EINDHOVEN
e UNIVERSITY OF
TECHNOLOGY

Eindhoven University of Technology

MASTER

Agent Based Simulation of Online Auctions

de Ronde, T.

Award date:
2022

Link to publication

Disclaimer

This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

» Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
* You may not further distribute the material or use it for any profit-making activity or commercial gain


https://research.tue.nl/en/studentTheses/4e2f80ee-a22b-4cb3-8855-299df3520ded

Technische Universiteit

Eindhoven

University of Technology
Department of Mathematics and Computer Science
Architecture of Information Systems Research Group

Agent Based Simulation
of Online Auctions

Master Thesis

Tom de Ronde

Supervisors:
Dr. Yinggian Zhang - TU /e IE&IS
Dr.Ir. Laurens Bliek - TU/e IE&IS
Michiel Hilgeman - Troostwijk

Eindhoven, May 2022






Executive summary

This master thesis project was made possible by Troostwijk auctions. Troostwijk is one of the
largest online auction marketplaces in Europe. They facilitate hundreds of thousands of online
auctions annually across 150 countries. The focus of these auctions is mostly on industrial sectors
such as agriculture, construction, food handling and metal.

The auctions on Trooswijk have design feature setting them apart from the most common
online auctions on other marketplaces. The auction format mostly used is the English ascending
bid auction. The most interesting feature is the soft-close format of an auction. In this format an
online auction is extended by five minutes when a bid has been placed in the final five minutes of
the auction.

Another interesting feature of the auctions on Trooswijk is the long duration. Online auctions
on Troostwijk take place of the course of two weeks on average. While a one day online auction is
perceived as a short format. And online auctions of 3, 7 or 10 days are perceived as long [22].

Perhaps the most important design feature of online auctions is the starting price 2.2.1.
Troostwijk experimented with the starting price over the course of two separate data gather-
ing periods. Two different strategies were tested during these periods. The low pricing strategy
started an auction at roughly 10% of the estimated value. The other strategy started auctions at
roughly 50% of the estimation.

These auction design choices play a key role in shaping the online auction process. This process
is judged based on key performance metrics for online auctions. The first of two metrics used in
this project are the result of an auction measured as the relation between the final bid price and
the estimated value. The second metric is the number of bidders who placed a bid in an online
auction.

The other side shaping the online auction process is the bidder perspective. Bidders behavior
in auctions is an important area of interest in the online auction literature 2.3. Many studies
defined the most popular strategies amongst bidders. Evaluators place bids during the early to
middle stages of the auction duration, often only placing a single bid. Snipers or opportunists
place their bids at the final stage of an auction, also often placing just a single bid. The Sniper
strategy is the most commonly used strategy by bidders. Then a more active style of bidding are
the participators. These bidders tend to be active throughout the whole duration of an auction
and place multiple bids.

All research on bidder strategies had a similar data partitioning method to find clusters of
bidders in their data. The common method is the K-mean algorithm 2.6.1. The k-means+-+
algorithm is an adapted version that changed the method of setting initial cluster centroids for the
algorithm. The k-means+-+ algorithm proved to consistently find better clustering results with
faster computation times. Therefore, the K-means++ algorithm was to partition the data in this
project.
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The project was executed using the Cross Industry Process for Data Mining model [50]. The
model provides a framework to help with a structured execution of a data mining project. The
CRISP-DM cycle consist of 6 phases.

The first phase is the business understanding phase. In this phase the online auction process
is evaluated. Scientific literature on online auctions as well as bidding behavior was reviewed.

The second phase is the data understanding phase. The data was gathered by Troostwijk
over the course of two periods where different strategies regarding the starting price of auctions
were tested. The structure of the data, the available information, and the description of the data
conclude this phase.

The third phase is the data preparation phase. For htis project all steps required to create the
input for the simulation model were executed in this phase. Firstly, the data was cleaned. Then,
a subset of the clean data was selected based on several criteria. One of those criteria was the
auction had the have only one item. Another criteria was the auction had to result in a successful
sale. With the appropriate subset of clean data many data transformation steps were done. The
main transformation was the preparation of the data for the K-means+-+ algorithm. Other steps
were to prepare data for bidder arrival fitting and personal valuation fitting.

The fourth phase is the modelling phase. In this phase the simulation model is built. The
simulation model is built guided by the steps in the framework for agent based simulation models
2.4.1. Key elements in this framework are the agents, the relation and the environment.

The fifth phase is the evaluation phase. In this project the evaluation of the model was the
validation method. The validation proved the simulation model accurately reflects the processes
of online auctions with the low and medium pricing strategies.

This project showed how to create an agent based simulation model for online auctions. The
simulation model accurately reflects the process of real online auctions using multiple starting
price strategies. Furthermore, the bidder behavior analysis showed a new bidding strategy. The
starter strategy was never defined in existing literature on bidding behavior. In the client base on
Troostwijk the starter strategy proved to be a fairly popular strategy.
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Chapter 1

Introduction

Troostwijk is one of the largest online auction marketplaces in Europe. They facilitate hundreds
of thousands of auctions across over 150 countries annually. The vast majority of these auctions
are in industrial items, as opposed to consumer type items more often seen on other online auction
marketplaces. Some examples of such industries are the agriculture, construction, food handling,
metal and more. Another aspect of Troostwijk that differs from other online auctions is the type
of auctions they run, the most often seen auction type is the hard-close ascending auction where
Troostwijk runs soft-close ascending auctions. In the soft-close auctions ran at Troostwijk the
auction duration is extended by five minutes when a new highest bid has been placed in the final
five minutes of an auction. A third distinctive feature of Troostwijk’s auctions is the very long
auction duration, on average auctions run for 15 to 16 days. Comparing this to the duration of
auctions studied in the literature where auction of 3,7 or 10 days are viewed as long [22].

As online auctions increased in popularity so did the research in performance and optimisation
of online auctions. As reported in the literature study 2.2.1 one main decision variable with a
large impact on the online auction process and performance is the starting price. Initial studies
show that lower starting prices increase the number of active bidders, and consequently increase
the final bid price. This theory sparked the interest of Troostwijk to start experimenting with the
starting price in relation to the estimated price of an item. The way Troostwijk set this up is to
start the auction on 50 to 60 percent of the estimated price during one period, and at 10 percent
during the other. The question that arises is: What does the online auction process look like using
different starting price strategies?

In the literature study is shown that studies attended to answer this question by creating highly
fixed data using a single item that is sold in online auctions with the auction design as identical
as possible other than the variable at interest. This way the effect of that one variable on the
outcome of online auctions can be investigated

A new way to approach online auction studies is a simulation model. Initial work on this
shows that simulations can be at least as accurate as quantitative analysis methods, as discussed
in the literature review 2.4.3. A major advantage of simulation models is that it allows for more
flexibility in the design parameters of the online auction process. This gives that opportunity to
gain more insight in the way each parameter impacts an online auction.

This thesis project builds upon the limited simulation work previously done in the field of
online auctions. The way this project adds to the literature is by adding more of the commonly
used bidding behavior strategies. These bidder strategies are required as input for the simulation
model. In order to correctly program the behavioral characteristic for every type of bidder a
full bidding behavior analysis is done similar to previous studies in the field of bidding behavior.
This project adds to that field by discovering a new type of bidder strategy. Furthermore, the
simulation runs multiple starting price strategies in order to research the effects of the starting
price on the online auction process.

Agent Based Simulation of Online Auctions 1



CHAPTER 1. INTRODUCTION

1.1 Problem Statement

Online auctions work very similarly to traditional auctions. An item is presented and sold to the
highest bidder. In the auction format used by Troostwijk, an English soft-close type, bidders have
the opportunity to bid on the item until nobody is willing to and the auction duration has passed.
The soft-close rule means that when a bid is placed in the final five minute of an auction the
auction is extended by an additional five minutes.

Troostwijk and the sellers share the goal of maximizing revenues. The key decisions they can
make are the auction duration and the starting price of and auction. Much research has been
done on the effects of these decision variables, with varying results as discussed in the literature
study 2.2. The impact of the auction design has shown to depend on the marketplace and it’s user
base. Therefore, uncertainty remains on how to utilize the knowledge of these variable to design
an optimal auction.

The other side of the online auction process is shaped by the participating bidders. The
literature study shows that bidders will adopt a certain strategy over time. These strategies are
used to optimize different goals, the main goal being winning likelihood and bidder’s surplus.
However, very little is known on how these strategies shape the auction process as a whole and
how it impacts the auction outcomes.

Thus, uncertainty remains on the effects of auction design on the auction process and outcomes.
A simulation model offers an accurate and flexible method to gain knowledge on the online auction
process.

1.2 Research Questions

The goal of this project was to create a simulation model that accurately reflect the real online auc-
tion process. In order to give structure to the project the following research questions are proposed.

Main research question: How to build a realistic simulation model for online auc-
tions?
In this project the online auction process is modeled using agent-based simulation modeling. These
models consist of three main elements, the agents represent the bidders who act in an online auc-
tion. The relationship represents the human interactions. Finally, the environment is a set of
boundaries in which the agents operate.

Sub-question 1: How can bidder behavior be modelled?
In the literature study is shown that bidder strategies are defined in terms of timing of a bid as
well as the number of bids. The different strategies are likely to also differ in terms of the personal
valuations of items.

Sub-question 2: How can a simulation model be used to evaluate the online auc-
tion process?
The objective of the simulation model is to acquire knowledge on the online auction process. The
effects of decision variables as well as sensitivity to design parameters can be analyzed. Which
can lead to further interesting research questions for new studies.

Sub-question 3: How can the simulation model be validated? In the literature study
is shown that a major step in simulation research is the validation of the model. In this project
the model is validated using confidence interval validation.

2 Agent Based Simulation of Online Auctions



CHAPTER 1. INTRODUCTION

1.3 Project Approach and Report Outline

The framework used in this research project is the Cross Industry Process for Data Mining Model
(CRISP-DM)[50]. The CRISP-DM process model serves to execute a data mining project in a
structured manner. The cycle consists of 6 phases as shown in 1.1. The project starts with

Business Diata
Understanding 1 Understanding

Diata
Preparation

Deployment

Modelling

Evaluation

Figure 1.1: CRISP-DM Process Model [50]

the business understanding phase aimed towards the understanding of the project objectives and
converting this into problem definition. This phase is discussed in the problem statement 1.1 as
well as the literature study 2. The second phase is data understanding, in this phase the data
collected data is observed and possible data quality issues are identified. Additionally the data
structure is discussed, the data understanding phase is reported in 3. The third phase is the data
preparation phase, this phase consists of all necessary steps to convert the raw initial data into
a final data set ready to serve as input for the simulation model. Steps in this phase includes
data cleaning, data selection, data transformation and more and are discussed in section 4 . With
the prepared data the model can be created. The modeling and data preparation steps are often
executed iteratively since often problems are discovered while modeling. In the modeling phase
an additional framework for agent based simulation (ABS) will be used. The modeling phase is
discussed in chapter 5. Finally, the simulation model will be validated in the chapter 6. This
concludes the CRISP-DM cycle. In chapter 7 the project is discussed.
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Chapter 2

Literature review

In This chapter a literature review will be reported. The domain will be online auctions, with
additional focus on two opposing major perspectives: the seller’s and the bidders perspectives.
Then agent based modeling will be discussed as well as methods of validating such models. Finally,
machine learning in online auctions is discussed with a focus on k-means clustering and k-medoids
clustering.

2.1 Omnline auctions

Online auctions as a part of e-commerce has grown rapidly over the past two decades. As a result
the scientific literature had a similar development. The online auction literature directly follows
the literature of traditional auctions. In the traditional auction literature three main types of
auctions are defined [39]: English auction, Dutch auction and sealed-bid auction. English and
Dutch are ascending and descending bid auctions respectively. The sealed-bid auction where the
highest bid wins and pays either the value of his bid or the second highest bid. In online auctions
English auction is by far the most dominant type [36].

At the core of traditional auction literature are several valuation models aiming to understand
bidder behaviour. Starting with the Independent Private Values Model discussed by Vickrey [45].
This model assumed that bidders know their valuation of an item, but are uninformed about
competition valuations. The Common Values Model assumes the opposite, where a bidder does
not know the value of an item [43], [49] but is informed about competition valuations. A Third
approach is the Affiliated Values model [40], which has the more realistic assumption that bidders
are influenced by both their own as well as the competing bidders valuations and item qualities.
The AV model is confirmed many times by different studies on the impact of the number of bidders
on auction outcomes, as shown in later sections.

In 2008 a framework for online auction research was proposed by [5]. Based on existing liter-
ature at the time they proposed 5 main dependent variable to determine the outcomes of online
auctions.

Auction success Auction results in a completed sale
Final closing price highest bid in successful auction
Seller revenue The gross amount of the sale
Price Premiums Final bid compared to the average price of identical items
Number of bids Total number of bids in an auction

Table 2.1: Auction outcomes

These variables depend on a lot of different factors which are categorized as Seller-, Auctioneer-
and Bidder-controlled factors. The Auctioneer controlled factors consist of enabling certain auction
types for sellers and design factors maximizing technology acceptance by both the buyers and the

Agent Based Simulation of Online Auctions 5



CHAPTER 2. LITERATURE REVIEW

sellers. These factors are part of the widely researched field of technology acceptance and is beyond
the scope of this research. The Seller and Bidder controlled factors will be discussed in more depth
in the following sections.

2.2 Seller perspective

When listing items for an auction sellers have a lot of decisions to make. These effects of these
decisions on the sellers goal, a successful sale for the highest possible final price, have been widely
studied. Twelve of such decision variables are identified in a literature review [5] in 2008. Variables
such as payment and delivery options relate to more practical implications for buyers ease of use.
While sellers reputation rating and product information relate to buyers perceived risk. Similarly
to most auctioneer controlled variables the previously mentioned seller controlled variables are
very important regarding the buyers technology acceptance. Therefore these variables also are
beyond the scope of this research. Pricing variables such as Initial bid price, and the availability
of a reserve price or buy-now option have a more direct effect on auction performance and are
widely studied. Other variables such as auction duration and auction end time are also directly
linked to the auction performance. Finally, the auction mechanism is a key decision variable which
can have an effect on revenue as well as bidder behavior.

2.2.1 Pricing

Choosing a starting price is probably the most important decision a seller makes. A low starting
price encourages more bidders to participate in the auction with a higher risk of a lower final
price. On the other hand a high starting bid reduces the risk of a low final price, but will increase
the risk of not selling. The effects of starting price on auction outcome is the most extensively
researched topic in the field of online auctions. One study [52] found for eBay like online auctions
the optimal pricing strategy is to set a starting price as low as possible and to not have a reserve
price. Another research [30] did six studies with different methodologies to find that low starting
prices result in higher final bid prices. They found three reasons for this relation. Firstly, the low
starting price reduces the barriers of entry, which increases the competition and results in higher
final bids. The second reason is the low starting price leads to more time commitment by bidders
creating sunk costs, and as a result escalates their bids. Finally, the increased traffic created by the
low starting price can increase bidders valuation of an item. However, the effects of low starting
price on final bids can be reversed by high barriers of entry that limit traffic. A high entry barrier
can be misspelled brands, titles, or descriptions. Other entry barriers can be seller’s reputation
[53], [10]. And even low traffic can be interpreted as an entry barrier, since traffic leads to more
traffic [30].

A second pricing decision sellers can make is whether or not to use a (hidden) reserve price.
When the final bid of an auction is lower than the reserve price the seller will not sell. A seller can
use a reserve price to protect itself from selling an item too cheap. However, this protection does
come at a cost. Since, a study [27] of 50 matched pairs of Pokémon cards found that the use of a
secret reserve price reduces the probability of a successful auction as well as the number of serious
bidders and lowers the final bid. Another study [46] found the optimal reserve price to be 1 dollar
and disclosed, with the goal to maximize auction interest and final sale price. A reserve price that
low offers no protection to selling too cheap. Thus, one could argue that using no reserve price
at all is the optimal setting. This view is confirmed by Bapna and Gupta [20] who found that
”a zero reserve price provides higher expected profits than a reserve price greater than or equal
to the auctioneers salvage value”. Therefore, there is a clear trade-off between protection against
selling too cheap and the expected revenue.

6 Agent Based Simulation of Online Auctions



CHAPTER 2. LITERATURE REVIEW

2.2.2 Auction duration

Auction duration is another key decision variable from the sellers perspective. Intuitively longer
duration gives time to more bidders to participate in an auction. This view holds true when
bidders arrival time is a random variable [22]. In the previous section potential reasons for more
bidders leading to higher final bid prices are discussed. In addition the larger number of bidders
can lead to herd behavior increasing the number of bids further and resulting in higher final bids
[15]. Furthermore, an empirical study found that longer auctions result in significantly higher
prices [13]. While longer auction generally expect more bidders to participate, they do not always
perform better than short auctions. Some articles found that shorter auctions result in better
final prices. A potential reason is impatience of bidders, which is found to be a cause of bidders
bidding in increments larger than the minimum. This so called jump bidding is expected to
positively increase revenue [22]. A second potential reason is that shorter auctions can generate
more excitement or competitive arousal and as a consequence increase the bidding activity. This
increased bidding activity is found to be the total number of bids, and not necessarily the number
of bidders. Individual bidders placing multiple bids indicates a higher level of commitment and
competitiveness and thus increases the final prices [2].

All of these studies on auction duration were done using field data collected from eBay. Only
one study [22] compared the effects of auction duration using both data collected from eBay as
well as from a local auction site. This way using eBay data the positive correlation between longer
auctions and the number of bidders and bids was confirmed as well as a positive effect on the final
bid prices. However, when performing the same methods on data collected from the local auction
website the effects on final price was reversed. They found no correlation between the auction
duration and the number of bidders or bids. A reason could be that the online auction has a more
steady consumer base, while on eBay this is more randomly distributed. On top of that a negative
correlation between the duration and the magnitude of jump bids was found. They combination
of a stable number of bidders and bids with jump bids causes the final price to be higher in short
auctions on the local site.
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2.3 Bidder perspective

On the other side of the spectrum is the bidders perspective. Bidders and sellers have opposing
goals regarding the outcome of the auction. Where sellers want the highest possible final price,
buyers want the lowest possible final price that wins the auction. In order to do so bidders can
adopt different strategies to achieve their goals. The model of bidder strategies and auction prices
(MBSAP) [7] discovered a set of bidder strategies and their varying effectiveness in both winning
likelihood as well as bidder surplus extraction. MBSAP uses three variables related to timing and
number of bids to classify bidder strategies. Firstly, the time of entry (TOE) is the time at which
a bidder decides to enter the auction. Secondly, the time of exit (TOX) is the time of their last
bid. It is worth noting that bidders who place a single bid will have the same TOE and TOX.
Then, the last variable is the number of bids (NOB) which is the frequency with which a bidder
updates their bid. Several studies have used K-means cluster analysis [14], [7], [19] or segmentation
analysis based on K-means [6] in order to define bidder strategies and evaluate their outcomes. In
the following sections the different strategies and their effectiveness are discussed.

2.3.1 Evaluators

The first commonly identified bidder strategy is the evaluator [7], [6], [19] or early biding strategy
[14]. Bidders using this strategy often place only one bid during the early or middle stages of an
auction. This single bid most likely represents their maximum willingness to pay, indicating these
bidders think they can estimate the true value of an item [7]. The evaluator strategy is found to
be adopted more than opportunist strategy by single-unit bidders [19].

A benefit to an evaluator strategy is the minimized monitoring cost for an auction [7]. How-
ever, Cui et al. [14] found that compared to other strategies the early bidding strategy is the worst
performing strategy regarding winning likelihood, bidder surplus and strategy satisfaction. Fur-
thermore, evaluator strategies were found to be inferior to other strategies regarding both winning
likelihood and surplus [7].

2.3.2 Opportunists

Another commonly identified bidder strategy is the opportunist or sniper strategy. These bidders
often enter and exit an auction near the end and place a single bid [7], [6], [14], [19]. Sniping and
evaluator strategies are the most popular among bidders. Intuitively sniping should be a good
strategy to maximize winning likelihood since there is no time for competition to react. This
effect is confirmed by [7] as well as [14], who also found sniping to be superior to other strategies
regarding cost saving and satisfaction. Traditionally sniping is believed to be effective in hard-close
auction, since there is no time for competition to react. However sniping is found to have an even
stronger effect on revenue in soft-close auctions [11].
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2.3.3 Participators

The final commonly identified bidder strategy is the participator. These bidders tend to enter an
auction early and exit late and make multiple bids during an auction [7], [6], [19]. Participators
spend more time on an auction and as a consequence have higher monitoring costs. Participators
have a higher bidder surplus compared to opportunists and evaluators [7], which makes up for the
higher monitoring costs. Participators are found to have a significantly lower winning likelihood
compared to opportunists [7]. This low winning likelihood combined with high monitoring costs
probably cause participators to change strategy in future auctions [19].

2.3.4 Discussion online auctions and bidder behavior

In the literature it is found that the client base is likely and important factor together with
the auction design on the performance of online auctions. Therefore, for every data set the
bidder behavior must be analyzed independently to describe the behaviors of that client base.
Furthermore, the bidder behavior studies are performed mostly on eBay data, which is a hard close
auction type with small increment bids and generally short duration. Specially when compared
to Troostwijk where the duration is rather large averaging over two weeks per auction. Moreover,
Troostwijk has soft-close auctions and relatively large bid increments. Thus a differently behaving
client base with respect to current literature is expected. For these reasons the bidder behavior
analysis might show new insights in the success of each bidder type or even find a completely new
bidder strategy.
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2.4 Simulation

In this section agent based modeling and simulation techniques are discussed. A framework for
agent based modeling and simulation will be explained. Then, the applications of agent based
modeling in economics and online auctions specifically is discussed.

2.4.1 Agent-Based Modeling and Simulation Framework

In this section a framework is provided that guides in the translation of a real life process to an
appropriate agent-based simulation model. The framework is introduced by C. Macal and M.
North in several articles two of which are used to explain the framework [37], [38]. The structure
of ABMS models consist of three main elements. The first element is the agents, these represent
the people in the real life process. Secondly, the relationships represent the human interactions.
Finally, the environment represent the boundaries in which the real process should be modelled.
Each of the elements are explained in more detail in the following sections.

Agents

One of the main elements in agent-based modeling are agents. Despite agents being they key for a
model to be agent based, there is no agreement in the literature on the definition of what an agent
is. With respect to modeling in practise [37] and [38] considered four essential characteristics that
make an agent an agent. Firstly, an agent is self-contained, modular and uniquely identifiable. This
means agents can be easily identified, distinguished from other agents and recognized. Secondly, an
agent is autonomous. The autonomy of an agent allows it to act independently in the environment.
The third essential characteristic for agents is the requirement of a state. The state of an agent is
the set of its attributes and behaviors, which can vary over time. The final essential characteristic
is that agents are social. This means that agents behavior can be influenced by interactions with
other agents. On top of the four above mentioned essential characteristics there are some additional
characteristics that are worth mentioning, these are more situational depending on the goal of the
model. Some examples are that agents have goals to which the can modify their behavior. Agents
can adept based on its individual experiences or the experiences of the population. Furthermore
agents can be heterogeneous, meaning they can differ in behavior, goals, resources, and other
attributes.

Relationships

The second main element for agent-based models is the relationships between agents. In the
previous section the most important attributes and individual behavior of agents is discussed.
This sections focuses on the agents interactions with each other. There are two primary issues in
modeling the interactions. Firstly, the connectedness of agents need to be specified. This means
which agents are connected with each other. Secondly, the mechanisms of the interaction dynamics
need to be specified. The reason these two issues need to be specified is that agents make decisions
based on their local information. This local information is obtained by agent’s interactions. Agents
are typically connected with a subset of agents and not with the entire population. A subset of
connected agents are called neighbours, and can change during a simulation. The way agents are
connected in a model is the topology. There are a few possible topologies for agents-based models,
for example the agents location in a 2D or 3D space or the agents social group can be used to
define a neighborhood. Independent of the topology the social interaction can only occur during
a certain time with a limited number of agents.

Environment

The final key element for agent-based models is the environment. Similarly to interactions between
agents, interactions with the environment provide agents with information. This information is
typically in the form of boundaries and constraints as time, space and resources.
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2.4.2 ABMs in economics

One of the main aspects that makes simulation studies valuable is the ability to explain real
world phenomena that are costly or impossible to study in laboratory or field experiments [17].
Specifically in the field of economics ABMs offer two added values. Firstly, ABMs allow for more
descriptive richness by being able to describe ecologies of agents interacting through non-obvious
network structures, learning from information and competing in imperfect markets. Additionally,
the flexibility in both input and output validation add value to the modelers of ABMs [17].

2.4.3 ABMs in online auctions

Agent-based simulation has proven its value in the field of online auctions in a wide range of
applications. Several studies in the field of electricity auctions used agent based simulation in
some way to model human bidding behavior [54], [16]. In this market bids have the form of a
price-quantity pair. This illustrates the flexibility and efficacy of agent based modeling in online
auction research. However, these types of auctions strongly differ from the ascending English
auction which is the scope of this research. Another application of ABMs in online auction is
shown in [23]. Here an agent based simulation optimisation methodology is proposed to determine
an optimal online auction policy to control inventory in the agriculture supply chain.

More relevant to the scope of this research are the next applications of ABMs in online auctions.
Where the auctions are of the single unit English ascending bid type. In preliminary agent based
simulation work [41] attempt to model human bidder behavior that they anecdotally observed in
some online auctions. There are exactly two strategies modeled, early bidders and snipers. Each
have different behaviors regarding the timing of their bid and their valuation. This study aimed
to study interactions of the two types of bidders as well as the performance of the strategies.
They found that early bidders can win with lower prices than snipers on average, but with lower
probability. They also found that winning prices and probabilities of snipers show that the strategy
is effective. A study [42] built on their work by allowing snipers who bid in the last minute of an
auction to enter a sealed bid auction. This allowed for all snipers to adjust their final bid. This
additional auction resulted in an increase of the price by more than five percent on average.
Another study [32] compared the results of a Markov chain model with the results of an agent
based simulation. They modelled bidder behavior by setting a fixed maximum bid and uniformly
random willingness to pay for every bidder. Also the duration, minimum bid increment, reserved
price, and the number of bidders are fixed in every auction. They performed four experiments
which differ in maximum bid, and available information to bidders. These experiments showed
that the simulation has some advantages over the Markov chain model. Firstly, the simulation
performs equally well in approximating the expected revenue of single-item auctions. Then, it
allows analyst to scale the auction complexity and still match well with mathematical analysis.
It can model simple and complex bidder behaviors with realistic assumptions. Finally, it can be
applied to a wide range of other scenarios and complexities.

2.4.4 Discussion simulation online auctions

The current state of the literature on online auction simulation is in its early stages. Where
currently simulation models have two types of bidders, with a hard close ending, often with a
fixed number of bidders. Bidder behavior is typically modeled in a specified way not allowing for
much variance. The literature can be improved by building a simulation model with more bidder
types, more price categories, and less fixed behavior. A more detailed and expanded simulation
model can help understand the online auction process better as well as find possible effects of
changing design parameters. Furthermore, potential limitations or other issues involving analysis
of online auctions using simulation model can be found.
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2.5 Validation

One of the most important tasks when conducting a simulation study is to determine the accuracy
of the simulation model with respect to the real system [51]. Validation is defined as the process
that determines whether the conceptual model is a reasonably accurate representation of the real
world [31] and the output of simulations is consistent with the real world output. Moreover, verific-
ation is the process that determines whether the conceptual model is correctly programmed. And
calibration is an iterative process of adjusting parameters in the programming implementation
with the purpose of improving agreement with the real world. Together, validation, verification
and calibration are at the core of creating acceptable simulation models. Where validation is
achieved through calibration of the model until an acceptable level of accuracy is reached.
Modelers are responsible to find and choose appropriate techniques to assure accuracy and cred-
ibility of their model [51]. In the next parts some simulation validation approaches are introduced
which can guide modelers in their development process. Additionally, a classification scheme for
the level of empirical validity of an ABM is presented. And four dimensions to help decide the
best validation techniques are discussed.

Empirical validation involves the comparison between data generated from a simulation model
and data generated in the real world process [18]. This study identified methodological issues with
empirical validation on ABMs. For example, how does one compare a single observed trace in
the real world with the distribution of traces from the model? to what extend can we consider
simulated traces to be stylized facts, or counterfactuals? Then stylized facts obtained under a
specific set of inputs might not necessarily hold true under different arrangements and robustness
analysis must be performed before using ABMs for policy analysis exercises [18]. Another issues is
that there is no consensus amongst modelers on the validation techniques that should be used to
construct and analyse their models. In order to make an informed decision regarding the empirical
validation to be used [18] identified four dimensions in which ABMs differentiate:

1. The nature of the objects under study; This regards the empirically observed stylized facts
that the model is seeking to explain

2. The goal of the analysis
3. Modeling assumptions
4. The method of sensitivity analysis

(a) micro-macro parameters
(b) initial conditions

(c) across-run variability
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a study [17] discussed three main approaches to guide modelers in the empirical validation of
their models. The approaches are introduced below:

1. Indirect calibration approach the indirect calibration approach consists of four steps:

step 1) Output validation

step 2) Indirectly calibrate the model by focusing on the parameters that are consistent with
the output validation

step 3) Empirical evidence on stylized facts is used to restrict the space of parameters and
the initial conditions if the model is non-ergodic

step 4) Deepen understanding of causal mechanism that underlie the relevant stylized facts
as well as exploring new stylized facts

2. Werker-Brenner approach The Werker-Brenner approach consist of three steps:

step 1) Use existing empirical knowledge to calibrate initial conditions and parameter ranges.
step 2) Empirical validation of the output for each of the model specifications from step 1).

step 3) Another round of calibration using the surviving set of models.

3. History friendly approach The history friendly approach builds models on the basis of
a range of data, from detailed empirical studies to anecdotal evidence to histories in the
industry under study. This approach is used to assist in the modelling as well as the valid-
ation. Furthermore, it should guide in the specifications of agents, behaviors, interactions,
environment, decision rules, initial conditions, parameters, key variables and so on. Finally,
the data is used to empirically validate the simulation output with the actual history of the
industry. An important limitation to note regarding this approach is the model is often built
on the history of a single company and not an entire industry.

A general classification scheme judging the level of empirical validity of ABMs has been pro-
posed by [4] and [8]. The scheme consists of four levels:

level 0: The model is a caricature of reality, as established through the use of simple graphical
devices

level 1: The model is in qualitative agreement with empirical macro structures, as established
by plotting the distributional properties of agent population. This is the easiest way to
matching stylized facts.

level 2: The model produces quantitative agreement with empirical macro-structures, as estab-
lished through on-board statistical estimation routines.

level 3: The model exhibits quantitative agreement with empirical micro-structures, as determined
from cross-sectional and longitudinal analysis of the agent population
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2.6 Data mining and machine learning in online auctions

Data mining and machine learning have a large role in the online auction literature. It has been
utilized in a wide range of applications and goals. A lot of research has been done with the goal
to detect any type of auction or bidder frauds. Some examples of auction fraud are auctioning
defect items, incorrect information about the condition of items or failing to deliver an item [12],
[1]. A common type of bidder fraud is shill bidding [33], [44], [47], [48]. Besides fraud the focus of
many studies was the price dynamic of online auctions [25], [26], [29]. Finally, many studies are
done on finding and defining bidder behaviors and strategies as is reported in section 2.3. The
majortiy of studies used an expanded form of either k-means clustering or k-medoids clustering
to partition their data. Where the main difference is that the centroids resulting from the k-
means algorithm are not necessarily points in the real data, while the medoids resulting from the
k-medoid algorithm are. These clustering techniques are discussed in more detail below.

2.6.1 K-means Clustering

A frequently occurring problem in any scientific field is the clustering problem. Where the goal
is to find groups of data points in a given set. Such that each off these groups can be defined
as a region in which the density of data points is locally higher than other regions [34]. Solving
this problem exactly is NP-hard, which is why the k-means algorithm was proposed by Lloyd [35].
In practice the k-means algorithm is by far the most popular clustering method for scientific and
industrial applications [9], [24]. However, it is the speed and simplicity that makes the k-means
algorithm so appealing and not its accuracy [3]. Below the k-means algorithm is reported and
explained. Furthermore, some issues with k-means clustering are discussed.

The k-means algorithm begins with k arbitrary centers chosen uniformly random from all
data points. The k-means algorithm then searches locally optimal solutions with respect to the
clustering error. Each data point in than assigned to its nearest center. Then new centers are
recomputed as the mass of all data points assigned to a center. These steps are repeated until the
process stabilizes. The algorithm is formulated below [3]:

1. Arbitrarily choose an initial k centers C = {c1,¢2,...,C }-

2. For each i€ {1,...,k}, set the cluster C; to be the set of points in X that are closer to ¢;
than they are to c¢; for all j # 4.

3. Foreach i€ {1,...,k}, set ¢; to be the center of mass of all points in C; : ¢; = ‘é“ > wec, T
4. Repeat step 2 and 3 until C no longer changes

Where we are given an integer k and a set of n data points in X C R%.

One major issue causing the inaccuracy of the k-means algorithm is the sensitivity to the initial
centers [34], which are chosen uniformly random. In practise the workaround for this issue is to
run the algorithm multiple times with different initial centers and keep the best result [3]. On top
of this improvements can be made with the initial selection of clusters. A new method is suggested
by [3] where they suggest a combined algorithm called k-means++. Their suggestion is to select
the first cluster uniformly random, which is similar to the k-means method. The difference is in the
remaining k-1 initial clusters, which are selected and added one by one with weighted probability.
These probabilities are weighted with respect to the distance of all data points to their nearest
cluster. This is repeated until k initial clusters are selected. The next steps are the same as the
original k-means algorithm. The algorithm is formulated below [3]. The k-means++ algorithm
has shown to consistently find better clustering with faster computation times than the original
k-means.
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la. Take one center c¢; chosen uniformly at random from X.

1b. Take a new center c¢;, choosing = € X with probability %.
rxeEX

lc. Repeat step 1b. until we have taken k centers altogether.

2-4. Proceed as with the standard k-means algorithm.

Another major issue is to decide the number of clusters k. This decision is often made ad hoc
based on prior knowledge, assumptions and practical experience. The are several studies focused
on optimizing the number of clusters [21]. This is a very interesting topic on its own, however this
is beyond the scope of my project and therefore will not be further discussed.

2.6.2 K-medoid Clustering

Another popular data partitioning technique is the k-medoid technique [28]. The k-medoid al-
gorithm consists of two phases which are presented below. In the first phase k initial objects are
selected as follows.

1. Consider an object i that has not yet been selected.

2. Consider a non selected object j and calculate the difference between its dissimilarity D;
with the most similar previously selected object. Then calculate its dissimilarity d(j,%) with
object i.

3. If the difference is positive, object j will contribute to the decision to select object i. Therefore
we calculate Cj; = max(D; — d(j,1),0).

4. Calculate total gain obtained by selecting object i : Zj Cj;
5. choose the not yet selected object i that maximizes Y j Cji

This process is repeated until k objects have been found. In the second phase the set of selected
objects is improved by considering all pairs of objects (i,h) for which i is selected and h is not.
To calculate the effect of a swap between i and h on the value of clustering the first two steps are
carried out.

1. Consider a non selected object j and calculate its contribution C};; to the swap.
a If j is more distant from both i and h than from one of the other representative objects
Cljin is zero.
b If j is not further from i than any other representative objects d(j,t) = D; two situations
must be considered:

bl jis closer to h than to the second closest representative object: d(j,h) < E;, where E;
is the dissimilarity between j and the second most similar representative object. In this
case the contribution of object j to the swap between i and h is Cj;p, = d(j, h) —d(j, ©).

b2 jis atleast as distant from h than from the second closest representative object d(j, h) >
E;. In this case the contribution of object j to the swap is Cjn = Ej — Dj.

¢ j is more distant from object i than from at least one of the other representative objects
but closer to h than to any representative objects. In this case the contribution to the
swap is Cjp = d(j, h) — Dj.

2. Calculate the total result of a swap by adding the contributions Cl;p, : Tjp = Zj Cjin.
3. Select the pair (i,h) that minimizes Tjp.

4. if the minimum 7T, is negative the swap is carried out and the algorithm returns to step
1. If Tjp is zero or positive the value of the objective cant be decreased and the algorithm
stops.
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2.6.3 Machine learning discussion

The k-medoid clustering algorithm has the benefit of dealing with outliers better than the k-means
algorithm. Also it doesn’t depend on the order in which the objects are presented. However, a
key downside is the time and memory requirements [28]. This causes issues especially with large
data sets. Furthermore, the literature discussed in 2.3 all found clearly defined bidder behavior
using k-means clustering. For this reason and the fact that performing the k-means++ algorithm
solves some key issues from the original k-means algorithm, the data partitioning is done based
on k-means++ clustering.
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Chapter 3

Data Exploration

In this chapter the available auction data is discussed. Firstly. the method of gathering the data
is explained. Then, the structure of the data is presented. Next, the information contained in
each table is presented.

3.1 Data Gathering

The data used in this project is real online auction sales data from Troostwijk in two distinct time
frames. The data contains information on the auctions, the lots and bids. Over the course of
two years Troostwijk has experimented with different strategies on the starting price of auctions.
In 2018 data was collected in the period 12/21/17 until 6/30/18. In this period a starting price
of roughly 50 — 60% of the estimated value was mostly used. The 2019 data was collected in
the period 3/28/19 till 6/28/19, in this period the starting price of approximately 10% of the
estimated value was mostly used. In the figure 3.1 the total number of auctions, lots, bids and
bidders from both years are shown. As we can see the number of lots auctioned in these periods
is similar, but the number of bids and bidders is larger in 2019. This shows an expected difference
between the two periods.

2018 2019
Auctions 1100 455
Lots 147346 144502
Bids 1175044 2018011
Bidders 34358 44785,

Figure 3.1: Data gathered
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3.2 Data Structure

The data is provided in 6 separate tables, 3 tables from data gathered in 2018 and 3 tables for
data gathered in 2019. These tables contain information on the auctions that ran in the periods
considered, information about the lots being auctioned, and finally information about the bids on
those lots. These tables can be connected trough their primary keys, this results in the structure

shown in 3.2.

Auctions
Auction 1D
Lots
Lot ID
Auction ID o
Bids
Bid ID
Lot ID o

Figure 3.2: Data structure

The tables are connected as explained above and result in a relational database, creating the
relational database is done in Microsoft Access. The reason for the use of this type of database is
that filtering based on attributes from the lots can also filter the bids data. For example if a filter
on lots data with an estimated value is required, the bids data on only those lots can be filtered
simultaneously. Furthermore, information stored in one table can be added to the an other table
using the relationships presented in figure 3.2. This allows for efficient data cleaning as well as

filtering and selection of data.

18
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3.3 Available information

In this section the available information in each of the tables is presented. As explained in the
previous section the information is stored in three separate tables for each of the periods of data
gathering. In the auction tables 3.1 the identifiers are auction ID and the auction title. Further
information is the duration of an auction stored as a starting data and a closing date. In 2019 a
branch description of the lots sold in the auction was added.

’ Attributes H Data Type
Auction 1D Numerical
Auction Title String
Auction Start Date DateTime
Auction Closing Date DateTime
Branch Description(2019) String

Table 3.1: Auction Data

Then in both tables of the lots data the relevant information is presented in 3.2. Firstly, the
Lot ID is the unique identifier for the lots as well as the lot title. Lot numbers identify lots within
an auction and can repeat for other auctions, as such those are not unique values. Then, the
auction ID is the same for all lots in the corresponding auction.

The status of an auction explains whether or not that lot was sold or the auction was unsuc-
cessful. There are multiple reasons for the sale of a lot to fail. The number of items states the
amount of items sold in a singular auction.

The buyer account id is the unique identifier for the winning bidder of an auction with the
buyer country being the country where that bidder lives.

The estimated value of an item is the estimation made by Troostwijk of the value of that lot.
The starting price is the price at which the auction starts, and the reserve bid is the minimum
price required for a successful sale of that lot. Then, the current bid is the final bid on that lot
made by the winner.

Finally, the main category and sub category are the categories assigned by Troostwijk in which
the lots are advertised.

’ Attributes H Data Type
Lot ID Numerical
Auction ID Numerical
Lot Number Numerical
Status Category
Number of items Numerical
Buyer Account ID Numerical
Buyer Country Category
Estimated Value Numerical
Starting Bid Numerical
Reserve Price Numerical
Current Bid Numerical
Main Category Category
Sub Category Category

Table 3.2: Lot Data
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Then the relevant information in both bids data tables is presented in 3.3. In the bids tables
information on the corresponding auction and lots is stored in the attributes: Auction ID, Lot ID,
and Lot number. Then the account ID is the unique identifier of the bidder placing that bid, the
bid price is the value of that bid. Finally, the bidding date time is the exact moment the bid was
placed and the closing date time is the time the auction of the corresponding lot is closed.

] Attributes H Data Type ‘
Auction ID Numerical
Lot ID Numerical
Lot Number Numerical
AccountID Numerical
Bid Price Numerical
BiddingDateTime DateTime
ClosingDateTime DateTime

Table 3.3: Bid Data
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3.4 Data Description

In this section initial descriptive statistics from the data is reported and discussed. The first tables
are shown below 3.3 and 3.4 and contain information on the number of items sold in one auction,
the estimated value, the starting price, reserve price and the final sale price.

attributes ~ |means - |5Ds - | prt25 - | prt50 - | prt75 - | minimum * | maximum -
Number of Items 14 194 1 1 2 1 24000
Estimated Value 272 2958 0 0 50 0 350000
Starting Price 171 1311 10 15 75 0 200000
Reserve Price 1,4 49 0 1 1 0 10000
Final Bid Price 349 4972 10 35 130 0 1600000,

Figure 3.3: Descriptive statistics A 2018

attributes ~ |means - |5Ds - | prt25 ~  prt50 ~  prt75 *  minimum *  maximum *
Number of Iltems 16,7 959 1 1 2 1 312000
Estimated Value 555 5765 10 50 200 -1 1300000
Starting Price 96 3845 10 10 10 0 1300000
Reserve Prices 0,97 0,41 1 1 1 0 100
Final Bid Price 490 3888 15 55 190 0 860000,

Figure 3.4: Descriptive statistics A 2019

The first thing to discuss is the number of items in auctions. The results are very similar for
both years, with over 50% of the auctions are just 1 item. The mean number of items are heavily
skewed by a couple of very large numbers. The most important thing is that there are enough
auctions with just 1 items since the focus will be on those auctions for the rest of the project.
Another attribute is the estimated value of an auction.

There are some clear differences between the results in 2018 and 2019. Firstly, in 2018 the
median estimated value is 0. This means that over half of the auctions are not estimated, a reason
could be that in 2018 only the more valuable items were estimated. This also causes the mean
estimated value in 2018(€100) to be smaller compared to 2019(€555). In 2019 the first quantile is
10, this indicates that also the lower valued items were estimated in 2019. The minimum valuation
is -1, this is a value that was used for items that were not estimated. Further analysis showed
that the amount of items with valuation in 2018 and 2019 are 67.401 and 130.472 respectively.

The starting price is a major attribute for this project. Troostwijk has adopted different
strategies in 2018 and 2019. We can see the value of both first quantiles is €10, the differences
start with the medians of €10 and €15. The difference in the third quantile is ever larger with
€75 and €10. However, to identify differences in starting price strategy the starting price needs
to be viewed in relation to the estimated value. In 2018 we have a higher mean starting price with
lower estimated value compared to 2019. This indicates a clear difference in the starting prices
and confirms the difference in strategies.

The final bid prices follow similar patterns in 2018 and 2019. The values in 2018 are slightly
lower in all quantiles as well as the mean. Moreover, they both are heavily skewed by a few very
expensive items.

The reserve price does play a large role in online auction literature, however in this table it
clearly shows that most auctions have a reserve price of 1. Since the reserve price is lower than
the starting price it is irrelevant and will be ignored for the rest of the project.
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Two more tables show additional information on the data. Information on the buyers, item
categories and auction outcomes is shown in the tables 3.5 and 3.6.

attributes | ~ |Unique values ~  Top value ~ | Top frequency ~
Buyer Country 78 NL 48297
Buyer ID 15582 -

Main Category 122 Living Furniture and Accessories 12845
Sub Category 1025 Further Inventory 5392
Status 7 sold 99583,

Figure 3.5: Descriptive statistic B 2018

attributes | * | Unique value: ~ | Top value ~ | Top frequency -
Buyer Country 89 NL 51678
Buyer ID 17236 -

Main Category 133 Catering and Horeca 11535
Sub Category 1255 Further Hand Tools 3955
Status 7 sold 104131,

Figure 3.6: Descriptive statistics B 2019

In both data sets the most occurring nationality for the winning bidder is Dutch. Furthermore,
auctions were won by bidders from 78 countries in 2018 and 89 in 2019. In 2018 there were 15.582
unique winners out of 34.358 participating bidders. In 2019 there were 17.236 unique winners out
of 44.785 participating bidders. Moreover, the amount of main and sub categories is similar for
both years.

The final and most important attribute is the status. The status of an auction refers to the
outcome of that auction. A sold auction is a successful auction. The other 6 values are failed
auctions for a variety of reasons, as shown in figures 3.7 and 3.8. For the remainder of the project
only the data from sold auctions will be used.

s 45

offine (1%) N
offiine-no-sale (12gleniency (0%)

noshow (5%)

offline (0% 19
unsold (18%) offine-norsale (152} leniency @%hsold (7%)

seller (8%) seller (13%) i j

sold (69%)

sold (73%)

Figure 3.7: Pie chart Status 2018 Figure 3.8: Pie chart Status 2019
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Chapter 4

Data Preparation

In this chapter the steps taken to prepare the data to be used as input for the simulation model are
reported. The first section explains the data cleaning steps taken, and reports the final data set
used for in the project. Then the data transformation steps on this final data is reported. Moreover,
the results from the K-means algorithm are reported and discussed. Finally, the resulting bidder
strategies are defined and their behavior is reported.

4.1 Data Cleaning

In this section some issues with the data and their solutions are reported. A major issue with
the data was the lacking or inconsistent unique identification for the lots. This was resolved by
automatically creating new unique ID’s for the lots such that the data structure explained in section
3.2 can be realized. Additionally, the bid data was presented without any unique identification
and is added as such.

4.1.1 Lots

For the lots data the first issue was incompatibility between the data sets from the two years. One
incompatibility was on the attributes Main/Sub category in the lots data. In the 2018 set the
values were displayed in Dutch while in the 2019 set the values were in English. To solve this the
Dutch values were translated to English using the category names on the website. A couple more
small issues were that the data contained some missing values in relevant fields such as a missing
winner account ID as well as some negative winning bids, which is incorrect data. These lots, and
all the related bids were removed from the data.

4.1.2 Auctions

The first issue with the auction data was that there were a lot of duplicates, these were removed.
After the data structure was realized it became clear that some auctions completely lacked inform-
ation on lots or bids, these auctions were removed as well. Another issue was that some auctions
did not fully fit within the previously defined periods in time of which the data was gathered.
As a consequence the related lots related bids data may not be complete, with the possibility of
missing bids the data does not reflect the real process of auctioning those lots. Therefore, those
auctions, their related lots and related bids were removed.
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4.2 Data Selection

The selection of data is aimed at finding the most appropriate subset of the data to use as the
foundation of the simulation modeling process. The simulation process will be of single unit
auctions. Hence, the first selection criteria of the data is all lots with the value on a the attribute
Number of Items to be 1.

Another selection criteria is the estimated value of lots larger or equal to 5. The lower range of
values show highly inconsistent data which makes it less appropriate to built a simulation model.

The final criteria of the data selection is that the status of lots have to be sold. This is because
the simulation model will reflect the real process of successful auctions.

4.3 Final Data

After the data cleaning and data selection the following data 4.1 is used for the data transformation,
simulation model and validation.

y | 2018 | 2019 |

Auctions 278 426
Lots 35.335 71.011
Bids 420.508 | 1.182.152

Unique Bidders 22.186 37.805
Unique Winners 9.260 14.827

Table 4.1: Final data

From this table some interesting results can be deducted. In 2018 the average number of bids

placed in a successful auction of a lot was 422208 ~ 11,9 and 112152 ~ 16,6 in 2019. Then these

bids are placed by 22.186 and 37.805 unique bidders in 2018 and 2019 respectively. Which means
bidders placed 42229158068 ~ 19.0 and 1'31?%'&552 ~ 31.3 average bids in an auction they participated in.
From these active bidders only 9.260 and 14.827 bidders won an auction. This means that most

active bidders participating in auctions do not win any auction.
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4.4 Data Transformation

In this section all steps that were required to prepare the data to be suitable as input for the
simulation model are explained.

4.4.1 Pricing Strategies

As previously explained in the introduction 1 Troostwijk used different pricing strategies during
both periods of data gathering. However, no such information is stored in the data as presented.
The starting price and estimated value of items are the attributes used to categorize the pricing
strategies and price category. The price category is categorized using all estimated values between
10 and 100, 100 and 1000, 1000 and 10.000 and finally 10000 or higher. Then the pricing strategies
are categorized in a low, medium and high pricing strategy. The values used to categorize the
strategies are the ratio between the starting price and the estimated value. The resulting values
between 0 and 33 are considered a low pricing strategy, the values between 33 and 66 are medium
pricing strategy and the values between 67 and 100 are high pricing strategy. These two categorical
attributes are considered in pair which results in 15 possible categories, for all five price categories
all three pricing strategies were used.

4.4.2 Standardizing Bid Timings

The timing of bids available in the data is in the date time format. While this is an accurate
way of storing that information it is not usable across auctions with different start and end times.
Therefore, the timings of bids are transformed into a standardized format scaled between 0 and
10. This way the bid timings of all lots in both periods of data gathering can be used equally. In
order to standardize bid timings the date time format is converted to a milliseconds format. The
three attributes required to then standardize the bid timings are: The start time of an auction,
the closing time of an auction and the exact moment the bid was placed.

The information on the start time of and auction is missing in the bids data as presented by
Troostwijk. Therefore, the start date from the auction data was added to the bids data. The
closing time as well as the exact moment the bid was placed are present in the bids data. With
all required information present in the milliseconds format the bid timings are standardized using

: losingtime—Dbidti
the following formula: ——27RIMEZNENNE ()
closingtime—starttime

This results in the bid timings scaled to fit the range [0, 10]. These standardized bid timings are
used to compute the time of entry and the time of exit for the k-means algorithm in the following
section 4.4.3.

4.4.3 K-means Tuple

The standardized bid timings were used to compute the values for Time of Entry (TOE), Time
of Exit (TOX), and the number of bids (NOB) from a bidder in one auction. These values were
required as input for the k-means algorithm that is used to define the bidder strategies as explained
in the literature review 2.6.1.

For every bidder participating in an auction the tuple (TOE, TOX, NOB) is created. The
TOE is the standardized bid timing of the first bid placed by a bidder in that auction. The TOX
value is the standardized bid timing of the last bid placed by a bidder in that auction. The values
TOE and TOX can be equal when a bidder placed only one bid in an auction. The value for NOB
is the total number of bids placed by a bidder in that auction.
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4.4.4 Bidder Arrival Fitting

The information stored in the tuple (TOE, TOX, NOB) as computed in 4.4.3 was used to fit
the bidder arrival process. The information is stored as one row for every unique bidder who
participated in an auction of a lot. Hence, when bidders participate in multiple auctions there
will be a row with this bidder ID for every auction. This also means that auctions with multiple
bidders have multiple rows. Therefore, by counting the number of rows with the same Lot ID gave
the number of bidders who participated in that auction. This resulted in a column of number of
bidders in an auction. That column was then combined with all the categories as explained in
subsection 4.4.1.

N way ANOVA has been used to determine whether the grouped subsets using the grouping
variables price category and pricing strategy have different means. The results in figure 4.1 shown
that all groups have significantly different means. Therefore, a gamma distribution fit is done for
every group independently. These results are shown in table 4.2

Analysis of Variance

Source Sum Sq. d.f. Mean Sq. F ProbsTF Y
PriceCategory 15646. 6 3 5215.5 437.78 o
PricingStratedy 42123.2 2 Zl06l.6 1767.86 [u]
PriceCategory*PricingStrategy 32544.6 ] 5424.1 455,29 n]
Error 1257525.8 105554 11.9
Total 16089450.7 105565

W

Constrained (Type I} sums of squares.

Figure 4.1: N way ANOVA

| Category || count [ mean bidders | Variance bidders | Standard error [ a | b |
10 Low 944 3.40 8.25 0,00 1,76 | 1,93
10 Medium 28.945 6,31 13,90 0,02 2,67 | 2,36
10 High 10.147 412 8,42 0,03 215 | 1,91
100 Low 14.600 115 11,80 0,03 178 | 2,33
100 Medium || 17.677 4,43 7.25 0,02 2.60 | 1,71
100 High 93.283 3,61 6,37 0,02 2.35 | 1,53
1000 Low i1 3,00 12,00 1,05 1,56 | 1,09
1000 Medium || 822 15,13 69,45 0,29 2.71 | 5,59
1000 High 306 7,79 22,44 0,27 2,45 | 3,18
10.000 Low 148 6,10 12,54 0,29 2,66 | 2,29
10.000 Medium 5.974 9,90 34,18 0,08 2,61 | 3,79
10.000 High 2.619 5,76 15,63 0,08 2,09 | 2,76

Table 4.2: Bidder Arrival Distributions

These numbers are computed based on the bidders who arrived at an auction and actively
participated. This does not include bidders that arrive at an auction and decided not to place a
bid. Bidders can enter auctions and not place a bid for a lot of reasons. For example, a bidder can
enter an auction and value the item at a price lower than the highest current bid on that item. To
account for the probability of a bidder arriving at an auction and not placing a bid the resulting
expected bidders from the gamma distribution will be multiplied to more accurately reflect the
real participating bidders in every category.
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4.4.5 K-means Bidder Strategies

The tuple (TOE, TOX, NOB) as computed in subsection 4.4.3 is used to find and define the bidder
strategies used by the bidders in the data. At this point the data from both periods is combined
to keep the strategies adopted in both periods consistent. The partitioning method used to cluster
the bidder strategies is the K-means++ 2.6.1 algorithm as explained in the literature review, the
algorithm is the default K-means function in Matlab. The K-means++ algorithm find the best
clusters on the data by searching locally optimal solutions with respect to the clustering error.
The clustering error used is the squared euclidean distance of data points to the nearest centroid.
The algorithm is replicated 20 times with a different initial cluster centroid position. The solution
with the lowest final clustering error is returned.

One of the difficulties with the k-means algorithm is deciding the number of clusters K. This
decision was made based on the bidder strategies literature 2.3 as well as practical knowledge.
The expected strategies were sniper, evaluators and participators. However, we have practical
knowledge on participators that there is a high variability in the number of bids placed by bidders
who are expected to be in this cluster. Therefore, the expectation is that the participators can
be split into two distinct strategies. This resulted in the 4 expected strategies snipers, evaluators
and two types of more active bidders. Hence, the K in the K-means++ algorithm is set to 4.

An important strategy that is mentioned in the literature 2.3 is the automated bidder strategy.
In this strategy bidders leave the bidding to automated software based on preset commands such
as as maximum bid and the increment used to overbid other bidders when possible. This way the
bidder is not required to actively monitor the status of auctions. Bids placed by automated bidder
software can be recognised by the timing of their bid and the previous bid being exactly identical
in milliseconds. After the data was clustered some of these bids were individually analysed. This
way these type of bids were found to be placed by all different clusters. In several instances these
type of bids were placed by one bidder in an auction, who later in that auction manually placed
a bid. This indicates that even though the automated bidding software is used those bidders still
actively monitor the auction. This individual analysis of some of the automated bids gives reason
to believe the automated bidding is not a strategy but rather a bidding tool adopted by all types
of bidders. This supports the strategy not being considered in the decision to set the cluster K to
4.

The data was partitioned in 4 strategies. The behavior of bidders in these strategies can
be defined by the tuple (TOE, TOX, NOB). In the figures 4.2, 4.3, 4.4 below the box plots for
these attributes are shown. It is clear that the difference in behavior between all 4 strategies is
significant.
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Time of Entry

In figure 4.2 the differences in behavior between the 4 strategies with respect to the time of entering
an auction is shown. The TOE values are the standardized timing of the first bid placed by a
bidder in an auction. The first cluster is the participator strategy. Bidders using this strategy
mostly enter auctions during the second half of the auction duration. The median value is larger
than 9, this indicates half of the participators enter and auction later than that. The auctions on
Troostwijk have an average duration of around two weeks. Therefore, the participators often enter
auctions in the final day or two of an auction. The behavior of participators entering an auction
during the later stages was not expected from the participator strategies found in the literature
2.3

The second strategy is the piranha strategy, these bidders enter auction during any stage. With
the quartile values at approximately 2.5, 6 and 9 bidders the time of entering an auction slightly
tilts towards the second half of the duration.

The sniper strategy is expected to be at the very end of auctions, this is confirmed by the data
partitioning. However, with the first quartile at approximately 9 not all bidders in this cluster
enter the auction in the last day. Furthermore, the shape of the box plot as well as the many
outliers indicate a strong negative skew. Therefore, the behavior of snipers with respect to entering
an auction is not perfectly represented by this data.

Finally, the evaluators enter the auction during the earlier part of an auction up until slightly
later than the midpoint of the auction. This behavior is in line with what was expected from
evaluators in the literature 2.3.
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Figure 4.2: Box plot Time of Entry
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Time of Exit

In figure 4.3 the differences in behavior between the 4 strategies with respect to the time of leaving
an auction is shown. The TOX values are the standardized timing of the last bid placed by a
bidder in an auction. The participators, piranhas and snipers have very similar behavior regarding
the time of exit. All three of these types of bidders leave the auction towards the end of the
duration. The differences between the three are mostly the lower two quartiles. All participators
except outliers have a time of exit in the last day of an auction. While the piranha and snipers
approximately 25 percent of the bidders leaving an auction before the last day. However, the
outliers and shape of the box plots indicate a strong negative skew for both of those strategies.
This is a clear indication that the behavior of those strategies is not perfectly represented in these
plots.

Finally, the evaluators show the expected behavior. With a third quartile value of approxim-
ately 6 most evaluators have left in the early stage of an auction.
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Figure 4.3: Box plot Time of Exit
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Number of Bids

In figure 4.4 the differences in behavior between the 4 strategies with respect to the number of bid
in an auction by a bidder is shown. The NOB values are all bids placed by a bidder in a single
auction. The participators are active bidders throughout the auction placing between 5 and 12
bids in an auction. The piranhas are far more active with most placing between 11 and 28 bids,
with some instances of up to 80 bids in an auction.

The sniper and evaluators show very similar behavior with respect to the number of bids placed
in an auction with the majority of bidders placing only one bid in an auction. The only noticeable
difference between those strategies is the evaluator strategy having more and higher outliers.
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K-means Strategies Overview

To get a more complete perspective on the behavioral differences between the 4 strategies that
resulted from the k-means++ algorithm a 3D-plot is shown in figure 4.5. In this figure the
strategies are color coded, this way the clusters were clearly visualized.

The first thing to notice is the linear line across the TOE and TOX axis. Since it is impossible
to exit and auction before entering it, all values of TOX are larger or equal to the values of
TOE. On the same axis a clear cutoff line between the clusters sniper and evaluator is shown.
This cutoff indicates that bidders with a similar low number of bids are partitioned into either
sniper or evaluator clusters based on the combination of TOE and TOX values. All time of entry
values below approximately 5 are partitioned as evaluators, and above all time of entry values
of approximately 7 are partitioned as snipers. In between those time of entry values bidders
are partitioned as snipers when the time of exit is sufficiently later than the time of entry, and
evaluators otherwise.

Another interesting cutoff is between evaluators and piranhas. Where bidders with extremely
early time of entry are partitioned as evaluator for a number of bids lower than approximately 15
and piranhas with more bids. Moreover, a similar cutoff exists between participators and piranhas.
Where, bidders are partitioned as participator with lower number of bids compared to piranhas.

Strategy Clusters and Centroids

*  Participator

*  Piranha

*  Sniper
Evaluator

% Centroid

TOX

TOE 0 o NOB

Figure 4.5: 3D plot bidder strategies

Agent Based Simulation of Online Auctions 31



CHAPTER 4. DATA PREPARATION

4.4.6 K-means discussion

In the section 4.4.5 the results from the K-means++ algorithm are reported. The strategies that
resulted from the data partitioning were introduced and the differences between them are explained
with respect to the tuple (TOE, TOX, NOB) values.

The first attribute reported is the Time of Entry of the resulting bidder strategies. Some
unexpected behavior was found with the sniper strategy, there were many bidders in this cluster
that entered the auction way before the final day. This is not in line with the sniper strategy as
defined in the literature 2.3. Then, the participators seem to enter auctions rather late, mostly
during the final two days. Again, this is unexpected since in the literature participators are found
to enter the auction during any stage.

The second attribute is the Time of Exit of the resulting bidder strategies. The behavior from
the strategies is mostly in line with the expectations. The evaluators seem to leave the auction
as soon as their bid is placed during any stage of an auction. The participators, piranhas and
snipers all leave the auction towards the end of the duration. These strategies have a large amount
of outliers ranging to rather early times of exit. These outliers are not in line with what can be
expected from the bidders in these strategies.

Then the behavior with respect to the number of bids is as expected. The participators and
piranhas show more activity during auctions, where the snipers and evaluators mostly place one
bid.

After the individual behavior of each attribute the combined results were reported. The com-
plete behavior of strategies showed strange cutoffs at the edges of clusters. These cutoffs illustrate
a downside to the K-means algorithm, which is sensitivity to outliers. As a consequence those
edges are a bad way to describe the behavior of bidders in those strategies. Despite that the
centroids of the clusters show exactly the behavior to be expected from each strategy. Hence, in
the modelling of bidder behavior more value is given to the centroids.
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4.4.7 Starter Strategy

In the section 4.4.5 four bidder strategies were identified using a K-means algorithm. General
results on the behavioral attributes of bidders explained how these bidders act in auctions. A
more detailed analysis into the behavior of snipers and evaluators showed a different behavior.
Many of the bidders partitioned into these two strategies made only one bid. This is the expected
behavior from these two strategies. However, many of those bidders placed their one bid to start
an auction specifically. This is likely to happen randomly by either of those strategies. However,
these instances of auctions started by a bidder placing only the first bid of that auction is 57.731.
Furthermore these auctions were started by only 14.303 unique bidders who showed this behavior.
This behavior is adopted by a sufficient number of bidders and started a sufficient amount of
auctions to be considered as a bidder strategy on it’s own. Therefore, this new ’Starter’ strategy
is added as a fifth cluster by converting the cluster values of the bidders in auctions that showed
the specific behavior of placing only the first bid in an auction.

4.5 Resulting strategies

With the addition of the starter strategy the final five strategies to be used in the simulation
are complete. The strategies are not equally popular amongst bidders and have differences in
effectiveness. In the following figures 4.6, 4.7 the pie charts of the amount of bidders using
strategies and the winning strategies are reported. The most used strategy is are the snipers,
who won the most auctions as well. The evaluator strategy is the second most popular strategy,
but have very low winning chances. Then the starter and participator strategies are similar in
popularity, with good winning probability. Finally, the sniper strategy is not popular but does
have high winning likelihood. These figures show the strategies and their odds to win auctions
across all auctions.

Evaluator (3%)

Starter (12%) Starter (13%)
Evaluator (20%)
Participator (22%)
Participator (14%) Piranha (5%)
Piranha (3%) Sniper (51%)
Sniper (57%)
Figure 4.6: Pie chart bidder strategies Figure 4.7: Pie chart winning strategies
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The results of bidder strategies and performance reported above are aggregate results over
all selected auctions during the data gathering periods. However, the likelihood of bidders using
certain strategies might be different depending on the item being auctioned. In the following figures
4.8, 4.9 and 4.10 the adopted strategies in auction with certain estimated value ranges are shown.
In this figures clear differences in strategy adoption in each price range can be found. Two clear
trends that can be seen are the likelihood of bidders using a sniper or starter strategy decreases
when the estimated value of the item increases. On the other hand the strategies participator,
evaluator and piranha become more popular when the estimated value of an item is higher.

. . Starter (10%)
Evaluator (17%) Starter (17%) Evaluator (20%)
Participator (9%)
Piranha (1%)
Participator (17%)
Piranha (3%)
Sniper (57%)
Figure 4.8: Bidder strategies estima- Figure 4.9: Bidder strategies estima-
tion 10 tion 100
Starter (6%)
Evaluator (28%)
Sniper (40%)
Participator (18%)
Piranha (8%)
Figure 4.10: Bidder strategies estima-
tion 1000
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As a result of the clear differences in strategy adoption with the different price ranges, the
performance of those strategies is different in these ranges as well. In the figures below 4.11, 4.12,
and 4.13 the winning strategies are shown. It is clear that the starter strategy, which is more
often adopted with lower estimation performs well in that price range. The snipers have very high
winning chances in the lower two ranges and decent odds in the highest range. The participators
and piranhas have strongly increasing winning chances when the estimated value of the auction
increases.

Strategy adoption and their performance is an important part of the accuracy of the simulation
model. The outcomes reported here are real the results from the real process and should be
accurately reflected in the outcome of the simulation model.

Evaluator (3%) Evaluator (3% rter (8%)

Participator (14%) Starter (20%)

Participator (25%)
Piranha (2%)

Piranha (4%)

Sniper (60%)

Sniper (60%)

Figure 4.11: Winner strategies estima- Figure 4.12: Winner strategies estima-
tion 10 tion 100

EvaluateiiHéd (6%)

Participator (38%)

Sniper (39%)

Piranha (16%)

Figure 4.13: Winner strategies estima-
tion 1000
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4.6 Bidding behavior distribution fitting

In the previous sections the behavior of bidders in all strategies is presented and discussed. In
this section this behavior is fitted with the best distribution fit for every strategy. These fitted
distributions are used in the simulation model to program the bidder strategies. This strategies
were partitioned based on the tuple (TOE, TOX, NOB). The behavior of the strategies is modelled
based on the time of entry, the number of bids and the personal valuation of items. The personal
valuation is computed based on the estimated value of items and the highest bid placed by a
bidder in an auction. This relational valuation is then used to fit personal valuation distributions
for every strategy.

4.6.1 Evaluators

The evaluator strategy behavior is explained by the personal valuation of an item, the maximum
number of bids and the time of entering an auction. The personal valuation serves as a maximum
bid value a bidder is willing to place. Therefore as long as the current bid plus the minimum
bid increment is equal or lower than the personal valuation that bidder will remain active in an
auction, this is the first of three constraints for evaluators to be active. In figure 4.14 the fitted
distributions on the personal valuations of evaluators is shown. The distributions have a good fits
as illustrated by the cumulative probability plot and the numerical fitting results in figure 4.15.
The log-logistic fit is slightly better than the lognormal distribution as can be seen by the log
likelihood values. However the log-logistic distribution has infinite variance which caused it to be
a bad model to program the behavior of bidders. Therefore the best fit in practise is the lognormal
fit.

1
09 Viitterevaluator data
log-logistic
08 ——Lognormal
207
Z
£o6
2
s
o 05
2
E 04 Results Results
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£ Distribution: _ Log-Logistic Distribution: Lognormal
S Log likelinood: -85943 6 Log likelihood: -88303.6
© 03 Domain: 0<y<Inf Domain: Inf <y < Inf
Mean 109772 Mean 0949577
02 Variance:  Inf Variance: 363393
Parameter Estimate Std Em Parameter Estimate Std. Err.
mu  -0.892084 000363031 mu -0.859458 000382389
0.1 sigma  0.696019 0.00174769 sigma 1.271 0.00270392
0 Estimated covariance of parameter estimates: Estimated covariance of parameter estimates
mu_ sigma mu sigma
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Data sigma 1.11904e-07 3.05442e-06 sigma -3.00938e-22 7.31117-06
Figure 4.14: Personal Figure 4.15: Personal Valuation evalu-
Valuation Evaluator ator results

The second constraint for evaluators to remain active in auctions is the number of bids. The
expected number of bids placed by an evaluator is fitted using the Poisson function as shown in
figure 4.16 with numerical results in 4.17. In the cumulative probability plot large gaps can be
seen between the fitted distribution and the real data. The probabilities of lower value up to 3
bids in an auction is underestimated by the Poisson fit. As we know from the literature, this is
the part that is supposed to best explain the behavior of evaluators with respect to the amount of
bid revisions. Furthermore, in the K-means results 4.4.5 a large number of outliers was found for
the number of bids of evaluators. The fit seems to over fit to the tail end of the number of bids.
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The third and final constraint of evaluators to remain active is the time of entry. The duration
of an auction must be equal or later than the time an evaluator enters the auction. The time of
entry values are shown in the histogram in 4.18. This clearly shows a uniform distribution up to
a time of entry value of 6. As briefly discussed in 4.4.5, the cutoff point from the clusters sniper
and evaluator is between 6 and 7 depending on the time of exit. This is reflected by the smaller
bar on the right side.

Figure 4.18: Time of entry evaluator
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4.6.2 Snipers

Similarly to the evaluators the behavior of snipers is explained by the personal valuation, the
number of bids and the time of entry. The first constraint is the personal valuation. The personal
valuation was fitted using Log-Logistic and lognormal distributions as shown in figures 4.19 and
4.20. The cumulative probability plot shows the lognormal fit is slightly worse than the log-
logistic giving predicting slightly lower probabilities between the values 2 and 6 compared to the
data, where the log-logistic is fit better for the lower values. However, as mentioned before the
log-logistic distribution has infinite variance and proved to be a bad way to model behavior.
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The second constraint for snipers to remain active is the number of bids. The number of bids are
fitted using a Poisson distribution as shown in figures 4.21 and 4.22. In the cumulative probability
plot the possible values of 1 to 4 bids in an auction are shown to be slightly underestimated by
the fitted distribution.
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The final constraint for snipers is the time of entry. All time of entry values by snipers are
shown in the histogram in figure 4.23. The bars up to 9 are extremely low compared to the most
right bar. The shape of the histogram confirms the conclusion made in 4.4.5 that the data does
not accurately reflect the behavior of snipers. Therefore, fitting this data to a distribution to
model the behavior of snipers doesn’t make sense. A manual fitting approach ignoring the lower
value ranges resulted in a folded normal distribution with mean 10 and sigma 0.1.

x10*

Figure 4.23: Time of Entry Snipers
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4.6.3 Starters

The behavior of starters is more fixed than the other strategies. The number of bids is either 0 or
1 since they either start an auction or they don’t. Therefore, no distribution fitting is required for
the number of bids. Similarly, the personal valuation is exactly the same as the starting price and
also doesn’t require a distribution fitting. The only constraint that does require a distribution is
the time of entry, which is shown in figures 4.24 and 4.25.
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Figure 4.25: Time of entry starter results

In the cumulative probability plot the real data is fitted to two distributions. Both fits are
inaccurate for the middle of the data, with the gamma distribution in blue predicts higher probab-
ilities to the first half and then beta distribution predicts lower probabilities to the first half. The
beta distribution has a slightly better fit according to log likelihood values. Moreover, the beta fit
seem consider the tail end of the data, while the gamma distributions ignores that. Therefore, the
behavior of starters with respect to entering an auction is modelled using the beta distribution.
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4.6.4 Participators

The behavior of participators is more active than the previous strategies. Their behavior is ex-
plained by the personal valuations, the number of bids and the time of entry. The personal
valuation of participators was best explained by the Log-Logistic distribution shown in figures
4.26 and 4.27. The cumulative probability plot shows a similar result as with sniper, where the
lognormal fits slightly worse during the lower ranges of the data. However, its practical implica-
tions to program participator behavior is better and the fit is sufficient. Therefore, the lognormal
distribution is used.
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The second constraint for participators to remain active in the auction is the number of bids.
Participators are more active than the previous strategies as can be seen in the figures 4.28 and
4.29. The distribution is fitted using a Poisson distribution. The Poisson distribution slightly
underestimates the probability of participators bidding 4 times in an auction and overestimates
the probabilities of more than 6 bids.
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The final constraint for participators is the time of entry. In figure 4.30 the histogram of
entry times by participators is shown. The results show a similar shape to what was seen with
snipers, but in a wider shape. For this data a distribution fit proved to give bad goodness of fit for
every available distribution. Therefore, the time of entry is manually fitting using a folded normal
distribution. This resulted in a folded normal distribution with mean 10 and sigma 1.65.

x10°

4.5

Figure 4.30: Time of entry Participator
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4.6.5 Piranhas

The piranha is the most active strategy. These bidders place by far the most bids and do not
seem to have a maximum amount. Their bids seem to be limited only by the personal valuation
being exceeded. Therefore, the behavior of piranhas is modelled by their personal valuation and
the time of entry. Similarly to the other strategies the personal valuation of piranhas is fitted to a
log-logistic and a lognormal distribution as shown in figures 4.31 and 4.32. Again the lognormal
fit is slightly worse in the lower values compared to the log-logistic.
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The second and last constraint on the behavior of piranhas is the time of entry. Similarly to
the starters the time of entry is fitted with a beta and a gamma distribution. In the figures 4.33
and 4.34 the fits are shown. The beta function clearly fits the data better than the gamma as
can be seen in the cumulative distribution. Therefore, the beta function is used in the simulation
model.
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Chapter 5

Simulation

In the literature review a framework for agent based modeling and simulation was presented
2.4.1. This framework was used to give structure to the simulation model for the online auction
process. There are three main elements to agents based modeling: the agents, the relations and
the environment. Each of these elements and the way the simulation model is build upon them is
reported in the following sections.

5.1 Agents

The agents are the key part to agent based simulation. In the simulation model the agents
represent the bidders in the real auction process. In the literature four main characteristics are
explained. The agents must meet at least the requirements explained by those characteristics. The
first characteristic is that the agent must be easily identified. This requirement is automatically
met by Netlogo adding a number next to the type of agent upon creation.

The second requirement is the agent being autonomous. This means agents must be able to
act independently in the environment. The bidders are able to place their bids based on the
environmental attributes such as the current highest bid, the time, and their specified behavior.

The behavior is part of the third characteristic, the state. The state of an agent is the set of
attributes and behaviors, which can vary over time. The way states are modelled is explained for
each strategy in the following sections.

The final characteristic is that agents must be social. This means that the behavior of agents
can be influenced by interactions with other agents. Agents interact with each other by competing
in auctions.

All requirements for agents in an agent based simulation are met. The main part in the
modelling is the state of an agent. Their attributes and behavior are modelled based on the fitted
distributions as explained in section 4.6. In this section the exact way a bidder in each strategy
is modelled is reported. Including the assumptions and justifications for the modelling of the
attributes that were either manually fitted, or not fitted at all.
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5.1.1 Evaluator agent

For evaluators the time of entry is generated uniformly random in the range from 0 to 9. This
doesn’t fully reflect the real data as shown in figure 4.18. The way the time of entry is modelled
allows for evaluators to enter auctions slightly later than the partitioning results suggest. Trans-
lating the programmed range of entry times to the real auction process illustrates that evaluators
are able to enter auction up to one or two days before the duration of an auction ends.

To allow evaluators enough time to place their bids and potential bid revisions the activity
time is given. This activity time is set at 100 ticks, considering the duration of an auction is 1000
ticks this gives evaluators enough time.

Besides activity time another restriction for evaluator behavior is their personal valuation. The
personal valuation is set using the lognormal distribution as fitted in section 4.6.1. The personal
valuation can be interpreted as a maximum willingness to pay. When an evaluator places a bid
their bid value is either the current bid plus the minimum bid increment or in case it is the first
bid of an auction the start price.

The final attribute for evaluators is the maximum number of bids. As shown in section 4.6.1
the data was over fitted to match the tail end of the number of bids. These large number of bid
values do not explain the behavior of evaluators correctly. Therefore, the maximum number of
bids for evaluators is arbitrarily set to four.

5.1.2 Sniper agent

For snipers the time of entry is a key part of their behavior. Their strategy revolves around
bidding very late in an auction. From the data partitioning this behavior was poorly explained
as shown in figure 4.23. Which shows entry times by some snipers long before the last day of an
auction. Since this does not accurately explain the behavior of real snipers a manual fit of entry
times was done focused on the later range of values. To better predict the behavior of snipers
entering auctions during the closing stages a manual fit was done. This fit resulted in a folded
normal distribution with mean 10 and sigma 0,1.

Similarly, to evaluators sniper are given 100 ticks of auction time to place their bids. Since the
entry time of snipers is likely to be late in the auction their activity time will last longer than the
duration of an auction. This allows snipers to place bids during the added duration from the soft
close format.

The personal valuation of snipers was fitted to a lognormal distribution as reported in section
4.6.2. Similarly to evaluators and other strategies this personal valuation is a maximum value a
sniper is willing to bid. When a sniper decides to bid they will increase the current bid by the
minimum increment bid, or when they place the first bid the start value.

Finally, the number of bid is constrained with a maximum of 4 bids in an auction. This is
the same as evaluators, which is supported by the behavior seen in the literature review 2.3. The
maximum of 4 bids in an auction for snipers is supported by the cumulative probability plot in
figure 4.21.

5.1.3 Starter agent

The start strategy has the most restricted set of behavioral attributes. Their time of entry is
predicted using the inverse cumulative distribution function with the fitted beta values shown in
figure 4.24 and 4.25.

Starters are arbitrarily given 100 ticks of time to place their bid. This is a long time considering
they only place the first bid of the auction or no bids at all. However, this long active period will
not have an impact on the auction process due to the other restrictions.

Since starters only place the first bid of an auction potentially their personal valuation is set
to the start price, and the maximum number of bids is set to one.
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5.1.4 Participator agent

For participators the time of entry in auctions showed a similar shape as the snipers as reported
in section 4.6.4. A manual fitting was done to explain their behavior. This resulted in a folded
normal distribution with mean 10 and sigma 1.65. This means participators enter auctions fairly
late which is consistent with figure 4.30. The activity time of participators is set to 2000 ticks,
which is twice the duration of an auction. Therefore, the activity time is no restriction on the
bidding behavior for participators.

There are two restrictions to the activity of participators in auctions. The first restriction
is the personal valuation. Which is modelled using the fitted distribution in section 4.6.4. This
personal valuation is the maximum willingness to pay. When participators place a bid they will
increase the current bid with the minimum bid increment or by placing the first bid with a value
of exactly the start price. The other restriction is the number of bids. The maximum number of
bids placed by participators in an auction is set to 12 as suggested by figure 4.28.

5.1.5 Piranha agent

Fir the piranhas the time of entry is generated using the inverse cumulative distribution function
with the beta parameter values fitted in figures 4.33 and 4.34. Similar to participators the activity
time is set to 2000 ticks to ensure the behavior of piranhas is not restricted by time.

Piranhas are the only strategy not restricted by the number of bids which is set to 1000. Since,
1000 bid increments will exceed the personal valuations this is not a restriction. The behavior of
piranhas in the real process suggests that they will not give up an auction unless the current bid
exceeds their personal valuation. Which is generated using the results in section 4.6.5

5.1.6 Agent arrival

The arrival of agents was fitted in 4.4.4. These distributions are fitted on bidders that actively
placed a bid in an auction. In the simulation model agents and may or may not actively place a
bid depending on the simulation. As a result using the fitted distributions would lead to a lower
number of actively bidding agents than in the real process. A multiplier on the fitted distributions
is used to account for the possibility of agents not bidding in the simulation. This multiplier is a
parameter used for calibration as explained in 6. Furthermore, for the same reason that bidders
may not place a bid in an auction the probabilities of agents adopting certain bidding strategies
can not be deduced from the data of actively participating bidders. Therefore, the likelihoods of
agents adopting certain strategies are the second parameter.

5.2 Relations

The relations of agents are the second main element in agent based simulation. With the mod-
elling of agents two key requirements must be met. Firstly, the connectedness of agents. The
connectedness specifies which agents are connected to each other. In the case of an auction all
agents who enter the auction are connected by competing for the same item during the same time.

The second requirement is that the mechanisms of the interacting dynamics need to be specified.
These two requirements allow agents to make decisions based on their local information. Which
is obtained through those interactions.

In the simulation model bidders directly compete to win the same auction. They interact by
over bidding the other agents. Agents adept their behavior when being the highest current bidder
by sitting idle until an other agent over bids.
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5.3 Environment

The final key element for agent based simulation is the environment. The environment serves as
a set of boundaries in which the agents can act. In this simulation model the boundaries of the
online auction process are programmed as time, space and resource constraints.

5.3.1 Duration

The duration of an auction is modelled in terms of ticks. Every tick is a potential moment for an
agent to place a bid. The duration is limited to 1000 ticks. The soft-close aspect of the online
auction is modelled such that when a bid is placed in the final 5 ticks, the duration is extended
by 15 ticks. This concludes the time constraints of the simulation.

5.3.2 Bidding

The way agents place their bids is modelled in two separate scenarios. In the first scenario the
auction has started but no bids are placed. For the first bid agents in all strategies can only
place a bid value equal to the start price. This behavior is confirmed by the data, where almost
all auctions start have a first bid equal to the start price. This first bid is placed by the first
active agent with a personal valuation of at least the start price. The start prices depend on the
estimated value of an item and the pricing strategy. The following table 5.1 shows the starting
prices for all estimation values and pricing strategies.

Estimation | Strategy | Start Price
10 low 1
med 5
high 10
100 low 10
med 50
high 100
1.000 low 100
med 500
high 1.000

Table 5.1: Start price

The second scenario is when at least one bid has been placed in the auction. In this case the
agents will increase the highest current bid by exactly the minimum bid increment, if allowed by
their personal valuation and maximum number of bids.

As such the minimum bid increments play a major role in the online auction process. The data
shows that bidders from all strategies almost exclusively increase the current bid by this minimum
increment. These minimum increments depend on the value of the highest current bid as reported
in table 5.2.
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’ Current Bid \ Bid Increment | Percentage of current bid \
bid < 50 5 x50% — 10%
50 < bid < 200 10 20% — 5%
200 < bid < 600 20 10% — 5%
600 < bid < 2.000 50 8,33% — 2,5%
2.000 < bid < 4.000 100 5% —2,5%
4.000 < bid < 10.000 200 5% — 2%
10.000 < bid < 15.000 250 4% —1,67%
15.000 < bid < 25.000 500 3,33% — 2%
25.000 < bid < 60.000 1.000 4% —1,67%
60.000 < bid < 100.000 2.000 3,33% — 2%
bid > 100.000 2.500 2,5%—

Table 5.2: Minimum bid increments

As shown in the table the minimum bid increment is relative huge for items in the lower price
ranges compared to the more expensive prices ranges. The bid increment has a strong impact
in the online auction process as explained in the literature review 2.3.4. These bid increments
are much bigger than other online auction platforms such as Ebay. Therefore, the online auction

process is likely to be strongly shaped by the environment, specifically the bid increments.
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Chapter 6

Validation

In this chapter the simulation model was validated. The validation of a model determines the ac-
curacy of the model with respect to the real system. Validation is achieved through the calibration
of a model until an acceptable accuracy is reached. The Calibration process was done iteratively
by adjusting two parameters. The first parameter is the probability of an agent behaving accord-
ing the programmed bidding behavior from each strategy. This parameter was adjusted mainly to
calibrate the correct distribution of winning strategies. The second parameter is the multiplier.
The arrival process of bidders resulted in fitted distributions on bidders that actively placed bids
in auctions. However, the simulation model has an arrival process for agents that may or may
not place bids depending on the simulation. Therefore, a multiplier parameter is used to ensure a
number of agents to be created such the the number of agents actively bidding in the simulation
accurately reflects the real online auction process.

The Calibration process aim to achieve validation of the model. The validation method used
is the 95% confidence interval approach. Where the real data was used to generate confidence
intervals for the two online auction performance metrics. The first metrics is the result of an
auction, which is the final bid price relative to the estimated value of an item. The second
performance metric is the number of bidders who placed a bid in an auction.

The results of the validation are reported in table 6.1. In this table the count shows the number
of real auctions that occurred with the corresponding estimation value and pricing strategy. Then
the confidence intervals and the simulated results for both performance metrics show the accuracy
to which the simulation model reflect the real process. All simulations are ran 1000 times for each
pricing strategy and estimation combination.

‘ Estimation ‘ Strategy ‘ Count H 95% C.I. Results ‘ Simulation Results H 95% C.I. bidders ‘ Simulation Bidders ‘

10 H 13599 9.8302 - 10.5894 1.5475 4.2123 - 4.3278 1.6730

L 170 0.5901 - 1.5005 1.0707 1.4159 - 1.8194 2.2240

M 194 1.7157 - 2.3843 1.9180 2.3804 - 2.8567 2.6650

100 H 143 2.6283 - 3.2466 1.2459 5.273 - 6.0284 1.7450
L 9729 1.4727 - 1.6269 1.5548 5.5248 - 5.6597 5.5890

M 804 1.3802 - 1.6594 1.5061 3.4689 - 3.8272 3.6620

1000 H 14 1.1838 - 2.6733 1.3448 2.6536 - 6.4893 2.5900
L 1385 1.1479 - 1.3517 1.2623 8.0005 - 8.5064 8.1640

M 419 1.4199 - 1.7296 1.5061 4.6845 - 5.3393 5.2080

Table 6.1: Confidence Interval Validation

First key result to notice is that the high pricing strategies are not validated. The reasoning
for that is that the high pricing strategy with and estimation of 1.000 is ran only 14 times. This
is too low of a number to validate a simulation model. Moreover, the high pricing strategy with
an estimation of 10 showed an average results of 10,2. This means that real bidders payed on
average 100 euros for items that are estimated to be worth 10 euros. This raises questions on the
reliability of the data on the high strategy auctions, and the quality of those estimations in those
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instances. Therefore, the high pricing strategies were disregarded during the validation.

The two strategies of interest by Troostwijk were the low and middle pricing strategies. The
focus in the two data gathering periods was on those strategies. The results in table 6.1 validate
the simulation model for the low and medium pricing strategies for all estimation values using the
95% confidence interval validation method.

Besides the two performance metrics validated above, the calibration process aimed to accur-
ately reflect the distribution of winning strategies. The validation is illustrated using the following
pie charts aimed to accurately reflect the results reported in 4.5 in figures 4.11, 4.12, 4.13. The
simulation resulted in the following winning strategies which accurately reflect the real process.

Evaluator (7%) Evaluator (4g8) ey (10%)
Starter (17 %)

Participator (14%)

Participator (27%)

Pirahna (2%)

Pirahna (7%
rata (7%) Sniper (53%)

Sniper (60%)

Figure 6.1: Simulation winners 10 Figure 6.2: Simulation winners 100

Evaluatasteiie) (5%)

Participator (33%)

Sniper (45%)

Pirahna (14%)

Figure 6.3: Simulation winners 1000
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Discussion

This project aimed to create a simulation model to accurately reflect the process of online auctions.
Several pricing strategies were carried out in order to find out how the online auction process is
shaped with different starting prices in relation to the estimated value of items being auctioned.
The two strategies of interest for Troostwijk were the low strategy starting an auction at roughly
10% of the estimated value, and the medium strategy starting at roughly 50%. In order to structure
the project the research questions were presented in section 1.2. The main research question was
answered in the literature review 2.4 and the chapter 5 presented the practical steps taken to build
the model. The first sub-question was discussed in depth in sections 4.4, 4.6, and 4.5. The second
sub-question is discussed below. The third sub-question was discussed in chapter 6.

7.1 Limitations

Just like any other project not everything was perfect. The first limitation of this project is the
fact that the bidder valuations are predicted using a distribution that was fitted based on bid
values relative to the estimated value of items. These estimations were made by Troostwijk and
human error will always be part of such estimates. As a result the simulated personal valuations
might be skewed towards human biases in the estimation process. An example of the estimation
being wrong was found with the real results using a high starting price strategy on items with an
estimation of 10, as reported in table 6.1.

Another limitation is that the arrival process of bidders was founded on the active bidders
from the real process. This would cause the simulated auctions to always have too few agents.
This was compensated using a multiplication factor. An arrival process based on the number of
bidders showing interest might lead to different results and a different simulation model.

Furthermore, the k-means++ algorithm resulted in imperfect cluster partitioning. Some of
the behaviors could not be explained with knowledge on the strategies from the literature. Other
data mining techniques to partition data might lead to better results with respect to the bidder
behavior, and as such to the simulated behavior.

Finally, the high minimum bid increments severely limited the possible outcomes of the simu-
lated auctions. A lower bid increment allows more bidders to participate in auctions and as such
increases the potential activity.
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7.2 Academic Relevance

This research adds to the literature on online auction simulation by simulating auctions with more
possible bidder strategies. Another addition is the soft-close format, where previous simulation
models used the more common hard-close format. Additionally, this research found and defined
a new bidder strategy previously not discussed in the bidding behavior literature. The starter
strategy is not yet discussed in the literature and is sufficiently common to have significant impact
on online auctions.

7.3 Future Research

The simulation model was made for the potential to gain knowledge on the online auction process.
Some interesting areas to discover are the effects of lower and higher bid increments on the auction
process. Another potential area is to stimulate bidders adopting certain strategies. This could be
used to manipulate the process of an auction. For example, bidders could be offered an incentive
to place the first bid in auctions, or to place multiple bids.
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APPENDIX A. NETLOGO CODE

;33 creating constructs for auctions
bresd [sellers seller]
bresd [objects object]
breed [bidders bidder]

ign construct owned variables

-own [PriceStrategy Performance]

-own [StartingPrice EstimatedValue]

bidders-own [PersonalValuation Bid Strategy EntryTime ActiveTime behavior NOB MAXNOB]

4]
m
=
=
m o
[
[ ]

globals [Time CurrentBid MOBidders a b StartPrice TotalBids FinalBid MarginalBid Leader xx yy
LLaplha LLbeta BidTiming ThisDuration Leaders winningstrategy Result finalbidders Bounda Bound

to setup
clear-all
reset-ticks
set CurrentBid @
set TotalBids @
set ThisDuration Duration
set leaders []
create-sellers 1 [set shape "house” setxy 18 18 set color white set size 5]

;i3 create objects with estimated value, marginal bid, and starting price according to the =se
L 1

create-objects 1 [set shape "car" setxy 180 5 set color white set size 2 set heading 2@
set EstimatedValue Estimaticon

if PricingStrategy = "low" [set StartingPrice 9.1 * Estimation]
if PricingStrategy = "medium™ [set StartingPrice 8.5 * Estimation]
if Pricing5trategy = "high" [set StartingPrice Estimation]
333 Marginal bids increase incrementally with respect to the current bid or starting price
333 Here the marginal bid is initially set with respect to the starting price
(ifelse
StartingPrice < 5@ [set MarginalBid 5]
58 <= StartingPrice and StartingPrice < 288 [set MarginalBid 18]
288 <= StartingPrice and StartingPrice <« 688 [set MarginalBid 2@]
688 <= StartingPrice and StartingPrice <« 2000 [set MarginalBid 58]
2808 <= StartingPrice and StartingPrice < 4800 [set MarginalBid 10a]
4ee@ <= StartingPrice and StartingPrice < 18008 [set MarginalBid 2@a]
leeed <= StartingPrice and StartingPrice < 15088 [set Marginalbid 258]
15688 <= StartingPrice and StartingPrice < 25082 [set MarginalBid Se2]
25008 <= StartingPrice and StartingPrice < 68882 [set MarginalBid 1@e0]
GEG08 <= StartingPrice and StartingPrice < 188882 [set MarginalBid 288a)
StartingPrice > 100822 [set MarginalBid 258@)

Figure A.1: Netlogo Code Part 1

60 Agent Based Simulation of Online Auctions



APPENDIX A. NETLOGO CODE

;33 set PoissonMean according to the pricing strategy and estimated value
333 also set startprice
if PricingStrategy = "low"” [set startprice 8.1 * Estimation

if Estimation = 1@ [set & 2.5961 set b 1.7855% set Multiplier 1]

if Estimation = 182 [set & 2.6728 set b 2.3616 set Multiplier 1.7]
if Estimation = 1888 [set & 2.68%4 set b 3.7%41 set Multiplier 1.55]
if Estimation = 10808 [set a 2.7082 set b 5.5863 set Multiplier 1]]

if PricingStrategy = "medium” [set startprice 8.5 * Estimation

if Estimation = 1@ [set a 2.3543 set b 1.5324 set Multiplier 2.2]
if Estimation = 188 [set a 2.1545 set b 1.9182 set Multiplier 2.1]
if Estimation = 1888 [set & 2.8888 set b 2.738% set Multiplier 2.2]
if Estimation = 12088 [set a 2.4475 set b 3.1821 set Multiplier 1]]

if PricingStrategy = "high" [set startprice Estimation

if Estimation = 18 [set a 1.7882 set b 2.3333 set Multiplier 1]

if Estimation = 188 [set a 1.7635 set b 1.9284 set Multiplier 1]

if Estimation = 1888 [set & 2.6648 set b 2.28%6 set Multiplier 1]
if Estimation = 18288 [set a 1.5569 set b 1.9853 set Multiplier 1]]

333 create bidders according to a gamma arrival distribution with a mean derived above
set NOBidders round{Multiplier * random-gamma a (1 / b))
if MOBidders = @ [set NOBidders 1]

333 here we model the beshavior of all bidders as well as color code them for visuals
;33 set the boundary values for strategies based on estimation
if estimation = 18 [
set BoundaA 27
=et BoundB 42
=et BoundC 43
=et BoundD 5@

]

if estimation = 188 |
=et Boundd 21
set BoundB 4@
=et BoundC 42
=et BoundD 52

]

if estimation = 1288 [
==t BoundA 22
==t BoundB 41
set BoundC 44
==t BoundD 5@

]

Figure A.2: Netlogo Code Part 2
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create-bidders NOBidders [set shape "person” set size 2 set NOE 2
let choice random 168
(ifelse
333 Starter Strategy Yellow/ Arrival using beta distribution with a= ©.522232 and b = @.
choice <= BoundA [set Strategy "Starter” set coleor yellow
set xx random-gamma ©.522232 1
set yy random-gamma ©.427437 1
set EntryTime round{x=x / (xx 4+ yy) ¥ Duration)
set ActiveTime 188
cet PersonalValuation StartPrice ;;;currently set PV equal to the gleobal wvariable Star
set MAXNOE 1

]

333 Evaluator Strategy Green
BoundA < choice and choice <= BoundB [set Strategy "Evaluator” set color green

set EntryTime random {9 * Duration / 18)
set ActiveTime 108
;33Choose whether to use log-logistic or lognormal distribution for personal valuation
;i3set PersonalValuation round{estimation * random-Loglogistic -8.892884 8.596819)
set PersonalValustion round{estimation * random-lognormal -8.859453 1.271)
set maxNOE 4
]
333 Pirahna Strategy Blue / Arrival uwsing beta distribution with a = ©.658444 and b = @.
BoundB < choice and choice <= BoundC [set Strategy "Pirahna™ set color blue
cet xx random-gamma B.653444 1
cet yy random-gamma 9.439817 1

set EntryTime round({xx / (®xx + yy) ™ Duration))}
set ActiveTime 2084
i;3choose loglog or lognormal
i33set PersonalValuation round{estimation * random-Loglogistic @.543382 @8.72759)
set PersonalValuation round(estimation * random-lognormal @.623864 1.32673)
set MAXNOE 1826
]
333 Participator Strategy Red/ Arrival using Folded Mormal Distribution with mean 18 and
BoundC < choice and choice <= BoundD [set Strategy "Participator” set color red
set NormalParticipator random-normal 1@ 1.65
if MormalParticipator <= 1@ [
set EntryTime round{MormalParticipator * Duration / 18)]
if MormalParticipator > 18 [
set EntryTime round{{1@ - (MormalParticipator - 18)) * Duration / 18)]
set ActiveTime 20824
;33Choose loglog or lognormal
isiset PersonalValuation round{estimation * random-Loglogistic ©.329972 8.628125)
set PersonalValuation round(estimation * random-lognormal 2.421929 1.1%361)
set MAXNOE 12

Figure A.3: Netlogo Code Part 3
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APPENDIX A. NETLOGO CODE

333 Sniper Strategy Pink/ Arrival Time using folded nmormal distribution with mean 18 and
choice » BoundD [set Strategy "Sniper” set color pink
set NormalSniper random-normzl 12 2.1
if MormalSniper < 1@[
set EntryTime round{MormalSniper * Duration / 18)]
if MormalSniper »= 18 [
set EntryTime round({{18 - {(MNormalSniper - 12)) * Duration / 18)]
set ActiveTime 108
;ischoose loglog or lognormal
;isset Personalvaluation round({estimation * random-Loglogistic -@.139956 @.622984)
set PersonalValuation round({estimation * random-lognormal -8.89%06297 1.1425%)
st maxNOE 4

]
)

output-type strategy
output-type " PV: "
output-type personalvalustion
output-type ", TOE: "
output-type EntryTime
output-type ", Active:
output-print ActiveTime

333 give all bidders an own spot
let am 2
let side sgqrt NOBidders
let step 2.2
let x B
let vy @
while [am < NOBidders + 2]
[ if x > (side - 1) * step
[ set y y - step
set x @]
ask bidder am [setwy x y]
set x w + step
set am am + 1]

end ;;; end of setup

Figure A.4: Netlogo Code Part 4
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NETLOGO CODE

to go
tick
if ticks <= thisduration [
if totalbids =8 [
place-firstbid
1
if totalbids > @ [
place-bid
1
update
]
if ticks »>= thisduration [
if leader = @ [
setup

ECQ

if leader != @ [
terminate-auction

]

stop

]

Figure A.5: Netlogo Code Part 5

64

Agent Based Simulation of Online Auctions



APPENDIX A. NETLOGO CODE

;33 Model how the first bid is simulated
to place-firstbhid

let activebidder one-of bidders with [EntryTime < ticks and ticks < Entrytime + ActiveTime
gnd PersonalValuation »>= StartPrice]

if activebidder != NOBODY [
ask activebidder [
if Strategy = "Starter”
[

set NOB 1
set TotalBids TotalBids + 1
==t Bid StartPrice
==t labsl Bid
==t Leader activehidder
cet BidTiming ticks

1

if strategy = "Evaluator"”
[
Zet MNOB NOEB + 1
==t TotalBids TotalBids + 1
==t Bid StartPrice
==t labsl Bid
c=2t Leader activebidder
set BidTiming ticks

]

if Strategy = "Participator”
[
=2t MNOB MNOBE + 1
z=t TotalBids TotalBids + 1

==t Bid StartPrice

==t labsl Bid

set Leader activebidder
set BidTiming ticks

]

if Strategy = "Pirahna™
[
zet MWOB MNOBE + 1
==t TotalBids TotalBids + 1
=et Bid StartPrice
==t labsl Bid
==t Leader activebidder
set BidTiming ticks

Figure A.6: Netlogo Code Part 6
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if Strategy = "Sniper”
[
zet MOB MNOE + 1
c=t TotalBids TotalBids + 1
==t Bid StartPrice
==t labesl Bid
set Leader activebidder
set BidTiming ticks

eng

;33 Model how the bids are simulated
to place-bid

ask leader [ht]

let activebidder one-of bidders with [EntryTime < ticks and ticks < Entrytime + ActiveTime
gnd PersonalValuation »>= StartPrice and PersonalValuation »= Currentbid + marginalBid and

ask leader [st]

if activebidder != WNOBODY and ActiveBidder != leader [
ask activebidder [

if Strategy = "Evaluator”
[
Set MOB MNOEB + 1
cet TotalBids TotalBids + 1
set Bid CurrentBid + MarginalBid
cet label Bid
cet Leader activebidder
set BidTiming ticks

]

if Strategy = "Participator”
[
et MOB MNOB + 1
cet TotalBids TotalBids + 1
Set Bid CurrentBid + MarginalBid
set label Bid
set Leader activebidder
set BidTiming ticks

Figure A.7: Netlogo Code Part 7
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if strategy = "Pirahna™
[
set NOE MNOE + 1
set TotalBids TotalBids + 1
set Bid CurrentBid + MarginalBid
set label Bid
set Leader activebidder
set BidTiming ticks

]

if Strategy = "Sniper”
[
==t MNOB MOE + 1
z=t TotalBids TotalBids + 1
set Bid CurrentBid + MarginalBid
z=t label Bid
z=t Leader activebidder
set BidTiming ticks

end

to update

set CurrentBid max[Bid] of bidders

ask sellers|

set Performance CurrentBid / Estimation

333 update marginal bid according to the latest bid

(ifelse
CurrentBid < 52 [set MarginalBid 5]
58 <= CurrentBid and CurrentBid « 2808 [set MarginalBid 18]
288 <= CurrentBid and CurrentBid < &80 [set MarginalBid 28]
G28 <= CurrentBid and CurrentBid < 2808 [set MarginalBid 58]
2808 <= CurrentBid and CurrentBid < 4808 [set MarginalBid 108]
4208 <= CurrentBid and CurrentBid < 19088 [set MarginalbBid 2@e]
leeed <= CurrentBid and CurrentBid < 15888 [set MarginalBid 258]
15888 <= CurrentBid and CurrentBid < 25888 [set MarginalBid 580
25008 <= CurrentBld and CurrentBid < 62288 [set MargilnalBid 120@]
62008 <= CurrentBid and CurrentBid < 168288 [set MarginalBid 2688]
CurrentBid » 1228888 [set MarginalBid 2584]

333 add soft close update
if BidTiming »= ThisDuration - S

[y —

[l

zet ThisDuration ThisDuration + 15

]
333 create a list of leaders (to count the number of bidders who placed a bid)
if not member? leader leaders

[

set leaders lput leader leaders

]
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to terminate-auctiaon
if member? @ leaders

[

set leaders remove-item @ leaders
]
133 set perforamnce walues
set finalbid currentbid
gsk leader [set winningstrategy strategy]
gsk sellers [set Result performance]
set finalbidders length leaders
333 report on the auction results
output-write “"The winner of the auction is:
ask leader [output-show strategy]
output-write "with a personal valuation of:
ask leader [output-show PersonalValuation]
ocutput-write "and a winning bid of: "
ask leader [output-show bid]
output-write "the auction completed succesfully with a performance of:
ask sellers [output-show performance]
output-write "The auction had "
output-write length Leaders
output-write " bidders placing a total of "
cutput-write totalbids
cutput-write " bids"
gsk bidders [owtput-show nob]
end

LT

ar

to-report random-Loglogistic [mu sigma]
let r random-float 1
let q (r / (1 - r))
let x {exp mu) * (g " sigma)
report x

end

to-report random-lognormal [mu sigma]
let x exp( mu + sigma * (random-normal @ 1))
report x

end

Figure A.9: Netlogo Code Part 9
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