of the offered time slots and the demand is evenly
distributed between the offered time slots. To estimate the costs of a time slot, the delivery routes
were estimated using two approaches: the continuous approximation proposed by Daganzo (1987)
and an integer programming approach using the seed-based scheme from Fisher and Jaikumar
(1981). To select the best slots, the following schedules were tested: the outcome of the continuous
approximation and integer programming approaches, the original schedule of a retailer, all time
slots available and a single time slot that spans an entire shift. The computational studies unveiled
a 25% increase in the delivery costs when two-hour slots were offered instead of slots that span an
entire morning or period. Moreover, the geographical differentiation for the offered slots allowed
up to 10% savings in delivery costs when compared with a full range of time slots offering.

Hernandez et al. (2017) also solved a tactical time slot problem that consisted of selecting a

particular delivery shift schedule for each zone. The day was divided in full day, two or three



2.1 Time slot management 7

shifts and the schedules were a combination of weekdays and day shifts. This work developed the
methodology of Agatz et al. (2008a) by explicitly solving the vehicle routing problem using two
different heuristics. The first one starts by solving the periodic vehicle routing problem to define
shift schedules. Next, a greedy heuristic is used to create a schedule for the day, connecting the last
zone of a schedule and the first one of the following one. To conclude, the routes of each individual
day are optimized using the unified tabu search. The second heuristic solves the whole periodic
vehicle routing problem with time windows, without decomposing it as the first heuristics.
Cleophas and Ehmke (2014) solved a problem more focused in managing the demand than
Agatz et al. (2008a) and Hernandez et al. (2017), that were more focused in managing the ful-
fillment operations. The concepts of vehicle routing and demand fulfillment were used in an
integrated way to maximize revenues by offering desirable time windows to highly profitable
consumers, in a limited transport capacity environment. Initially, the transport capacity and cost-
minimizing routes were computed to be used in the process of orders declining. This process
was based on expected requests that were approximated by the exponential smoothing method.
The number of requests to accept from each basket value range is estimated using the Expected
Marginal Revenue heuristics, whose aim is to find protection levels for higher basket values and
booking limits on lower basket values. The simulation used to evaluate the impact of value-based
demand fulfillment found out that the acceptance limit based on demand fulfillment controls might
increase the revenues up to 24%. However, this approach has the downside of only considering

the short-term value of the order and not the future value of a customer.

2.1.2 Differentiated pricing

Pricing is used to discriminate and differentiate the different products and services. In time slot
management, pricing is the assignment of a fee to a delivery time window. Consequently, the
purpose of differentiated pricing is to define the price of a delivery time slot statically. Agatz et al.
(2008a) define region-based, time-based, size based and service-based pricing as approaches to
manage delivery fees.

Region-based is related with defining the price a region should pay for the service, based on the
distance from the warehouse or the density of customers. However, Balkan (2008) alerts for the
possibility of customers disappointment when targeted with a higher price over their area. Time-
based pricing uses price to smooth demand across the periods, avoiding the most popular hours of
becoming too crowded. Commonly, the main challenge lies in identifying which time slots should
have a discount or a surplus. Service-based pricing expands time-based pricing not only by the
differentiation between periods but also between slots with different lengths. Moreover, size-based
pricing uses discounts or surpluses in the delivery fees as tools to promote the value of the sales.
Currently, Amazon offers the delivery service when a given target price is exceeded, while Tesco
charges an extra fee if a minimum basket value size is not achieved.

To the date of this thesis, Klein et al. (2017) is the only work to explore the differentiated
pricing field and used the work of Agatz et al. (2008a) as a benchmark. The main goal was to
tactically set the price for the available time windows in different zip codes. Even though the goal
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of the study was to maximize the profit, the purpose of the price was to influence customers to
choose slots that minimize the delivery costs instead of generating extra profits. When making
pricing decisions, the operational routing costs were considered by incorporating a model based
approximation of the vehicle routing problem in the optimization model. Throughout the compu-
tational studies, best results were achieved for the approaches that follow a differentiated time slot

pricing approach, due to its effectiveness to generate cost-effective schedules.

2.1.3 Dynamic slotting

Dynamic slotting is the decision-making of setting in real-time which slots are available for each
customer. This decision can be influenced by capacity constraints, such as picking capacity in
the warehouse, available driving time and physical fleet size (Campbell and Savelsbergh, 2005)
or according to profitability concerns. Agatz et al. (2008b) pointed out that using first-come-first-
served policies does not maximize the expected profit. Thus, it is needed to solve the dilemma
of accepting orders based on its expected profit or declining them and wait for more profitable
customers.

The paper from Campbell and Savelsbergh (2005) was one of the leading studies to develop
work in the time slot management field. The scope of the work was to decide which deliveries to
accept and to reject, as well as the time slot to offer to maximize expected profits. The decision was
based on an insertion heuristics, that considers all the accepted customers and evaluates whether
the delivery under evaluation can be inserted in one of the considered routes. If the algorithm
found a feasible delivery route the order was accepted, otherwise it was rejected. Moreover, the
future demand was approximated estimating the probability of a customer placing a request in
the future. A simulation study where the supply and demand vary to test different scenarios was
conducted to generate a stream of delivery requests and evaluate the applicability of the developed
strategy. The main outcome of the study was that evaluating the feasibility of a delivery in a slot
increases the profitability and reduces the risk of delivery failure, compared with only limiting the
number of deliveries in a time slot.

Ehmke and Campbell (2014) extended the study of Campbell and Savelsbergh (2005) by con-
sidering time-dependent and stochastic travel times in congested areas. The goal of the work was to
maximize the number of accepted requests while assuring feasible routes. The set of offered slots
was known a prior, but bookings acceptance was performed in real-time. Thereby, the acceptance
of orders until achieving the slot capacity was compared with a dynamic approach where the so-
lution for a vehicle routing problem was estimated. Throughout the work, it was corroborated that
acceptance mechanisms that consider travel time outperform non-time dependent mechanisms.

Mackert (2019) dynamically changed the slots available to influence customers’ choices. The
goal of the study was to maximize the expected profit of the delivery schedule, by offering a set of
delivery option based on the requests’ generated profit, expected consumer behavior and opportu-
nity cost. The customer choice behavior was approximated using a Generalized Attraction Model.
The opportunity cost of each order was computed by the estimation of future orders that might

not be accepted due to accepting the one under analysis. The approximation of the opportunity
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cost jointly considered the impact on future available slots and delivery routes. A delivery book-
ing was accepted when the generated profit before the delivery overcompensated the opportunity
cost. This approach generated 7% more profit than myopic opportunity cost approximation and

4% more than an estimation based on insertions heuristics.

2.1.4 Dynamic pricing

Dynamic pricing is based on providing different delivery fees to different customers in real-time.
This option provides a more powerful tool than just accepting or rejecting a booking. Pricing can
incentive customers to select particular delivery options instead of just prevent them from choosing
some options with dynamic slotting (Agatz et al., 2008b). This strategy might have the downside
of customers perceiving differentiated pricing as unfair (Kimes and Wirtz, 2003). However, some
researchers point out that the acceptance of this kind of policies is a matter of habituation (Wirtz
and Kimes, 2007).

Campbell and Savelsbergh (2006) studied how to influence consumer behavior using price
incentives while decreasing routing costs. The incentives were only offered to time slots with
chances of being selected and could not be offered to all time slots since the increase on the
choice probability of a slot was the result of the reduction in the probability of other slots. To test
the incentives scheme, two optimization models were developed, one for one-hour length slots
and others that considered wider time slots. The feasibility of serving an order in a period was
computed using insertion heuristics, that tries to insert the request in the scheduled routes. Thus,
it was concluded that it was enough to provide incentives at most to three delivery slots to reduce
delivery costs and enhance profits. Moreover, it was stated that using incentive schemes to accept
wider time slots is easier than to encourage the picking of specific time slots.

Asdemir et al. (2009) developed a Markov decision-process-based pricing model that adjusted
delivery prices for different choices of the customers. Thereby, the developed model recognized
the need for smoothing the demand over the delivery capacity and setting the prices so that less
popular options should be filled earlier than popular options. The work recognized that the optimal
combination of prices makes the e-grocer indifferent between delivering in any available time
window. Moreover, it stated that in a dynamic environment declining a request from a customer
can be misunderstood and affect the long term sustainability of the business since a lost delivery
also represents a lost sale.

The work developed in Campbell and Savelsbergh (2006) was extended in Yang et al. (2014)
by incorporating stochastic information about future requests. The expected delivery costs were
estimated not only considering the up-to-date accepted orders but also the forecast of upcom-
ing orders. When deciding the price and availability of each slot, consumer behavior was also
considered through the multinomial logit model. It was found out that dynamic pricing without
considering future demand can produce worse results than using static price policies. Even though
this work sets the baseline for some of the most recent studies in this field, some downsides are

verified. The schedules only considered the historical data not including already accepted orders
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over the period to produce updated forecasts. Thus, the already accepted orders and the upcoming
orders were not directly linked.

Yang and Strauss (2017) developed a dynamic pricing approach to set the delivery fees per
area. The delivery costs were estimated by clustering the problem in area-specific problems and
used a continuous approximation of the total traveling distance. The main contribution to the ex-
isting literature lies on the incorporation of expected order displacement costs besides the delivery
cost into the opportunity cost. The proposed method opposes the view of Yang et al. (2014) by
stimulating the demand in low-demand areas. This strategy avoids the higher charges in these
areas to promote demand growth.

The pricing policy developed in Yang et al. (2014) sets the baseline for the work of Klein et al.
(2018). A mixed-integer linear programming approach was used to approximate the opportunity
cost and the forecasted demand used the most recent available data. Moreover, the delivery costs
updated the parameters of the seed-based scheme using the locations of the already accepted cus-

tomers as input. The developed approach can consider the lost profit due to limit delivery capacity.

2.2 Consumer behavior

In time slot management, when testing different sets of available slots, it is essential to understand
the impact on customers’ choices. Thereby, it is needed to model consumer behavior to understand
how is the decision-making driven. Throughout the existing literature, it is possible to identify
some authors that completely ignore the customer choice behavior and others that use simple
assumptions or more sophisticated models.

The works that use simpler approaches set the chances of a customer choosing each deliv-
ery option a priori, using standard assumptions about customer behavior. Campbell and Savels-
bergh (2005) matched a profile to the customers and identified which time slots were acceptable.
Cleophas and Ehmke (2014) used a similar approach, considering known probabilities of a slot be-
ing chosen depending on customers’ population segment or delivery area. Campbell and Savels-
bergh (2006) knew beforehand the probability of each customer choosing a delivery time slot.
However, a dynamic approach was used to capture the effect of price incentives. The probability
of slot being chosen increased by a given rate when an incentive was assigned and the probability
of other slots decreased in equal proportion. *

The researches that use more sophisticated models resemble each other by the utilization of
discrete choice models. Asdemir et al. (2009), Yang et al. (2014), Yang and Strauss (2017), and
Klein et al. (2018) used the Multinomial Logit Model. On the other hand, Mackert (2019) used a
Generalized Attraction Model and Klein et al. (2017) used a General Non-Parametric Rank-based

Choice Model. The aforementioned models will be addressed in the following section.

2.2.1 Discrete choice models

Discrete choice models explain people’s choice among a set of alternatives mathematically and

are based on the random utility theory. The random utility theory was developed based on the
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probabilistic choice theory (Bierlaire, 1998).

When people face repeated choices between two different alternatives, often they choose one
option and in some instances, they choose the other one, as pointed out by Tversky (1969). There-
fore, deterministic models are not suitable to represent the decision process, leading to the develop-
ment of models whose output is the probability of different choice outcomes. To model the choice,
it is defined a level of utility U; for each alternative j € J. The random utility theory assumes that
the individual is rational and selects the alternative with the highest utility. However, the utilities
are not known by the analyst and are treated as random variables. The most common representa-
tion of utility U; can be formulated as a linear regression decomposed in a systematic component
V, involving explanatory variables, and an unobserved component, that can be represented by the

random variable &;:

Uj :Vj-l-Sj 2.1

The Multinomial Logit Model (MNL) applies a transformation to the utilities of the alterna-

tives so they can be interpreted as the probabilities of selecting each one:

U,
e
U1:V1+81 <(:>f)1:m, (22)
eV
U2:V2+81,<:>P2:m, (23)
ey
Us=V;+4+¢€ <— P;= 2.4)

The MNL assumes that the errors are independent and identically distributed, following a
Gumbel distribution. Moreover, the model relies on the strong assumption of the Independence of
Irrelevant Attributes (ILA). This property can be stated as: "The ratio of the probabilities of any two
alternatives is independent of the choice set" (Ben-Akiva and Bierlaire, 1999). Thereby, the choice
probabilities ratio of two alternatives is independent of the presence of any other alternatives, or,
in other words, the choice probabilities of options A and B do not depend on the set that contains
A and B.

The limitation of the IIA assumption is exposed to situations with alternatives with correlated
random utilities. To circumvent the ITA property, the Nested Logit Model (NL) can be used instead
(Smith et al., 2018). The NL model differs from the MNL by grouping alternatives in subsets
where the alternatives exhibit a higher degree of similarity between the set than alternatives in
different groups (Ben-Akiva, 1973). Moreover, the NL has a hierarchical structure with as many
levels as there are decisions in the developed model. Although this statistical representation uses
more degrees to represent better the data, it does not represent the individual’s decision process
(Koppelman and Bhat, 2006).

The Generalized Attraction Model (GAM) proposed by Gallego et al. (2015) corrects the MNL

that overestimates the choice probability of a slot by incorporating the probability of non-available
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slots (Mackert, 2019). The GAM is an extension of the Basic Attraction Model (BAM), that at-
taches a measure of attractiveness to the different alternatives to model the choice probabilities.
However, the GAM also uses a measure of dissatisfaction if an alternative is not available. There-
fore, a high level of dissatisfaction due to narrower delivery option or the nonexistence of the
preferred slots might lead to the cancellation of the booking process. The BAM and the MNL are
similar models, but the measures of attractiveness used in the BAM are embodied as exponential
utilities in the MNL.

The General Non-Parametric Rank-based Choice Model used in Klein et al. (2017) is based
on the assumption that customers choose a slot according to a preference list. Moreover, it is com-
patible with the different random utility models, such as the MNL. The preference list establishes
a ranking based on the combination of slot and price. Moreover, if the combinations available are
not suitable for customers’ preferences, they may prefer to cancel the booking. It is expected that

the customers choose the option with their highest level of preference.

2.3 Forecasting models

The previous section presented the procedures used in the current literature to model consumer
behavior when selecting a delivery slot. This section explores other forecasting models that could
be used instead to predict the choice of a consumer when facing a set of alternatives.

Forecasting involves the analysis of historical data to capture patterns and trends to predict
future events. The ability to forecast is highly influenced by the level of understanding of the
factors that affect the event to forecast, how much data is available and if the forecast is affected by
its predictions (Hyndman and Athanasopoulos, 2018). Gongalves (2000) breaks down forecasting
methods in qualitative and quantitative methods.

Qualitative methods use subjective analysis and perceptions to conduct the forecast and may
or may not take the historical data into account. Long-term forecasts or situations where available
data does not allow the utilization of statistical methods or mathematical models are more prone
to the utilization of this method. The expert’s opinion, delphi method and market studies are
examples of qualitative models.

Quantitative methods are used in situations where data has quality enough to extract insights
and transform them into knowledge, to perform predictions. These methods are divided into time
series methods and causal or regression models. Time series models rely entirely on historical
data by identifying patterns, seasonality and trends verified in the past. On the other hand, causal
methods express mathematically cause and effect relationships between explanatory variables and
the event to predict. It is the most sophisticated kind of forecasting tool and may incorporate time
series analysis (Van Ryzin and Vulcano, 2015).

Causal and regression models encompass a wide range of different methods from simpler mod-
els such as simple linear regressions to more sophisticated machine learning algorithms. Simple
linear regressions are the simplest causal and regression models used in cases of strong linear re-

lationships between two variables. However, this linear relationship can be extended to three or
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more variables resulting in multiple linear regression or non-linear regressions when the relation-
ship is better explained through a non-linear mathematical function. In cases where the inclusion
of causal information increases the prediction accuracy, supervised learning techniques are also
suitable. Supervised learning techniques use different algorithms to perform a mapping of differ-

ent inputs to an output.

The supervised learning algorithms are commonly divided into single models and ensembles.
As suggested by the name, single models use an individual procedure that is trained to forecast the
output, while ensembles combine several single models to produce a more powerful and flexible
tool. The ensembles are classified as homogeneous and heterogeneous. The first ones use the same
algorithm to produce the predictive models, while the latter uses models generated from different
algorithms, as is the example of stacking. Homogeneous ensembles are subdivided in parallel
ensembles, such as bagging, and sequential ensembles, like boosting.

Decision trees (DT) are an example of singles models and represent the decision-making pro-
cess graphically through a tree. It can be used as a non-parametric effective machine learning
model technique for regression and classification problems through the CART algorithm, devel-
oped by Breiman (2017). The decision tree can be divided into root nodes and leaf nodes. The
first one represents an input variable and a split point on that variable, while the latter is an output
variable used to make a prediction. Moreover, the selection of which inputs to use and the split
points are chosen using greedy heuristics that minimizes a cost function. The tree construction
ends using a predefined stopping criteria and the final result produces a set of mutually exclusive
rules. The downsides of DT are the inability to capture relations that could have been captured
with a continuous function, the risk of overfitting and capture noise from the data set. Overfit-
ting is a modeling error that occurs when the model is too fitted to the training data but unable to
predict future occurrences. It might be sorted out by limiting the length between the root and the
leaf or increasing the minimum number of observations used to branch the data set. Besides that,
Breiman (1996) circumvented this limitation through the utilization of bagging.

Bagging is a parallel ensemble learning that divides a standard data set in smaller and inde-
pendent training sets to produce distinct predictive models. When presented with new data, the
predicted score or category is assigned using majority or weighted voting. Random Forests (RF),
introduced by Breiman (1996), is an ensemble learning method for classification and regression
that creates a forest (of decision trees) in a random way trained by the bagging method. Moreover,
in RF algorithms, each node is only allowed to split over a random subset of available predictors.
Breiman (2001) proved that this randomness introduced by selecting the best partitioning decision
from a random subset of features reduces the variance and bias of the bagging algorithm, even
deteriorating the performance of the single model.

Boosting is an ensemble learning technique that uses the complete training set to train a series
of single models sequentially, building models that correct the misclassifications of the previous
ones. Each model has a voting right, according to its accuracy to score new observations, on the
validation set. One of the most popular boosting methods is Gradient Boosting Machines (GBM)
that is similar to RF. Howeyver, the trees in GBM are built in a gradual, additive and sequential
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manner, instead of in parallel as the case of RF.
To conclude, it is necessary to highlight that the models trained to predict the customers’

choices in the current project are GBM and RFE.

2.4 Simulation

To conclude the literature review chapter, this section intends to induce the reader on the topic of
simulation, to be used on the proposed approach to recreate the e-commerce environment virtually.
Simulation is described as the process of designing a model of a real system and conducting
experiments, to evaluate the outcome of various strategies or understand the behavior of a system
and its operations (Shannon, 1975). The development of this method and its growing utilization
has emerged from the need to tackle complex real-world problems quickly and in an affordable
way. Testing new solutions might be too expensive or changing the real-environment impossible,
which leads to the necessity of developing a virtual model to find the right solutions (Grigoryev,
2015).

The development of a simulation model allows to test a significant amount of scenarios and
analyze in high-detail the performance and impacts of each alternative (Swaminathan et al., 1998).
Even though the power and advantages of a simulation model, a simulation project leads to various
challenges and efforts. The deployment of a simulation tool is time-consuming, requires knowl-
edge of the behavior to model and needs a proper validation and verification of the models (Hillier
and Lieberman, 2001). Moreover, there is a risk of over-customization as a consequence of trying
the perfect fit for the real-environment, which can imply low flexibility and no re-usability.

As every project, the deployment of a simulation model also requires a well-structured devel-
opment plan and the alignment of all parties involved. Savory and Mackulak (1994) decomposed
the process in five phases: model formulation and creation, coding of the simulation model, exe-
cution of the simulation model, summary of results, output analysis and interpretation.

The evolution of the simulation models and the emergence of new fields using this tool led
to its diversification. Three main approaches were developed: system dynamics (SD), agent-
based modeling (ABM) and discrete-event modeling (DEM). SD is more focused on long-term
strategic decisions with higher abstraction level, while ABM and DEM are more used in tactical
and operational decisions with medium to low abstraction level.

SD represents a general picture of a complex system ignoring finer details, such as events or
specific characteristics. As described by Grigoryev (2015), this approach is widely used in situa-
tions where the properties of the whole cannot be found by connecting the individuals’ properties.
Moreover, it allows the analysis of systems’ states and the rate at which states change.

ABM models follow a bottom-up approach, where the interaction between entities and their
autonomous behavior is used to provide insights about the overall system (Bonabeau, 2002). This
method allows the developer to gather insights and characterize the behavior of each entity but
has a limited capacity of defining the system’s states and flows. The simulation developed in this

thesis is considered to be on the ABM scope.
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Contrary to ABM, DEM follows a top-down approach where the collection of events impact
the system instead of the entities individual behavior. The model can be represented as a flow of
events and processes that trigger other operations. Therefore, it is mainly used in problems where
the different states and changes are known beforehand.
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Chapter 3

Problem description

In the e-commerce environment, there is a trade-off between customer satisfaction and efficient
delivery operations. From the customer perspective, delivery slots adjusted to its schedules pro-
mote the shopping experience due to more convenience in the delivery process. However, from the
e-tailer point of view, it represents more pressure over the fulfillment operations, with a higher risk
of missing the promised delivery hour and higher delivery costs. Therefore, the retailer seeks to
balance these downsides with an attractive offer to customers that prevents the loss of purchases.

The problem acquires higher importance when considering that e-commerce is a growing busi-
ness and the retailers face it as an opportunity to assure their long-term sustainability. Thereby,
building a strong market position since the emergence of the service is crucial to ensure wide mar-
ket penetration in the future. However, the development of the e-commerce operations needs to be
aligned with a proper design of the operations to assure long-term sustainability in order to avoid
failure as the case of Webvan. Webvan was an e-grocery company that went bankrupt in 2011.
The fast growth and aggressive strategy were pointed out as some of the reasons for the failure
(Agatz et al., 2008b).

The retailer evaluates the different delivery designs and available slots on real-environment,
which can have a prejudicial impact on the overall efficiency of operations and customer satisfac-
tion. Therefore, it is important to establish a procedure to assess different scenarios and potential
changes before putting them in practice.

This chapter intends to assess the current performance of the retailer. In the first section, the
current online booking process is addressed. In Section 3.2, the actual process for setting the
combination of available slots and price is described, as well as its limitations. Afterward, in
Section 3.3 a preliminary analysis of the operations and consumer preferences is conducted based

on the data available.

3.1 Booking process

The e-tailer considered in this study conducts its e-commerce transactions through its website.

Firstly, the customers willing to make an order have to be registered and logged in the online

17
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platform. Secondly, they have to select the desired products from an assortment similar to the
physical stores. After selecting all the products, the customers proceed to the checkout page.
When in the checkout area, the customers have to choose the delivery option: home delivery or
pick up in store. Focusing on the first option, the customers must have a delivery address assigned
to their account. However, more than one address might be associated, so that customers have
to decide the location where they wish to receive the package. Afterward, the customers should
select a delivery time slot from the set of available options or leave the website and give up on the
booking process. Currently, the available slots have lengths that range from 2 hours to 4.5 hours
in a delivery date up to one month away. To conclude the request, the customers have to pay the
order value and a delivery fee to receive the purchased items at home, which varies between slots
and days. The customers might also decide to buy a quarterly or yearly subscription, making all
the deliveries free, for requests that are worth more than an established value. Concerning the
pick-up in store, the customers have to select a physical store of the retailer where to collect the
order and an admissible time window over the opening hours.

The delivery slots available to the customers are constrained to three parameters: booking
time, delivery area and delivery capacity.
Booking time Each delivery slot can only be selected before a previously defined hour. After that

hour, known as cut-off time, it is not possible to book the slot, as exemplified in Figure 3.1.

Admissible requests Non-admissible requests
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Figure 3.1: Illustrative example of cut-off hour for a slot.

Delivery area The retailer clusters zip codes in the same area. The available slots, length and
delivery fees vary across those areas. Moreover, high demand zones have a wider set of options
when compared with low demand areas. An illustrative example is that a customer living in a
high-demand area might choose up to 10 different slots, but a customer based in a low-demand
area only has a set of 4 available slots.

Delivery capacity Each slot in each delivery area has a fixed capacity. Thereby the number of
orders that can be accepted in that slot is limited. When the limit on the number of orders is

reached, the slot becomes unavailable and no further deliveries can be placed.

3.2 Retailer internal process

The current process of defining the combination of slots and price is conducted by an internal team
of the retailer with three main goals: business growth, customer retention and learning.
For the company, e-commerce business has long-term potential and there is a great motivation

in developing a solid structure to assure the success and sustainability of the operations. Thereby,
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the team is focused on offering attractive delivery choices to incentive the customers to try the
service.

The business growth includes not only increasing the number of customers trying the service
but also the number of customers that use it continuously. The number of active customers and
the periodicity of their orders are key metrics to evaluate the success of the service. Therefore,
the company tries to promote the connection of the customers to the service. The design of an
attractive delivery policy and an effective subscription plan are some of the implemented strategies.

With the focus on business growth and customer retention, the retailer wants to learn as
much as possible about the service and customers’ preferences. Therefore, they analyze in real-
environment the customers preferences regarding different delivery options. The variation of
available slots and the respective customer behavior are expected to be fundamental to develop
the background and analytical support necessary to understand the optimal set of slots and deliv-
ery fees. Such experiments are conducted in an ad-hoc basis, where no predefined methodology
is followed to set the combination of slots and prices. The retailer captures which combinations
are more effective and keeps them until feeling the need to revise them.

The retailer uses an internal platform where the internal team sets for each delivery area the
available slots, the delivery fees, the maximum number of admissible orders and the time limit
for order placement. Moreover, the starting time for the picking operations to the specified slot is
also defined. Picking consists in collecting and preparing the items requested by each customer’s
orders.

The picking operations are carried out in fulfillment stores, which are specialized and strate-
gically located for e-commerce operations. The operators collect the ordered products from the
shelves like normal customers and redirect them to the shipment area to be collected by the trans-
portation vans. Currently, the retailer conducts the operations through 12 fulfillment stores dis-
tributed over the country and all of them were considered in this project. The transportation service
is outsourced. However, the retailer is responsible for solving the vehicle routing problem to set

the order of the delivery addresses to visit.

3.2.1 Limitations

An analysis of the retailer’s internal processes, previously described, disclosed some limitations

of the current e-commerce operations:

No analytical support: Currently the process of defining the set of slots available and the prices is
empiric, lacking analytical support to help the decision making. The decisions are based on the
learning process of trial-error described and on the know-how of the stakeholders. Moreover,
the retailer uses the operations of similar businesses as a benchmark.

No risk assessment: A change in the combination of slots available and the respective price
might lead to substantial changes in the delivery operations. The impact of the different mixes
available should be analyzed not only from the acquisition and retention of customers point of
view but also based on the impact on the fulfillment operations. The retailer does not possess

any tool or procedure to anticipate or simulate the impact of a change in the mix.
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No consumer behavior modeling: The impact of a change on the consumer choices does not have
analytical and predictive support. Thereby, the changes are only tested on real-environment. An
alteration that was originally expected to have a great impact and acceptance on customers
can easily disappoint the expectations. Thus, the effect of any change on customers should be
analyzed and measured to avoid losing future purchases.

No long-term planning of operations: The retailer is focused on developing its e-commerce ser-
vice and firm its position as the main brand in the Portuguese market. However, the operations
are being developed to fulfill short-term needs. The retailer is focused on optimal solutions for
short-term problems, which does not imply optimal solutions for long-term goals and needs.
Therefore, to assure the sustainability of the business, the decision-making process should in-
volve the analysis of the impact of the changes in the growth and future of the service.

No integration between commercial and operational planning: The current processes evidence
a lack of integrated planning between customer experience and fulfillment operations. The
retailer should plan both sides simultaneously, to maximize synergies and ensure the optimal

decision for the overall e-commerce operations.

3.3 Retailer transactional data

The retailer captures information about customers, deliveries and orders as a result of customers’
activity on the online platform. This information can be used to improve customer experience and

fulfillment operations.

3.3.1 Available data

The data that was used in this work was collected between October of 2016 and October of 2017

and encompassed the following aspects of the retailer e-commerce business:

Geographical division: The retailer identifies the zip codes where the customers can use the
e-commerce service and groups them by areas.

Fulfillment stores: The products to be delivered to customers’ houses are prepared in the retailer’s
fulfillment stores and afterward shipped. Each store has a set of delivery regions and they
become responsible for fulfilling all the requests.

Orders: The customers’ orders are registered with a shipping number, a key that encodes the
customer identity, the order date, the delivery zip code, the store responsible for preparing the
shipping, the slot chosen by the customer, the delivery day and the price paid for the deliv-
ery. The retailer does not collect any information about customers that give up on the booking
process when selecting a delivery option.

Ordered products: The products requested in each order are registered with the shipping number,
the requested quantity, the unit price, the direct discount value, the value of the discount in the

retailer customer card and the picking store.
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Product information: The products are organized hierarchically in a structure composed by a
commercial division, a business unit, a category, a sub-category, a base unit and a stock keeping
unit (SKU) number.

Available slots The available slots in each delivery date present in the recorded dataset are stored
with the minimum possible delivery hour, maximum possible delivery hour, the maximum num-
ber of deliveries, the area where the deliveries are admissible, the store that prepares the ship-

ments to deliver in the respective slot and the cut-off time.

3.3.2 Descriptive analysis

The analysis of the delivery slots chosen by the customers encompasses two main characteristics:
the length of the slots selected and the number of days between the order and the delivery. Figure
3.2 evidences the preference of the customers for narrower slots, as suggested in Mintel (2016).
From the historical data available, 96% of the orders were delivered in slots with a length of 2
hours and a half or less. However, it is noteworthy that this result might be consequence not only
of customers’ preferences but also of the slots made available by the retailer. This Figure also
suggests that the deliveries are distributed across the day. The majority of the slots only overlap

for at most 30 minutes.
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Figure 3.2: Distribution of orders per slot.

Figure 3.3 shows that customers are more prone to book deliveries within a week, and prefer-
ably for the next day. Moreover, it suggests that customers are not attracted to book the delivery to
the day of the request. However, this phenomenon may be explained by the set of available slots.
Firstly, most of the slots have a cut-off time that is before midday. Secondly, delivery capacity is

limited. Therefore, the slots might not have enough capacity to accept same-day deliveries.
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Figure 3.3: Distribution of number of days between order and delivery date.

The analysis of the historical dataset also discloses the existence of two big groups: the group
of customers with free-deliveries and the group that paid for the deliveries. The first one repre-
sents 46% of the deliveries, while the latter 54%. The paid deliveries range from fees of 4.90€
to 18.90 €, as it is represented in Figure 3.4. However, it is possible to notice a predominance of
orders that pay a fee from 8.90<€ to 11.90 €. This phenomenon is explained by the set of the avail-
able slots having a price that belongs predominantly to this range. Moreover, the predisposition
of a customer to pay higher or lower prices is influenced by factors that increase the perception of

service quality, such as slot start hour or slot length.
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Figure 3.4: Distribution of price paid per delivery.



Chapter 4

Methodology

In this chapter, the methodology developed to overcome the time slot management problem is
described. The proposed approach is overviewed in Section 4.1. After the summary presentation
of the methodology developed, consumer behavior modeling is depicted in Section 4.2. Afterward,
the way that the fulfillment operations are estimated is presented in Section 4.3. Finally, Section

4.4 summarises the procedure to generate scenarios to test the proposed approach.

4.1 The proposed approach

The current project develops knowledge in the time slot management field by using an approach
that combines the simulation of consumer behavior and the estimation of fulfillment costs to recre-
ate the retailer’s e-commerce operations virtually, as is exemplified in Figure 4.1. Through the
application of the developed approach, the retailer can assess the impact of different scenarios.
Therefore, it is expected to reduce the uncertainty over the operational results when deploying a

new combination of available slots or changes in the charged prices.

Analytical support approach

Consumer behavior Fulfillment costs

simulation

Impacts in the

Proposed scenarios

estimation operational resullts

Figure 4.1: Proposed approach.

The first stage in consumer behavior modeling embraces data retrieval and processing to be
used in the remaining project. Besides gathering the current combinations offered by the retailer
and analyzing its performance, the modeling of the demand is also a crucial phase. This phase
consists of modeling key parameters that represent the customer, such as order period or basket
value to recreate the demand profile.

The second major step in consumer behavior modeling is the development of a machine learn-

ing model to predict consumers’ choices. The consumer behavior is simulated using a predictive
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model that estimates the selected slot for each customer. The choices of the customers are used
to create the expected service for each slot and fulfillment store. With a model trained to capture
the effect of different combinations, it is possible to test the impact of changing the price and the
available slots on the customers’ behavior.

Both stages of consumer behavior modeling are used to develop a simulation procedure. The
simulation is used to design the e-commerce operation virtually in order to assess the customers’
preferences and choices to different available slots and charged prices.

After modeling the customers’ behavior and estimating their delivery choices, the following
stage encompasses the assessment of the proposed slots on the fulfillment operations. The final
recommendation regarding the proposed combination is only conducted after the analysis of the
operations performance. To evaluate the fulfillment operation, the transportation costs are esti-
mated by the expected time spent on each stop, the traveling time between customers and the
traveling time from and to the depot.

One of the main problems when designing new scenarios and alternatives is to select which
are the best combinations to evaluate. The high number of possible prices and available slots
that could be tested increases the dimensionality of the problem. Testing all of them would be
computationally expensive and time-consuming. Therefore, the fourth and final stage proposes
two methods to generate scenarios and test them preliminarily. Each approach uses a different tool
to manage demand. The first method seeks to level the demand across the different slots, using the

price as a driver. The second approach uses the slots’ availability to manage demand.

4.2 Consumer behavior simulation

The current section explains each stage of consumer behavior modeling to be applied in the simula-
tion procedure. Firstly, the process used to estimate the demand profile is presented and, afterward,
the different stages of the development of the machine learning model are depicted. The objec-
tive of the simulation procedure was to understand the effect of potential changes on the delivery

options by the customer point of view.

4.2.1 Input parameters’ modelling

The main goal of this stage was to find out how to model each customer’s profile. Each customer
has its unique characteristics and the input parameters were used to recreate them. The customer
was characterized by the weekday and period of the order, basket value, value spent in each prod-
uct’s category (food, frozen products and other products) and geographical location.

The first stage of the input parameters’ modeling phase was the removal of outliers and de-
fective information, followed by the fit of statistical distributions to the data. The Kolmogorov-
Smirnov (K-S) test was used to evaluate the adjustment of the data points to the statistical distri-

butions under evaluation.
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4.2.1.1 Arrivals per day and period

The number of orders per day varies across different weekdays. Therefore, it was required to
approximate the demand profile for each day of the week. The demand is approximated by a log-
normal distribution fitted to the historical data of the correspondent day of the week. Cleophas
and Ehmke (2014) approximated the expected number of requests using exponential smoothing.
However, the development of a proper time series model would require a larger data set to capture
effects such as the seasonality and trend between years.

The demand per period of the day is estimated using a statistical distribution that captures
the proportion of customers booking in different periods, for different weekdays. The fitted dis-
tribution is a log-normal or a normal distribution, based on the distribution with better statistical
results. The periods were divided considering the slots’ cut-off hours and hours with similar de-
mand across the day, as represented in Figure 4.2. The proportion of each period for each weekday

was estimated using a fitted log-normal distribution.
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Figure 4.2: Distribution of orders per day period.

4.2.1.2 Demand characterization

The characterization of each customer was crucial to recreate the generated demand. It consisted
of determining the basket value, the value spent on each products’ category and the geographical
location of each customer. The basket value is generated using a log-normal distribution fitted to
the historical data, as shown in Figure 4.3. However, the other aforementioned characteristics are

estimated using the real distributions, since no statistical test was found to be significant.
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Figure 4.3: Distribution of customers’ basket value.

4.2.2 Consumer behavior modeling

The developed model to predict the customers’ choices assumes that the decision-making process
is based on the comparison of different alternatives. Bettman and Zins (1979) propose that this
evaluation can be alternative-based, where the customers evaluate different options one by one.
The attributes of one option are assessed before the customer proceeds to the next alternative.
Throughout the proposed predictive model, the evaluation of the available slots starts by analyzing
the offers with more probability of being chosen and proceeds to the choices with less probability.
If a customer finds an option to be suitable for his needs, it is assumed that the customer stops
the evaluation process and selects that slot. However, if a customer does not find any suitable

alternative, it is assumed that he gives up on the booking process.

4.2.2.1 Predictive procedure

The aforementioned procedure used to represent consumers’ choices involves a set of binomial
decisions. Those decisions are represented through a binomial model that estimates the outcome
based on customer profile and slot characteristics, such as price, relative price, minimum delivery
hour, slot length and number of days until delivery. Therefore, a machine learning algorithm
was trained to estimate the probability of a customer selecting each option. After predicting the
probability of each alternative to be selected, they are sorted by descending order. Finally, until
finding the selected slot, a random number is generated. If the random number is lower or equal
than the choice probability of the slot under analysis, the slot is selected. Otherwise, the procedure
is repeated until finding a suitable slot or revisiting all the possible alternatives. The customer
is assumed to give up on the booking process if no suitable alternative is found. The described
approach is exemplified in Algorithm 1. The preparation of the binomial model is described in the

following subsection.
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for each slot do
Run Binomial model
Set Probability: p; = P(slot s; is chosen)
end
Order p; by descending order
Selected slot = False
i=1
while i < Number of options & Selected slot = False do
Generate random number 7;
if n; <= p; then
Selected slot = True
Choice = s;
else
| i=it1
end

end
Algorithm 1: Slot choice procedure.

4.2.2.2 Model preparation

The first step in the development of the predictive model involved the preparation of the available
data to use it as input for training the model. Afterward, algorithms with different parameters were

trained and tested to select the best option. Finally, the selected model was evaluated.

Data preparation
The first stage in the direction of accurately understanding the behavior of a customer when facing
a set of potential choices was the identification of potential drivers on his choices. The behavior
is expected to be affected not only by the customer’s profile but also by the characteristics of the
slots available. The variable identification process led to the necessity of gathering the information
retrieved from different sources. This process of data gathering and consolidation was fundamental
to ensure the quality of the model to be developed.

The information available did not exempt the data transformation and feature selection to im-
prove predictive accuracy. This phase was mainly focused on improving the information about
the available slots. Therefore, the following assumption was considered: a customer is always
willing to pay a lower price than the price that he paid. Thus, when reconstructing the customer’s
set of possible choices, the observation of the chosen slot was replicated for the set of possible
lower prices. Otherwise, the model could interpret the preference for a more expensive fee for the
same slot, just because the slots available had that price assigned more often and would not rep-
resent rational behavior. The price was induced as a discrete variable to favor this transformation.
Furthermore, this stage also embraced the identification of errors in the data and existing outliers.

Those observations were not considered in the process of training the predictive model.
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Training and feature selection
As aforementioned, the modeling object of the predictive model was the acceptance of an available
slot. Thereby, the observations were mapped in the data set through a binary variable representing
the customer’s decision since the problem was handled as a binomial classification. However, a
multinomial formulation could also be used, where the selected slot would be predicted directly.
However, the no booking option could not be modeled since the available data set does not con-
tain any information about the customers’ withdrawal, which led to the option of developing a
multinomial model being discarded.

Before the machine learning implementation, a decision to be made concerns the model’s
flexibility and the set of forecasts that the model will be asked to perform. Therefore, two starting

options were available:

* Train a single model that could use the slot start hour and length as independent variables to
predict the slot probability. Thereby, these two variables could be changed to test the impact

on customers’ decision.

* Train as many models as available slots in the historical data. However, the slot start hour
and length could not be used as independent variables, because for the same slot, those two

parameters are constant and therefore would be irrelevant for the probability prediction.

Since training a model instead of training one model for each slot is less computationally
expensive, a preliminary assessment of both models was performed. Both approaches have been
tested by training a GBM algorithm over the available data set. There was no evidence that training
a model per slot had superior predictability accuracy over the single model. Moreover, training a
model per slot reduced the flexibility of the scenarios to be tested because testing new slots would

not possible. Therefore, it was decided to develop a single model.

Algorithm selection
In order to select a model that performs reliably and satisfyingly, it was needed to ensure that
different options were trained to be able to select the best one. Moreover, it was necessary to

define metrics to evaluate the quality of the model. Two different metrics were used:

* The accuracy of the slot choice estimated to each customer.

¢ The distribution of the choices over the available slots.

From the retailer point of view, the main focus was on having a model that can predict the
workload of each slot, which may not support high accuracy on forecasting each customer’s
choices. In an extreme situation, it would be represented by failing the prediction for every
customer but having a perfect estimation of how many times each slot was chosen. For testing
purposes, the different models were preliminarily evaluated by the accuracy of predicting the se-
lected slot, since the application of this metric speed up the evaluation process. Finally, to validate

the chosen model, the slots’ distribution was assessed.
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To select the best model, two algorithms were tested: RF and GBM. These are ensemble
learning methods recognized by their success on improving the prediction accuracy over single
models, which motivated its application.

Both algorithms were implemented using the H2O’s machine learning cluster (H20, 2019),
through the R studio, and were ubject to a hyper-parameter optimization, as exemplified in Figure
4.1. Hyper-parameters are variables of an algorithm that have to be set before applying a learning
algorithm to the training data set. The GBM algorithm had their number of trees, maximum depth,
learn rate and column sample rate allowed to vary. The RF algorithm also had their number of
trees, maximum depth and column sample rate allowed to change. The number of trees is the
number of trees built to produce the ensemble. The maximum depth is the maximum allowed tree
size. Commonly, higher values make the model more complex and, therefore, more prone to over-
fitting. Learn rate specifies the rate at which GBM algorithm learns when training a model, which
helps to avoid overfitting, and column sample rate is the rate of sampling the column dependent

variable without replacement.

Table 4.1: Hyper-parameters considered for search.

Models Family Parameters tuned
RF number of trees, maximum depth and column sample
GBM number of trees, maximum depth, learn rate and column sample

Model evaluation
The evaluation procedure is essential to ensure that the proposed model is reliable. Most of all, it
is important to understand what is expected to obtain once the predictive model is applied in a real
context. To that end, it was necessary to split the available data into a training data set to train the
predictive model and a validation data set to evaluate the model’s performance. This division in
training and validation had to ensure the equal proportion of the different classes in both data sets.

The model to adopt during the project was selected with the accuracy of the slot choice and
based on the hyper-parameter optimization previously described. The models present in Table 4.2
were the result of the hyper-optimization search and the top-performance models were selected
according to the accuracy of predicting the slot choice. The predictive model developed from the
GBM algorithm was found to be the most suitable model to represent reality. It is an ensemble of

100 trees, with a maximum depth of 20.

Table 4.2: Accuracy of the top-performance models.

GBM RF
1 25% 23%
2 19% 17%
3 17% 15%

Applying the predictive model, the accuracy of estimating the chosen slot by the customer was

25%. However, this accuracy represents a lift of 2.5, which implies a good improvement when
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compared to a random predictor. Lift is a measure of performance that compares the predictive
model with a random choice targeting model.

The second stage of the validation of the proposed predictive model involved the comparison
of the predicted distribution with the real distribution of the customers across the available slots.
The comparison only encompassed the slots that the retailer had available during the development
of this project. As exemplified, in Figure 4.4, the model captures the most popular slots and the
less popular ones. The overall distribution has a mean absolute percentage error (MAPE) of 19%.
Considering the complexity of the predictive problem, it was possible to assume that the model
was an acceptable approximation of the real scenario. MAPE was computed by the following
expression, where A, represents the actual value and F; denotes the forecast value:

1
MAPE =-)"
|

A —F
A
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Figure 4.4: Distribution of customers between available slots.

4.2.3 Simulation

One of the benefits with the proposed approach is the integration of the machine learning model in
a simulation system, thus recreating the e-commerce operations virtually. The simulation is run on
Anylogic®, which is a software 100% coded in Java. This software was chosen due to its simple
implementation of the machine learning model, that is also coded in Java, which speeds up the
simulation process.

The simulation procedure developed encompasses the following stages: available slots setting,
demand generation, customers’ choice prediction, slots’ availability update and final results report.

The first stage of the simulation process consists of setting the available slots. It is necessary
to define for each fulfillment store and geographical area the open slots and the delivery fees.
Moreover, the maximum number of admissible deliveries should also be established. This stage
intends to recreate the process followed by the retailer’s e-commerce internal team.

The second phase is the demand generation and it can be done with two different approaches.

The first one uses the statistical distributions mentioned in the current section, while the second
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one allows the user to explicitly specify the characteristics of the customers with purchases over
the weeks to be tested.

The third stage is the procedure of estimating the choice of each customer. This process
occurs customer-by-customer since the slot selected for a customer can influence the choice of
the following customer. The slots’ availability is limited. Thus, it was necessary to model the
system in a way that when the maximum capacity of a slot was reached, the option would become
unavailable. Otherwise, if the customers’ choices were foreseen at the same time, it could lead to
overcapacity which would compromise the fit to the real-scenario.

Finally, the results of the simulated period are exported to allow the analysis of the scenarios
to be tested. The following section will look in detail into the process of estimating the fulfillment

costs as a result of the generated demand.

4.3 Fulfillment costs estimation

When analyzing the effect of different combinations of slots available, it is important to understand
the impact not only on the consumers’ choices but also on the fulfillment operations. The main
costs are the delivery operations, which led to the analytical assessment of the changes in those
costs.

To evaluate the delivery costs, some authors solve the vehicle routing problem explicitly to
generate admissible routes and foresee the delivery costs, while others use approximations of
the delivery costs. Throughout this project, the impact on fulfillment operations is estimated by
considering three components: traveling time from fulfillment store to the first stop and last stop,

traveling time between consecutive stops and time spent in the stops.

4.3.1 Travelling time between fulfillment store and first or last stop

The traveling time needed to arrive at the first stop or to return to the depot is dependent on the
areas where the demand is generated. Regions, where the fulfillment store is outside the main
counties or with a higher covered area, might have more unpredictable traveling times. However,

a fitted distribution for all depots is used to estimate the traveling time, as shown in Figure 4.5.
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Figure 4.5: Travelling time between fulfillment store and first or last stop.
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4.3.2 Travelling time between stops

The traveling time between consecutive customers is highly dependent on the density of the cus-
tomers over the area where the operations are developed. Thus, areas with a high density of active
customers are expected to have a low traveling time due to the low distance between them, while
the opposite should be verified in low-density areas. Therefore, a regression where the traveling
time is related to the density of customers with orders for the same slot was developed. The area
considered was the area of the counties where the demand was generated.

The fitted distribution is represented in Figure 4.6. The R? of the fitted regression is 80%,
which evidences a good correlation between the dependent and the independent variable. How-
ever, factors such as expected traffic or period of the day could be accounted for in the regression

to capture the relation more effectively.
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Figure 4.6: Travelling time between consecutive customers.

4.3.3 Time spent at the stops

The time spent at each stop can also impact the number of possible deliveries by slot. The delivery
task can be affected by diverse factors, such as the non-attendance of the customer at home, the
type of the building or house, the number of boxes and the type of products to deliver. However,
considering all these events is a complex task, and a normal distribution can represent the time

needed to complete all the tasks, as shown in Figure 4.7
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Figure 4.7: Time spent at each stop.

4.4 Prescription

Until this section, it has been described the approach to evaluate different scenarios. However, the
procedure is unable to produce by itself recommendations to the retailer. Thus, this section intends

to generate admissible scenarios to test the impact on the retailer’s e-commerce operations.

4.4.1 Differentiated pricing approach

In time slot management, one of the main goals of the retailers is to balance the demand across
the available slots. To achieve this objective, a differentiated pricing approach is utilized which
is based on a time-based policy, as proposed by Agatz et al. (2008a). Through the utilization of
discounts and surpluses, it is intended to balance the demand not only between day periods but
also between slots with different lengths.

As aforementioned, one of the main challenges when testing a new scenario is to define how
to set the combinations to test. Thereby, it was performed a sensitivity analysis to the predictive
model to capture how the probability of a slot being chosen varies with its price. These probabili-
ties were used in an optimization model to set which fee to assign to each slot.

From an optimization perspective, the problem emerges as a linear optimization problem.

Consider:
Sets:
S: the set of available slots
F;: the set of admissible fees for slot s
Parameters:

prs: probability of the slot s € S with the delivery fee f € F; being chosen
a: the average price for the set of available slots
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Variables:

Yo — 1 if delivery fee f was assigned to slot s.
71 0 otherwise.

M: auxiliary variable to balance the probability of different slots being chosen

Formulation:
Minimize M “4.1)

1

Y P X g X Y P Xps <M VseS (42

fEF ’ ‘ fEFsseS
1

Y P Xps =g X Y PrscXps = M VseS  (43)
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1
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The objective of the optimization problem is to minimize the difference between the probabil-
ity of each slot being chosen and the available slots’ average probability. Therefore to ensure its
linearity, the objective function is modeled by the utilization of the auxiliary variable M (constraint
4.1) and the constraints 4.2 and 4.3. The other set of constraints ensures the design of a feasible set
of available slots: each available slot s € S only can have one delivery fee assigned (constraint 4.4)
and the average fee of the available slots should satisfy the retailer’s pre-defined target average fee

a (constraint 4.5).

4.4.2 Differentiated slotting approach

In the previous subsection, it was intended to use the price as the main tool to manage the demand.
However, as proposed by Agatz et al. (2008a), the available capacity can also be utilized to man-
age demand through quantity-base mechanisms. Thereby, it is proposed a differentiated slotting
approach that is used to define which slots should be open in different delivery areas.

One of the main challenges in differentiated slotting is to define a set of available slots that
do not prevent the customer acquisition in low-demand areas due to an insufficient set of delivery
options while keeping the fulfillment operation efficient. Therefore, when analyzing a combination
of available slots, the number of customers that give up on the booking process should be an
accountable metric.

To define which slots should be available in each delivery area, it is proposed a heuristics
that starts by setting all the slots open, regardless of the localization. Afterward, the simulation

procedure is applied to capture the distribution of the customers over the slots. If the average
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number of customers scheduling their deliveries for a given slot is unable to fill a van, then, that
slot is closed. This analysis is performed by delivery area. To promote the demand all over the
regions, a set of slots is to be open regardless of the demand level. Through, the application of the
algorithm 2, it is possible to define which slots should be open in each delivery area.

The developed algorithm is expected to cluster demand geographically, in order to avoid the
dispersion of customers over the delivery slots in the same area. Moreover, the existence of a
minimum number of slots open also assure the demand growth, regardless the insufficient number

of customers in the past.

Set all slots open;

Generate demand;

Predict customers’ choices;

for each delivery area a do

for each slot s do

if Average number of deliveries in the slot s at the delivery area a <= Number of

deliveries to fill a van then
| Close slot s at delivery area a;

else
| Keep slot s open at delivery area a;

end

end
Print open slots at the delivery area a
end

Algorithm 2: Procedure to define the open slots
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Chapter 5

Results

By the time this project was completed, the proposed approach was yet to be implemented by the
retailer. Thereby, all presented results were obtained through the application of the methodology
defined in Chapter 4. Section 5.1 shows the expected results of managing the demand through a
differentiated pricing approach. Finally, Section 5.2 presents the expected effects of applying a
differentiated slotting method.

5.1 Experimental results on differentiated pricing

As shown in Figure 3.2, the historical data unveils that the utilization of the slots is highly unbal-
anced. Therefore, the objective was to understand the best way to set the slots’ price to assure a
more balanced offer. This improvement on the demand balancing was expected to increase the
efficiency of the fulfillment operations, by smoothing the workload over the delivery periods. The
developed optimization model was used as input on the simulation procedure, by generating the
scenarios that had to be assessed. Due to the stochastic nature of the input parameters of the

developed simulation, each scenario was run 30 times.

5.1.1 Current average price

Using the current average price of the available slots as the baseline, the first analysis had two
major outcomes: the diagnosis of the retailer’s current performance and finding the best combi-
nation of prices to balance the demand over the slots. Thereby, the optimization model described
in Subsection 4.4.1 was used to produce a new combination of prices for the available slots. The
differences between the slots’ prices and the average price for the current policy and the proposed

combination are shown in Table 5.1.
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Table 5.1: Slots’ prices to be tested for the current average price.

Slot Real scenario  Proposed scenario
10:00 - 12:30 +0.40€ +0.55€
10:30 - 18:00 -0.55€ -0.75€
12:00 - 14:30 -0.25€ -0.10€
14:00 - 16:30 +0.35€ +0.45€
14:30 - 20:30 -0.45€ -0.75€
16:00 - 18:30 -0.25€ -0.15€
18:00 - 22:30 -0.35€ -0.75€
18:30 - 20:30 +0.55€ +0.75€
20:00 - 22:30 +0.55€ +0.75€

The current combination of prices leads to under utilization of wider slots, such as the slots
"10:30 - 18:00", "14:30 - 20:30" and "18:00 - 22:30". Through the optimization of the prices
policy, it is possible to reduce the standard deviation of the utilization from 4.25% to 1.35%. When
balancing the demand, improvement is also evidenced in the reduction of the difference between
the utilization of the most popular slot and the less popular slot, from 10.7% to 4.5%. Moreover,
the number of consumers using larger slots is expected to increase by 48%. The differences
between customers’ distribution in the current and proposed scenarios are highlighted in Figure
5.1.
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Figure 5.1: Slots’ utilization for the current and proposed combinations to the current average
price.

An important aspect to bear in mind is that the expected outcome of a new scenario should be
analyzed not only from the demand balancing point of view but also from an operational perspec-
tive. Thereby, it was relevant to assess the impact on customers’ withdrawal and the consequences
on the fulfillment costs. The proposed scenario is expected to have no influence on the average
number of deliveries per week. However, demand balancing is expected to decrease by 3.6% the

delivery costs of the overall e-commerce operation.
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5.1.2 New pricing policy

When analyzing the current prices policy and the cost per delivery, it is possible to observe that
the fulfillment operations are unprofitable, by approximately 2.15€ per delivery. Motivated by
this situation, it was evaluated the impact on increasing the slots’ price to reduce the gap between
the operational costs and the revenue on delivery fees. The goal of this assessment was not to have
profit on the delivery operations but to offset the delivery costs.

To perform the aforementioned analysis, the real scenario and the proposed scenario in sub-
section 5.1.1 (scenario 1) are compared with two scenarios where the average price is increased
by 0.35 € (scenario 2) and 0.85 € (scenario 3). The combination of prices to be tested relative to
the scenario’s average price were the result of the developed optimization model and are shown in
Table 5.2.

Table 5.2: Slots’ prices to be tested.

Slot Current price  Scenario 1 ~ Scenario 2 Scenario 3
10:00 - 12:30 +0.40€ +0.55€ +0.50€ +0.60€
10:30 - 18:00 -0.55€ -0.75€ -0.70€ -0.70€
12:00 - 14:30 -0.25€ -0.10€ -0.10€ -0.10€
14:00 - 16:30 +0.35€ +045€ +0.20€ +0.20€
14:30 - 20:30 -045€ -0.75€ -0.80€ -0.70€
16:00 - 18:30 -0.25€ -0.15€ 0.00€ -0.10€
18:00 - 22:30 -035€ -0.75€ -0.50€ -0.60€

18:30 - 20:30 +0.55€ +0.75€ +0.70€ +0.70€
20:00 - 22:30 +0.55€ +0.75€ +0.70€ +0.70€
Average Price Current Current +0.35€ +0.85€

Scenarios 2 and 3 present two situations of more balanced demand, compared with the real
scenario. The differences are more prominent to the real scenario, as mentioned in the previous
subsection, since scenario 1 is already successful when balancing the demand. The standard de-
viation of the utilization decreases to 1.00% in scenario 2 and 1.24% in scenario 3. The expected
distribution for the scenarios 2 and 3 are presented in the Figure 5.2 and the expected business

results are displayed in the Table 5.3.
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Figure 5.2: Expected utilization per slot for the generated scenarios.
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Table 5.3: Results for the proposed scenarios with differentiated pricing.

Real scenario Scenario 1 Scenario 2  Scenario 3
Number of deliveries Baseline 0.0% -1.8% 21.1%
Cost per delivery Baseline -3.6% -7.8% -4.6%

The second scenario is expected to decrease the number of deliveries per week, around 2%
when compared to the real scenario. However, delivery costs are expected to be reduced by 7.8%.
Despite the increase in customers’ withdrawal, this is considered a scenario with a high potential,
due to its capacity on balancing the demand and decreasing the operational costs. The impact on
the number of deliveries is expected to be mitigated by subscription packages and expansion of
the operations to uncovered areas.

When comparing scenarios 1 and 3, similar performances are verified on balancing the demand
and on the operational costs per delivery. However, the decrease by 20% in the number of e-
commerce customers would make the scenario 3 undesirable. The retailer’s goal of growing the
e-commerce business would be compromised by a scenario with such a significant impact on the
number of customers.

To conclude, it is possible to corroborate that scenarios 1 and 2 are the most suitable ones
for the current e-commerce business’ goals. Therefore, both scenarios were used in the analysis

discussed in the following section.

5.2 Experimental results on differentiated slotting

The previous section was focused on using the price as a tool to manage the demand. Now, it is
possible to analyze the impact of changing the slot’s availability on the overall operational perfor-
mance. One of the problems in e-commerce deliveries is that customers are not equally divided
across the country. There are areas with a high number of regular customers and others with spo-
radic deliveries, which leads to different operational implications to the retailer as exemplified in
Figure 5.3. Therefore, it is relevant to concentrate the customers over the slots as much as possible

to avoid high delivery costs to the retailer.

Delivery cost

0 5 10 15 20 25 30

Number of deliveries per slot

Figure 5.3: Relation of cost per delivery according to the number of deliveries per slot.
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The results overviewed in this section compare the case where all the slots are open (baseline)

with the following scenarios, in low-demand areas:

* Scenario 1 - Only the wider slots are open (10:30 - 18:00), (14:30 - 20:30) and (18:00 -
22:30);

* Scenario 2 - One wider slot (10:30 - 18:00) and one narrower night slot are open (20:00 -
22:30);

* Scenario 3 - Only one wider slot is open (10:30 - 18:00);

As mentioned in the previous section, the three scenarios were tested for two of the previously
proposed prices’ combinations: current average price (combination A) and increasing the average
price by 0.35 € (combination B).

The utilization of the algorithm developed in Section 4.4.2 triggered at least one of the fol-
lowing outcomes: a decrease in the number of deliveries or of the cost per delivery. While the
last effect is desirable to assure the sustainability of the operations, the first can have a prejudicial
effect on business growth. The results presented in Table 5.4 summarise how the outcomes vary

when the generated scenarios are applied for the two aforementioned prices combination.

Table 5.4: Results for the proposed scenarios with differentiated slotting.

Average price: current  Baseline Scenario 1 Scenario 2  Scenario 3

Number of deliveries 0.0% -0.1% -0.9% -3.5%
Cost per delivery -3.6% -11.9% -8.1% -14.4%
Average price: +0.35€ Baseline Scenario 1 Scenario 2  Scenario 3
Number of deliveries -1.8% -5.8% -8.5% -12.7%
Cost per delivery -7.8% -10.3% -8.5% -9.4%

For the prices’ combination A, one of the most promising results is verified when the three
wider slots are open, in low-demand areas (scenario 1). This scenario has an insignificant impact
on the number of deliveries and delivery costs are expected to decrease more than 10%, comparing
to the current scenario. The reduction of delivery costs is expected to benefit the goal of increas-
ing the sustainability of e-commerce operations. The third scenario also discloses a promising
reduction on the cost per delivery, but the high decrease in the number of deliveries makes the
hypothesis of only opening one slot in low demand areas undesirable.

The expected outcome for the generated scenarios with combination B is worse than the overall
performance of the scenarios with combination A. The higher delivery fees combined with a low
offer decrease the number of deliveries for every scenario. Moreover, a low number of deliveries
per slot is expected to increase the cost per delivery, as was previously suggested in Figure 5.3.

The retailer faces a trade-off between the number of deliveries and delivery efficiency. In-
creasing the delivery fees has the capacity of reducing the difference between the delivery price
and its cost, but has a negative impact on the number of customers. On the other hand, finding the

optimal combination for the current range of fees allows to sustain the number of deliveries, yet,
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the decrease on the difference between deliveries’ costs and revenues is not that significant. Bear-
ing this in mind, having a decrease in the number of customers is more harmful than not catching
up breakeven on the delivery operations, for the current retailer’s goals. Therefore, the described
results led to the conclusion that the most suitable approach is the adoption of the optimized com-
bination for the current average price, along the scenario where only wider slots are available, in
low-demand areas. The proposed scenario is expected to generate yearly savings of 11.9% for the

overall e-commerce operations.



Chapter 6

Conclusions and future work

The developed project focused on the time slot management practices of a Portuguese e-grocer.
The objective was to propose and develop a methodology that provides analytical support to ad-
dress the decision-making surrounding the availability of the delivery windows and respective
fees. The analytical support had two main goals: the development of a tool to quickly access the

impact of different delivery scenarios and the improvement of the current operations.

The project started with the analysis of the current operations, identifying the available time
windows, the charged fees and the overall utilization of different delivery options. Subsequently,
the two main fields of the e-commerce business had to be understood and represented: the con-
sumer behavior and the fulfillment operations. The consumer behavior is recreated by the estima-
tion of key parameters to characterize the demand and by the development of a machine learning
model to estimate the consumers’ choices when facing a set of delivery options. The fulfillment
operations are approximated through the utilization of statistical distributions and a regression that
considers both the number of deliveries and the respective covered area. A simulation model is
used to foresee the customers’ choices when facing a set of delivery alternatives and, after that,
the fulfillment operations are estimated to understand the impact on operational costs. This pro-
cedure was used to assess the impact of different delivery scenarios, in order to evaluate the best
alternative for the e-grocer to adopt.

The developed methodology enables the retailer to quickly assess the expected outcome of
different delivery scenarios. Up to date, the process accountable for setting the available delivery
windows and the fees to charge is of an empirical nature, with no procedure to foresee the expected
outcome. Therefore, the generated scenarios were only evaluated on real-environment, which
could have a prejudicial effect on the customers’ satisfaction and operations sustainability. The
existence of a tool to analyse the expected outcomes could prevent these undesirable effects. The
simulation procedure enables the retailer to have a holistic and integrated view of the expected
performance of the delivery operation for different delivery windows and regions. Moreover, it
allows the retailer to test different scenarios in a short period of time, instead of waiting for various

weeks to understand the impact of possible changes.

The utilization of a simulation tool to recreate the e-commerce operations provides greater

43



44 Conclusions and future work

comfort to the changes soon to be applied in a real scenario since many aspects of the delivery
operations can be analyzed in greater depth. It is possible to assess the slots’ expected utilization,
the number of withdrawals and the effect of the price assigned to each slot. Consequently, the
retailer is able to gather information to support his own decision-making, related to the time slot
management. Moreover, both the stochastic nature of the input parameters and of the customers’
choices increase the confidence of the final results, by assuring that the final outcome is not only

based on a particular case but rather on the multitude of different possible events.

The proposed approach to test the impact of different scenarios is itself deprived of advisory
capabilities. Also, the infinite combinations of delivery windows and possible prices to charge
increase the dimensionality and complexity of the problem, which preventing the test of all the
possible scenarios. Thus, the existence of methods that generate scenarios to be evaluated is of
great importance. Throughout the project, an optimization model was developed to set the prices
of the delivery windows and a heuristic procedure to set which are the delivery windows available
in each geographical area.

According to the results of this thesis, a scenario with optimized charged fees, maintaining the
current average price, and only making available wide delivery windows, in low-demand areas, is
expected to produce better results than the current scenario. Even though the proposed scenario
has not been implemented, the comparison with the performance of the as-is situation discloses
a more balanced usage of the delivery windows and a reduction on the cost per delivery. The
standard deviation between the delivery windows’ utilization is expected to decrease from 4.25%
to 1.37% and the delivery costs should decrease more than 10%. However, the proposed changes

are not expected to have a significant impact on the number of customers.

The current state of the art in time slot management is not very vast and only a restrict set of
papers have addressed the tactical field on this problem. Thus, the proposed approaches to gener-
ate scenarios extend the existing literature on the fields of tactical pricing and slotting. Moreover,
among the available literature, it is possible to verify that all of the studies either make stan-
dard assumptions about consumer behavior or use regression models to approximate the behavior.
Thereby, the utilization of a machine learning model to estimate the consumers’ preferences is an
upgrade to the current practices. Despite the improvement on the richness of the predictive model
when compared to current approaches, the model has some shortcomings worth mentioning. The
customers’ information only embraces commercial data, such as basket value or booking time.
A recommendation for future studies would be the usage of personal information, such as age,
working situation and historical delivery preferences, to improve the predictive accuracy.

Despite the explicit improvement on the retailer’s internal approach through the application
of the proposed methodology and the expected gains for the generated scenarios, more remarks
can be pointed out to the developed project. The proposed scenarios do not consider regional dif-
ferentiation concerning the prices defined for the available delivery windows. Thus, a suggestion
for future work would be to analyze how to set the fees not only for the available slots but also
for the different delivery areas. Moreover, the experimental studies only embraced existing slots

in the historical data set. The study of the expected outcome of new delivery slots should also
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be performed for further improvements on the e-commerce operations. The developed project
only encompassed the tactical field of the time slot management problem. This study is crucial
to set the retailer’s operations in the medium-term and to build the foundations for more complex
management methods. However, future work should also encompass the utilization of dynamic
approaches, in order to update the delivery policies in real-time as soon as new information is

available.
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