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Abstract

This thesis studies the effect of longer extensions on bidding behaviour in online
auctions. The study uses a randomised controlled experiment through Pantbanken
Sverige, a Swedish pawnbroker. The results indicate positive effects on the seller’s
revenue due to longer extensions, although these effects were not statistically signif-
icant. The upper bounds of the confidence intervals do not rule out the possibility of
price increases of ten percent when increasing the extensions from thirty to ninety
seconds. Additionally, longer extensions significantly increase the probability of
further bidding after triggering the first extension. This effect is stronger for gold
items, where previous research has highlighted the strategic advantage of late bid-
ding for common value goods. This study provides a first attempt at an empirical
investigation of the dynamics of variations in the extensions in online auctions. The
potential profitability increase in revenue emphasises the need for further research
on the subject.

Keywords: Online Auctions, soft-close auctions, longer extension, randomised con-
trolled experiment, private value, common value, seller’s revenue.
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Chapter 1

Introduction

English auctions are commonly used online, and these online auctions often use
different ending rules. Hard-close auctions have a strict deadline for submitting
bids, where the highest bid wins the item. Another commonly used format is
the soft-close auction, where a bid within a time limit of the preliminary deadline
extends the auction beyond it. In theory, these auctions can go on forever.

Previous studies compare the differences between soft-close and hard-close auc-
tions, e.g., Ariely et al. (2005) and Cao et al. (2019). These empirical and theo-
retical papers have mainly focused on differences in revenue between the two types
of auctions. Some of them find that soft-close auctions bring higher revenue to
sellers due to the strategic advantages of late bidding, giving less time to com-
petitive bidders to respond (Glover & Raviv, 2012). However, none discuss the
consequences of variations in the time added. With the most focus being on the
differences between auctions using fixed or flexible deadlines, it shows a gap in the
research on how economic performance is affected by different lengths of extensions
in soft-close auctions. Additionally, there is a lack of formal economic theory on
the differences between hard- and soft-close auctions, late bidding and the effects
of different extensions. Therefore, this thesis is a first attempt to understand how
variations in the extensions in online auctions affect auction outcomes. It aims to
empirically investigate how changes to online auctions’ extensions affect revenue, ef-
ficiency and bidders’ behaviour through a randomised controlled experiment. More
specifically, this thesis aims to answer the following research questions: How do
extensions affect the economic performance in online auctions with a focus on the
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Introduction

seller’s revenue and efficiency? How do different extensions affect the bidding be-
haviour in extended auctions? Lastly, it examines whether there are variations in
the bidding behaviour and economic performance for different types of goods, i.e.,
between common and private value items. The experiment has been done in col-
laboration with Pantbanken Sverige, a Swedish pawnbroker who sells their items
on an online auction platform.

The thesis is organised in the following way; Chapter 2 introduces the related
research on the subject, the theoretical framework and the proposed hypotheses.
Then, chapter 3 describes Pantbanken Sverige in detail and explains the experimen-
tal design, data and empirical methods. Chapter 4 shows the experiment’s findings
and discusses its economic implications and validity. Lastly, chapter 5 concludes.
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Chapter 2

Literature Review and Informal
Theory

The differences in bidding behaviour, revenue and efficiency between hard and soft
close auctions have been widely studied in the academic field. However, as far as
I know, no formal economic theories exist on these topics or how extension length
variations affect the auction outcomes. Therefore, the literature review focuses on
auction theory, researchers’ informal theories about the differences in behaviour
between the two auction regimes and what the empirical data shows. This section
reviews existing research and its implications for this paper.

2.1 Auctions

Auctions are used specifically when the auctioneer does not know the valuations of
the individuals. Krishna (2009) describes the different forms of auctions, and the
one format relevant to the scope of this thesis is the English auction, which is also
the oldest form of auction. Historically, they are held with all participants in the
same room, where the auctioneer starts at a low price, which increases as long as
there are at least two interested bidders. By not following the increased price, the
potential buyer signals that his valuation has been surpassed. It is a second-price
auction when the winning bidder pays the price at which the second-last bidder
dropped out.

There are different forms of values. There are private values for goods where
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Literature Review and Informal Theory

their value comes from their consumption, and every user values them differently.
In this case, each bidder’s valuation of the good is independent of others’ valuations.
The other kind is interdependent values, when bidders do not precisely know the
value of the item being auctioned. However, they can have some private signal of the
value, e.g., the expertise of the item. This definition of an item’s value is especially
applicable when the item can be resold after the auction. In this case, bids signal
to competitors the common value of the item, which makes competitors reevaluate
as the bidding continues (Krishna, 2009). The extreme case of this definition is
when an item is of common value when the exact value at the time of the auction
is unknown, but the same for all bidders.

2.1.1 Revenue Equivalence Principle and the Efficiency of

English auctions

There are two parts to focus on regarding auction outcomes: revenue and efficiency.
The former is simply the auctioneer’s revenue, and the latter is that the auctioned
item is allocated to the bidder who values it the most (Krishna, 2009).

The Revenue equivalence principle was formed in the sixties and states that
in a standard auction, i.e., the highest bidder wins the auction. When values
are private, independently and identically distributed between risk-neutral bidders,
then auctions have the same expected seller’s revenue regardless of the format. In
simpler terms, if the auction follows the standard rules, bidders follow a symmetric
and increasing equilibrium strategy, i.e., within an auction format, bidders use the
same strategy and higher valuations are associated with higher bids. Then, the
expected revenue for the seller will be the same regardless of the specific auction
format used (Krishna, 2009).

There are underlying assumptions for this principle to hold. The first one is
the independence of the different bidders’ values, i.e., one individual’s value does
not affect the value of others. The second regards risk neutrality; each bidder
maximises their profit. The third one regards budget constraints; each bidder can
pay their value. The fourth assumption is that the distribution of values follows
the same distribution for all bidders and auctions, with the same number of bidders
(Krishna, 2009).

In English auctions, bids are visible to all potential bidders. At every auction
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2.1 – Auctions

stage, each bidder only has to decide whether to drop out or continue bidding.
Therefore, they should only stay in the auction as long as the current bid is below
their estimated value under the given information; this leads to efficiency for similar
reasons as the Revenue equivalence principle, that the one with the highest valu-
ation should win the auction (Krishna, 2009). The implications of online auctions
on revenue and efficiency will be discussed later in this section.

2.1.2 Informal theories of Hard versus Soft-Close Auctions

Roth & Ockenfels (2002) describe some strategic reasons why late bidding might
occur in online auctions. One reason is that experienced bidders with better knowl-
edge of an item’s values might want to keep this information private from others
and not reveal it immediately since a bid is information revealed on a person’s
valuation. The other explanation made by Roth & Ockenfels (2002) is that bidders
want to avoid getting into a bidding war with either like-minded bidders or incre-
mental bidders who raise the price as it goes without using a bidding agent. Late
bidding is hypothesised by the authors to be more prominent in hard-close auctions
than soft-close ones since a fixed deadline gives less time for competitive bidders to
respond to a bid in the last seconds of an auction.

Dang et al. (2015) also discusses bidding behaviour. They argue that for private
value items, it is the dominant strategy to bid according to their true valuation upon
arrival to the auction, independent of the closing rule of the auction. However, it
is argued that bidding late is a dominant strategy for common value items. The
authors also argue that the reason behind this is that bidders want to keep the
information private from their competitors and not reveal it immediately in the
auctions.

Ely & Hossain (2009) argues that experienced bidders bid late in online auctions
because the average bidder is naive. Instead of using a proxy bidder to place a bid
equal to their valuation, they treat it as an English auction. They bid incrementally
as the auction continues until they reach their dropout price. Therefore, it is better
to counteract this by bidding late. Entering and bidding earlier in the auction would
trigger a response and an escalating price, which the authors call an escalating effect.

Ariely et al. (2005) argues that short or no extensions in online auctions incen-
tivise bidders to bid late. The authors also discuss the possibility, in these types

5



Literature Review and Informal Theory

of auctions, of using bidding bots, which are online services that bid at the last
second or before the deadline for the buyer. The authors note that this service is
not guaranteed to submit the bid due to network latency issues. However, it should
increase the frequency of sniping in hard-close auctions, where late bidding plays a
more critical role than in auctions with extensions.

Another thing to discuss regarding the role of extensions in auctions is the bidder
participation. There are two ways to view the effect of an increased extension on
bidder participation. The first one is that the process of new potential bidders
being drawn to an auction is random, i.e., their awareness of the auction is random
(Boatwright et al., 2010).

Therefore, different extensions affect bidder participation. An increase in the
length of an auction in case of triggered extensions should make new bidders arrive
and place their bids for items. The other view works in another direction in that
the longer extension window increases the probability that a bidder places another
bid. A longer extension makes it more likely for the bidder to attend the deadline.
If bidders are drawn in randomly, auctions with longer extensions should have more
unique bidders. In either of these cases, the longer extension should bring in more
potential bidders or more bids, leading to higher revenues for the seller.

On the other hand, the increased extension leads to monitoring costs for po-
tential bidders as more time is required in case of longer extensions. At the same
time, with a longer extension, the monitoring cost of the auction goes down since
the browser does not have to be refreshed as often to follow the auction.

In summary, late bidding in online auctions results from strategic decisions to
protect valuation information, avoid bidding wars, and counteract naive strategies,
with factors like item type and auction rules influencing bid timing. However,
without a formal theory of the effects of extensions, it is unclear what direction the
effect of longer extensions has on revenue and efficiency.

2.1.3 Previous Empirical Research

The focus now shifts from the informal theories in the literature to the empirical
research on late bidding and different auction formats. In a paper by Roth & Ock-
enfels (2002), they look at auction data from eBay and Amazon, which employ two
different auction regimes. The former uses a hard-close auction, meaning that it has
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2.1 – Auctions

a fixed deadline. While the latter utilises a soft-close auction regime, bids during
the last minute of the auction extend the deadline by ten minutes. With these plat-
forms, it is also possible to submit a proxy bid. A buyer can put in his reservation
price, and the computer does the bidding for him. If no one places a higher bid,
the bidder using the proxy will win the item at the second-highest bid price and
a small bidding increment. Pantbanken uses its bidding agent similarly, as will be
described later. The data they use are focused on computers, with widely available
retail prices (private value goods) and antiques where values are more challenging
to find (common value goods). In the case of the former category, an individual’s
willingness to pay is private information. While for the latter, expertise comes into
play in the evaluation since retail prices are not widely available. Therefore others’
bids convey information about the item’s value. Their results point toward late
bidding being more prominent in hard-close auctions but also occurring in soft-
close ones. They complement the observational data with a survey of bidders from
eBay, and the survey’s answers point towards late bidding as a common strategy
for bidders to avoid bidding wars in both types of auctions. The responses also
indicate that knowledgeable bidders wait with their bids not to reveal information
about the goods that aligns with Ely & Hossain (2009) and Dang et al. (2015).
Another critical point is that experienced bidders might choose which site to go to
participate in auctions. Those with more experience and knowledge prefer to bid
in a hard-close auction where they can use the strategic advantage in late bidding.

In another paper by Ockenfels & Roth (2006), they find further evidence that
inexperienced bidders tend to bid incrementally, causing so-called bidding wars. In
addition to this, they find that relatively more experienced bidders tend to bid later
in both eBay and Amazon auctions to avoid driving the price up with incremental
bidders.

In a paper by Ariely et al. (2005), the authors use observational data and a
laboratory experiment to analyse bidding behaviour. The observational data comes
from eBay and Amazon online auctions with the same auction regimes as in the
previous paper. The observational data confirms that the soft-close auctions have
frequent early bids, and the eBay auctions have more frequent sniping behaviour,
i.e., more frequent last-second bids are used to win auctions with less competitive
bids.

To explain these different bidding behaviours in these types of auctions, Ariely
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et al. (2005) conducted a laboratory experiment. They held the auctions in differ-
ent settings, but all used discrete periods such that they could identify late bids.
Each bidder would randomly be assigned a private value, and the auction winner
would receive the difference between the final price and their private valuation.
All auctions used the second-price rule, where the final price was decided by the
second-highest bid plus a 25-cent increment. The participants were randomised into
different auction groups. One group used hard-close auctions where the probability
of a successful late bid was a hundred percent sure to go through, and another one
with some uncertainty where a late bid only had an eighty percent chance to be
successfully submitted. The uncertainty was to simulate online bidding with the
bidding bots and potential latency issues. The last auction regime was close to
how Amazon auctions operate, where if a bid was submitted in the last period,
it had an eighty percent chance of being submitted. If so, the auction was then
extended for a new period. In all auctions, the requirement was to bid at least as
high as the current bid, such that the current price increased in fixed increments.
Therefore the low bidder was unaware of how high the other bid was, similar to
how online auctions work if a proxy bid is used. The participants were randomly
assigned another bidder within each group and auction, so the auctions were done
in pairs. The auctions and randomisation were done twenty times. The results of
the experiments showed that there was more late bidding in the hard-close auctions,
especially since the auctions were done multiple times. Hence, the frequency of late
bidding increased as the bidders gained experience in the format. They also found
in the experimental environment that the revenue and efficiency were higher in the
soft-close auctions. The reduced incentive to bid late in those auctions makes the
buyers bid closer to their valuations. One crucial point the authors make is the risk
of generalizability of the experimental results to real internet auctions, that they
had a fixed number of bidders for each auction. While on the internet, the number
of bidders is more random.

The bidding behaviour in the hard versus soft-close auctions is also examined
by Cao et al. (2019). The authors argue that sniping has been confirmed as an
equilibrium strategy in hard-close auctions but also examine the prevalence in soft-
close auctions. They were looking at data from eBay, which uses a hard-close
regime, and Overstock, which uses ten-minute extensions in their auctions. They
used the data from a jewellery retailer who sold their goods on both websites.
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They find that sniping exists in both auction formats, but the timing differs. In
soft-close auctions, sniping takes place right before an extension is triggered. The
authors argue that sniping is more profitable in soft-close auctions and offer two
possible explanations. The first one is that sniping is a form of tacit collusion,
in which bidders tacitly agree to submit bids lower than their actual valuations
to increase their surplus in the last period of an auction. Where extensions that
may follow are a method to retain the equilibrium, the other is that those with
lower opportunity costs are more likely to snipe in soft-close auctions. Since it also
includes a monitoring cost after the last-second bid, the bidder must stay in the
auction and observe whether further bidding is done in case of extensions. This
cost is almost non-existent in hard-close auctions since it can be done with bots and
cannot be extended. They even argue that soft-close auctions do not counteract
sniping. Contrary, it could damage the seller revenue more, as they argue it does
for Overstock compared to eBay auctions.

Glover & Raviv (2012) evaluate differences in revenue in Yahoo! auctions for
Ipods, where sellers themselves can choose whether to have a hard or soft-close
auction for the items. They also argue that hard-close auctions incentivise late
bidding as a form of tacit collusion among buyers and reduce expected revenue for
sellers. Their estimations find a 13-20 percent increase in revenue for sellers with
extensions in their auctions compared to those with a fixed deadline. Their findings
go in line with the experimental results from Ariely et al. (2005) but contradict the
findings of Cao et al. (2019).

One thing to remember regarding classifying items is whether they are private,
common value, or a mix of both. In a paper by Boatwright et al. (2010), the
problems of classifying items as private, common value or a combination of them
are discussed. The authors argue that it is impossible to completely distinguish
between private and common values in online auctions. They suggest that an
item’s valuation is made up of two components. Both a private value part and a
common value, where the latter makes bidders partially adjust their valuation as
competitors place their bids.

A gap in the literature that becomes apparent in these research articles is that
they do not discuss the length of the extensions in soft-close auctions or if there
is an optimal length. They mainly compare revenue, efficiency, and timing of bids
between soft and hard-close auctions. This gap in the literature is what this thesis
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aims to fill by further examining the effects of variations in the extensions in soft-
close auctions. One problem that Roth & Ockenfels (2002) point out is the fact
that bidders, especially relatively more experienced ones, self-select into auctions
where strategies like sniping might be more profitable for them. Therefore, looking
at field data might make the comparison more difficult. While simultaneously,
Ariely et al. (2005) complement this type of study with a laboratory experiment,
where there are clear signs of sniping being mitigated by extensions, and that
experience in different auction formats tends to shape bidder behaviour. Therefore,
a randomised controlled trial is an opportunity to evaluate the role of extensions
for different goods at a single auction house. That sniping is a more significant
issue in hard-close auctions could be expected, while this type of bidding behaviour
still seems to be a strategy that also exists for soft-close auctions. The motivation
behind late bidding in both types of auctions is that more experienced bidders do
not want to reveal their information about valuations for common value goods to
end up in a bidding war with incremental bidders. Late bidding is relevant for the
case of Pantbanken, where many items such as types of jewellery, watches, and art
might not be pure private value items but common value items where expertise
might be relevant to evaluate items. As mentioned before, Cao et al. (2019) argue
that extensions lead to higher monitoring costs compared to sniping in hard-close
auctions. The soft-close auctions that the authors bring up use extensions that are
ten minutes long. An extension mitigates sniping whilst also putting off potential
bidders with relatively too high opportunity costs if it is too long. Therefore, the
dynamics of changed extensions in soft-close auctions are an exciting topic.

2.1.4 Implications for the Study

In the case of Pantbanken, the definition of the item values is ambiguous. Some
items, such as art and accessories, have more properties of private value that poten-
tial bidders assign a value to according to the utility they will gain from owning the
item. While with jewellery made out of precious metals, there is an interdependent
component of the value of the metal. Since gold follows a market value and can
be recast and made into new jewellery, it cannot only be consumed as a piece of
jewellery. Therefore, for the scope of this thesis, gold items are considered to have
more of a common value component, while the rest of the items sold are considered
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to have more of a private value component.
Regarding possible violations of the Revenue equivalence principle and efficiency,

online auctions pose issues that could affect them. The first one is that in an online
auction, not every potential bidder follows the auction constantly. As mentioned
before, bidder awareness of online auctions is random. Therefore, there is potential
for participants to miss that a new bid has been placed. Bidders in online auctions
risk dropping out of the auction not because it has surpassed their valuation but
simply because they cannot place a new bid, which would violate the increasing
equilibrium. The second one is the potential for sniping that a bid is placed just
before an extension is triggered, which limits the possibility for someone to react if
they are not monitoring the auction, especially since no notification to the bidders
happens at that stage. Late bidding that triggers the 30-second extension at Pant-
banken’s auctions leaves little time for other bidders to react, as many of the papers
discussed above look at soft-close auctions where extensions are ten minutes.

Another possible violation of the revenue equivalence principle is that the bid-
ders’ valuations are not independent, i.e., when the values are not private. Then, a
strategic reason exists for bidders to bid late in the auction for common value items.
As a way to hide their information or expertise on the item for sale, as argued in
the paper by Ely & Hossain (2009) amongst others. Too short extensions could
lead to a situation where those with a higher valuation miss out on the auction
when they do not have time to respond to developments, leading to revenue and
efficiency losses.

2.2 Hypotheses

As seen in the literature review, most empirical results suggest that extensions in
auctions increase seller revenue compared to a hard-close auction format. However,
what happens when the length of the extension is changed? A 30-second extension
does not give bidders much more time compared to an auction with a fixed deadline,
although by definition, it is a soft-close auction. In that case, an extension of 90
seconds should increase the selling price and, in that way, bring more revenue and
allocate items more efficiently. Because it gives competing bidders more time to
react to late changes in the auctions and mitigates the consequences of late bidding.
Simultaneously, a longer extension increases the monitoring cost of the auction in
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case of extensions. Individuals with lower alternative costs will be more likely to
monitor the auction, and if this does not correspond to those with the highest
valuation, revenue and efficiency might go down instead. As previously mentioned,
no formal theories exist on the role of late bidding and variations in the extension
length. Therefore, the directional effect of the longer extension is ambiguous. Then,
in this first attempt to empirically investigate the effect of longer extensions, this
thesis uses the following two-sided hypotheses:

1. Longer extensions affect the selling prices in online auctions.

2. Longer extensions impact the likelihood of further bidding.

3. These effects are different for gold and non-gold items, i.e., common and
private value goods.
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Chapter 3

Experimental Design

3.1 Pantbanken Sverige

The field experiment was conducted in collaboration with Pantbanken Sverige. It
is a Swedish pawnbroker with 22 offices around Sweden. They are physical offices
where customers can go in person, but one conducts their business online and
through phone calls. As a pawnbroker, they do the valuations of items over the
counter for an appraisal of the loan value of the item. The pawnbroker then gives
the customer a loan valuation of their item or items. If they accept the valuation,
the money is transferred, and the pawnshop keeps the item as security. Many
different things could be handed in, and the most common ones are gold jewellery
and watches. However, technically, everything with a second-hand value can be
used as security, like high-end fashion goods, art, porcelain items from famous
producers and, to some extent, new electronics. The loan lasts for six months,
during which the customer can come and collect their item by paying back the
initial loan plus a monthly interest rate and administrative fees. Alternatively, if
they come in and pay their outstanding interest rates and fees, the loan is extended
for another six months starting from the payment date. The interest rate starts at
a 3.75 percent monthly effective rate but is lower for bigger loans. If a loan defaults,
the pawnbroker recovers the debt by selling the item on their auctions (Pantbanken
Sverige, 2023b). Multiple items placed as a security for a single loan are separately
sold unless they are more valuable together, e.g., a porcelain set.
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3.1.1 Pantbanken’s Auctions

The auctions are held online on their website, where buying customers can see and
place bids on items online. They use a reserve or starting price, approximating the
item’s minimum market value. This price is based on their auctions of similar items
and other selling prices at other Swedish auction houses. The starting price also
comes to play in their initial loan valuations, such that there is a marginal between
the initial loan value and the planned reservation price if the customer defaults on
their loan. Another thing to note about Pantbanken’s auctions is that they have a
buyer provision, meaning buyers must pay an extra fifteen percent on their winning
bid. After a sale, Pantbanken can only keep the initial debt, the buyer provision,
the accumulated interest and fees. If any surplus remains after that, it goes to the
initial loan-taker, as Swedish law regulates.

Therefore, they are incentivised to make a valuation as close to the market
value as possible since it generates more interest revenue and there is less risk of a
surplus. On average, Pantbanken sells approximately 50 percent of the items they
have up for auction, meaning that the rest they need to buy back themselves. The
ownership is transferred to Pantbanken for unsold items, which they then sell in
their stores and webshop. If they make a too low valuation, they earn less since
the surplus goes to the initial loan taker. On the other hand, if they put a too high
starting price, they have to buy it back themselves and probably sell it at a loss.
Therefore, it is in Pantbanken’s interest to make their best approximation of the
minimum market value of an item when it is going to be sold at an auction. One
thing to note here is that the value of gold items fluctuates more following changes
to gold prices, inducing more uncertainty about the market value when the initial
loan is placed.

Each of the 22 offices has its auctions every fourteen days, except one office that
has them weekly. The auctions are spread out over the weekdays, except Saturdays
when no auctions are held. For the days when more than one office holds their
auctions, their starting time is spread out. Therefore, auctions either start at 11,
14, 16 or 19. The variation in starting times is to always have items up on their
auction page. The auctions close 30 seconds apart, and new auctions go up as long
as there are items. The number of items in each auction depends on how many
loans the pawnshop placed roughly six months earlier without being serviced.
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The current auction rule states that if a bid is submitted within the last 30
seconds, another 30 seconds is added to the auction. Therefore a competing buyer
always has 30 seconds to react to the last bid, i.e., if a new bid is submitted
at 11:00:45 when the original end time is 11:01:00. Then the new end time will
be 11:01:15. An auction could therefore go on forever as long as new bids are
submitted. Bidding can be done in two ways either through a proxy bidder, where
the buyer submits a maximum bid, and the computer does the bidding necessary
for the buyer to win the auction. E.g. for an item with a minimum price of 500, the
buyer is willing to pay 1000 for it. If there are no other bids, the buyer will win the
auction at 500. If the competing bid is 800, the bidder using the bidding agent will
win the auction at 850. If a buyer uses the bidding agent, their maximum bid is not
visible to Pantbanken or other buyers. The only visible information is the current
and previous bids in the auction. The other way of submitting a bid is through the
live auction, where the following 16 items with the closest deadline appear.

Bids are made in fixed increments. For bids between zero and 500, bids are in
steps of 25 SEK. After that, the increase is 50 SEK up to 1000. The subsequent
increase is 100 SEK up to 3000, then 200 SEK until 10000. The last increases
are 500 SEK up until 20000, and for items with prices above that, the increments
are 1000 SEK. If someone is no longer the leading bidder, Pantbanken notifies the
bidder by email at the earliest 30 minutes after the competing bid has been placed.
In the live auction just before closing, no such emails are sent (Pantbanken Sverige,
2023b). When two bidders submit the same bid, the earliest bid leads the auction.
If someone makes the same bid on the last day as someone who has used the bidding
agent, then the first bidder at this level will win the auction if no more bids come
in. Therefore Pantbanken utilises English second-price auctions since winners pay
the value of the second highest bid plus the bidding increment.

3.2 Experimental design

The randomised controlled experiment was conducted as follows. Expired loans,
i.e., the items handed in as security, will be sold on Pantbanken’s auctions. These
are then prepared for auctions, where the pawnbroker writes an informative de-
scription for the potential buyers and does a new valuation to find an appropriate
minimum price and photographs for the website. When this is done, the items get
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an auction number, so Pantbanken can match it with the buyer after the auction.
When all items for one auction is prepared, they send this list with all information
and photographs to their auction system, which an external firm handles. Items are
published 14 days before the ending date, but this can vary slightly depending on
the offices’ workload. There they receive an auction id, which is separate from the
auction number. This number is simply for the HTML code behind Pantbanken’s
website. It was over this number that the randomisation was done, and this hap-
pens as the items are published to the auction system. Items randomised into the
treatment group had a 90-second extension as opposed to the control, which had
Pantbanken’s regular 30-second extension. Potential bidders did not know that
there were two different extension rules 1. Therefore, bidders could not know that
the extension would differ from 30 seconds until an extension was triggered. When
this happened, the auction’s closing time for that item would change to the new
deadline and only then could bidders know that something was different. The ex-
periment ran for nine days when 2292 items finished their auction, from the 31st
of January to the 8th of February 2023. Of all items, 1149 were randomised into
the treatment and 1143 into the control group.

One thing to point out with the estimates of the experiment is the possibility
of biases in the estimates. With the randomisation, there should be no differences
on average between the control and treatment groups regarding the characteristics
of the items up for auction, and potential differences were tested with t-tests and
two-sample tests of proportions to ensure there were no issues with the randomi-
sation. It should also be pointed out that if there is any bias in Pantbanken’s best
approximation of the market value of items, this bias should not affect the treat-
ment and control group diversely, this bias would be the same across both groups
due to the randomisation. Another potential bias arises because only some items
in the treatment group received the treatment, the longer extension. Items were
unsold, or bidding stopped before an extension was triggered. If not every item
in the treatment group receives treatment, it leads to attenuation bias driving the
treatment effect estimates towards zero since it is a measurement error (Angrist &
Pischke, 2009). However, in this case, bidders were unaware of the experiment a
priori, meaning that the longer extensions could only affect their bidding behaviour

1This was a decision taken by Pantbanken and not a decided experimental design
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after an extension was triggered. Therefore, looking at only extended items pro-
vides a reasonable estimate of the average treatment effect since it is unaffected
by attenuation bias. I.e., it is a reasonable estimate of the effect of the longer
extensions compared to the status quo in the absence of equilibrium effects.

3.2.1 Experimental Data

The data was collected from Pantbanken’s website using a Python web crawler
because Pantbanken does not collect all the information needed for this study. Their
data collection focuses more on the closing price, the starting price and the number
of bids in total. Therefore, additional information had to be gathered. The variables
collected were the auction ids, bidder identifications, size and timing of all bids. The
data on when the auctions ended, the office, item descriptions and their categories
were also collected. Pantbanken categorises items into electronics, photography
equipment, glass/porcelain, watches, art/crafts, silver items, nine subcategories of
jewellery and other items. The subcategories consist of rings, necklaces and amongst
other types of jewellery.

Table 3.1: Summary Statistics of Variables
Variable Obs Mean SD Min Max
Starting Price 2,292 2330 4330 1 79000
Sold 2,292 0.542 0.498 0 1
Closing Price 1,239 2110 4530 1 79000
Number of Bids 2,292 2.533 3.614 1 44
Unique Bidders 2,292 1.551 1.041 1 9
Gold 2,292 0.683 0.465 0 1

Some summary statistics of the sample can be found in table 3.1. The average
starting price in the sample was approximately 2300 SEK. However, as can be seen
in the range of the data, there is much variation in the prices. In the sample, 54.2
percent of the items were sold. The average closing price was 2100 SEK. One thing
to note is that the minimum starting price of 1 SEK, some of these were dropped
from the sample if their ratios between closing and starting price became outliers
in the data set. Likely, these items that were sold came as a small part of items
bunched together in a loan without contributing to the loan value since Pantbanken
does not give out loans for these low amounts. Many of the items with low prices in
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the sample are silver items. Since silver is valued at 3.5 SEK/gram, several pieces of
jewellery made out of silver are commonly placed as a single loan but separated and
sold as a single item when they go to auction (Pantbanken Sverige, 2023a). That
the average close price was lower than the average starting price is explained by a
higher percentage of sold items of cheaper items than the most expensive ones in the
sample. When looking at the sold items, the average number of bids for each item
was approximately 2.5. However, this also shows a considerable variation ranging
from only a single bid to 44. The unique number of bidders for each item in the
auction was an average of 2 bidders, with a range from one to nine unique bidders.
To get a variable for gold items, one thing that had to be done in handling the
data was to text-mine the descriptions for the carat content of items. Pantbanken
put the carat of items in the description, ranging from 14-24 carats, and not as
a separate category. As shown in table 3.1, 68.3 percent of the sample was gold
items—consequently, the main part of the sample categories comprised different
kinds of jewellery.

3.3 Empirical Methods

3.3.1 Differences in Revenue

To get the point estimates of revenue for the treatment and control groups and to see
if they differ in the ratio between closing and starting price, t-tests for two sample
means were conducted on the data from the experiment. As described by Cortinhas
& Black (2012), this test is used when the population variance is unknown, and
hence the sample variance is used instead. The test is done assuming that the two
samples come from populations where the variances are equal. The method is used
to test the null hypothesis:

𝐻0 : `0 − `1 = 0 (3.1)

against the alternative hypothesis that the difference in means is different from
zero. It can also be used for one-sided tests, where one mean is larger or smaller
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than the other. The t-statistic used to test the hypothesis is computed as follows:

𝑡 =
(𝑥1 − 𝑥2) − (`1 − `2)√︂
𝑠21 (𝑛1−1)+𝑠

2
2 (𝑛2−1)

𝑛1+𝑛2−2

√︃
1
𝑛1

+ 1
𝑛2

(3.2)

Where 𝑥𝑘 is the estimated sample means, `𝑘 the hypothesised population means,
𝑠𝑘 the sample standard deviations and 𝑛𝑘 the sample sizes. The t-statistic follows
a probability distribution called the student’s t-distribution when the underlying
population parameters are normally distributed. It is obvious to see that the second
term in the numerator of eq. 3.2 becomes zero if the hypothesised difference in
population means is zero. The degrees of freedom 𝑑𝑓 = 𝑛1 + 𝑛2 − 2, in combination
with the before-decided significance level, defines the critical value for the test. To
reject the null hypothesis, the observed t-statistic must be larger than the critical
value in absolute terms (Cortinhas & Black, 2012).

A critical assumption for t-tests is that the variable studied is normally dis-
tributed. This assumption is usually challenging to prove, but the Central Limit
Theorem often mitigates this. It states that a variable’s mean in a large enough,
identically and independently distributed sample is approximately normally dis-
tributed for the sampling distribution. If the population is normally distributed
from the start, the sampling distribution of means will be normally distributed
regardless of sample size. The Central Limit Theorem provides reasonable approxi-
mations if the sample consists of at least 40 observations, regardless of the shape of
the distribution in the population and as the sample size increases towards infinity,
the theorem becomes stronger (Welkowitz, 2012).

3.3.2 Comparing Proportions

A similar test to the t-test will be used when testing differences in proportions.
Examples of these proportions tested are proportions of gold items in each group,
and to test for differences in probabilities of further bidding after a first extension
etc. The t-test does not apply to proportions since they are based on dummy
variables in the sample. Therefore, another test is needed and the technical details
are as follows. For proportions, the Central limit theorem states that for large
samples where 𝑛1 · 𝑝1, 𝑛1 ·𝑞1, 𝑛2 · 𝑝2 and 𝑛2 ·𝑞2 > 5 with 𝑞 = 1− 𝑝, then differences in
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sample proportions are approximately normally distributed with a mean difference
of `𝑝1−𝑝2 = 𝑝1 − 𝑝2 and the standard deviation of differences in sample proportions

is 𝜎𝑝1−𝑝2 =

√︃
𝑝1·𝑞1
𝑛1

+ 𝑝2·𝑞2
𝑛2

. Where 𝑝𝑘 are estimated sample proportions and 𝑛𝑘 are
sample sizes. The test statistic used to test for significant differences is a z-statistic,
and it is computed as:

𝑧 =
(𝑝1 − 𝑝2) − (𝑝1 − 𝑝2)√︃

(𝑝 · 𝑞) ( 1
𝑛1

+ 1
𝑛2
)

. (3.3)

Where 𝑝 =
𝑥1+𝑥2
𝑛1+𝑛2 =

𝑛1·𝑝1+𝑛2·𝑝2
𝑛1+𝑛2 and 𝑞 = 1−𝑝. 𝑥𝑘 is the number of observed frequencies

of the variable of interest. The denominator in eq. 3.3 uses a weighted average of
the sample proportions, the estimated proportions, and sample sizes to compute
the standard deviations in the difference in sample proportions. The z-statistic
is used for the same type of hypothesis testing as the T-test (Cortinhas & Black,
2012).

The t-test and two-sample tests of proportions will be used to assess the validity
of the randomisation. To ensure that factors that should not have been affected by
the treatment do not differ between the control and treatment groups. It should
also be noted that in the results, the sign of the estimated difference has been
reversed to simplify interpretation.

3.3.3 Comparing Distributions of Unique Bidders

To examine whether the number of unique bidders for the extended items comes
from the same distribution for the treatment and control group, an Epps-Singleton
two-sample test was used, as a method to see if longer extensions brought in new
bidders. The test uses the empirical characteristics functions 𝜙1(𝑡) and 𝜙2(𝑡). Usu-
ally, similar tests are done with the Kolmogorov-Smirnov test, but in this case, it
is not applicable since the data it will be used with is discrete and not continuous.
Similar to the Wilcoxon Rank-Sum test, the test’s null hypothesis is that the two
samples come from the same distribution. It uses the characteristics functions for
each sample to test for differences, not their observed distribution functions, which
is a transformation of the latter. It is a less intuitive method than a probability
density function to derive the moments of the function. While it has the advantage
that it can be used on discrete variables for which the empirical characteristics
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function is completely defined. In contrast, the distribution function is only de-
fined in certain points. The Epps-Singleton has the condition that all observations
are independent within and across samples when testing the null hypothesis that
𝜙1(𝑡) ≠ 𝜙2(𝑡). These empirical characteristic functions are defined in equation 3.4.

𝜙𝑛𝑘 (𝑡) = 𝑛−1𝑘

𝑛𝑘∑︁
𝑚=1

𝑒𝑖𝑡𝑋𝑘𝑚 (3.4)

Where the parameters 𝑡1, 𝑡2, ...𝑡 𝑗 , which Epps and Singleton calibrated to be 𝑡1 =

0.4 and 𝑡2 = 0.8(𝐽). The other parts of the model are 𝑖 =
√
−1, for a sample k

with 𝑛𝑘 observations 𝑋𝑘𝑚 is the mth observation in the sample. The 𝑡 𝑗 is then
standardized by the estimated scale �̂�, which Epps and Singleton suggested being
the interquartile range, i.e., the statistical dispersion around the median of the
data. Therefore, the test is done with �̃� 𝑗 =

𝑡 𝑗

�̂�
, 𝑗 = 1,2. The method then creates

4x1 vectors out of all observations in the following way:

𝑔(𝑋𝑘𝑚) = (𝑐𝑜𝑠 𝑡1𝑋𝑘𝑚, 𝑠𝑖𝑛 𝑡1𝑋𝑘𝑚, 𝑐𝑜𝑠 𝑡2𝑋𝑘𝑚, 𝑠𝑖𝑛 𝑡2𝑋𝑘𝑚)′ (3.5)

Then 𝑔𝑘 is both the real and imaginary parts of the characteristics functions for
both 𝑡1 and 𝑡2 summed up as:

𝑔𝑘 = 𝑛−1𝑘

𝑛𝑘∑︁
𝑚=1

𝑔(𝑋𝑘𝑚) (3.6)

The difference between these two characteristic functions is then the differ-
ence between the two vectors: 𝐺2 = 𝑔1 − 𝑔2. If the null hypothesis is true, then
√
𝑛1 + 𝑛2𝐺2 would be asymptotically distributed as multivariate 𝑁 (−→0 ,Ω). The es-

timator for this covariance matrix is: �̂� = 1
a1
𝑆1+ 1

a2
𝑆2 where a𝑘 =

𝑛𝑘
𝑛1+𝑛2 , i.e., it is the

k share of the total sample. And 𝑆𝑘 =
𝑛𝑘−1
𝑛𝑘

𝐶𝑜𝑣 𝑔(𝑋𝑘𝑚) is the covariance matrix of
that sample. Then the generalised inverse of �̂� is used to compute the test statistic:
𝑊2 = (𝑛1 + 𝑛2)𝐺′

2 · Ω̂
+ · 𝐺2 .

The test statistic 𝑊2 is distributed asymptotically as chi-squared with r ranks of
freedom. The ranks of the generalised inverse of the covariance matrix give the ranks
of freedom. 𝑊2 is a measure that tells us how different the empirical characteristic
functions of two samples are when we consider the variance and covariance between
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them (Goerg & Kaiser, 2009).

3.3.4 Comparing Distributions of Revenue

The Wilcoxon Rank-Sum Test was used to evaluate the effect of longer extensions
on auction profitability, providing a non-parametric alternative to the t-tests. It
was used to examine any differences in the distribution of ratios between closing
and starting prices for items sold between the treatment and control groups, serving
as a measure of revenue.

The method and its technicalities are described by Mann & Whitney (1947). It
tests the variable x and y and their continuous cumulative distributions f and g to
test whether f=g. The test statistic, rank-sum, which is based on the relative ranks
of x and y, is used with ties in the data average ranks. The Wilcoxon Rank-Sum is
computed first as the sum of all ranks in the first group, in this case for y:

𝑇 =

𝑛∑︁
𝑖=1

𝑅1𝑖 . (3.7)

Under the null hypothesis that the two distributions of a sample size of n num-
ber from variable x and a sample size m from variable y are the same, it uses a
recurrence relation to compute the probabilities of finding the observed U, given
how many times n can be drawn from n+m observations. The authors also propose
that the recurrence relation can be used to compute the mean, variance and fourth
moment of U. The fourth moment has then been used to prove that as n and m
goes towards infinity, the distribution of rank sums approaches a normal distribu-
tion. Therefore it is used to compute the expected rank-sum and variance with the
following formulas:

𝐸 (𝑇) = 𝑛((𝑛 + 𝑚) − 1)
2

(3.8)

and

𝑉𝑎𝑟 (𝑇) = 𝑛𝑚𝑠2

𝑛 + 𝑚
. (3.9)

This is then used in the same way as would be done in a z-test, where the test
statistic and p-values are given by:

𝑧 =
𝑇 − 𝐸 (𝑇)
𝑉𝑎𝑟 (𝑇) (3.10)
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As briefly mentioned before it is also a non-parametric test meaning that assump-
tions of the shape of the underlying data are unnecessary due to the normality of
the rank-sums. It can also be used as a one-sided test to test whether f > g and
vice versa.

3.4 Limitations

The original experimental design that was proposed to Pantbanken had more than
one treatment group, where the extension would differ between the treatment
groups. The original proposal was to have the control group as it is and then
have at least two treatment groups with three and ten-minute extensions. This was
not doable with their current live auction website since it was deemed that even
longer extensions would interfere with their business. Therefore, the 90-second
extension was agreed upon as doable for both parties. One disadvantage of only
adding an extra minute to the current extension could be that a longer extension
is needed to affect the bidders’ behaviour.

Another point to make is that with more than one treatment group, the optimal
length of an extension to an online auction could be examined where this experiment
can only compare the effect of the increased extension to the status quo. The
number of observations also poses a limitation to this study. That roughly 50
percent of the items up for auction at Pantbanken are sold was to be expected, but
not every sold item was extended. Since an extension only occurred if a bid was
placed within 30 seconds of the deadline. The experiment only lasted nine days,
meaning statistical power is lost when sub-sampling to only the extended items. Not
having more observations limits the possibility of a more in-depth study of whether
there were heterogeneous effects of a change in the extension to items with different
starting prices and types, for example. The possibility of equilibrium effects could
also be an interesting topic to examine if the experiment would be conducted over
a much extended period. To see if the behaviour of bidders changes as they learn of
the longer extensions. One could then examine differences in the first and second
periods of the experiment. As mentioned in section 2.1, Ariely et al. (2005) noted
that bidders changed their behaviour when auctions were repeated over time. In
this experiment, no data on the bidders’ experience was available due to their
integrity, which means there was no information on whether they were first-time
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participants in Pantbanken’s auctions or experienced.

24



Chapter 4

Empirical Results

4.1 Quality of Randomisation

In the sample of 2292 items, 1239 of them were sold, approximately 54 percent.
Of the sold items, 628 belonged to the treatment group and 614 to the control
group. To ensure that the randomisation was done correctly, t-tests for differences
in means in starting price and two-sample tests of proportions were done on twelve
categorical variables. These tests were done on the complete sample, both sold
and unsold items. The variables were the four most common product categories,
as Pantbanken categorised, offices, starting price, whether it was sold or not, and
the most relevant factor, whether the auction was extended or not. The results of
the tests on the most important variables can be seen in table 4.1. The rest of the
results can be found in appendix A.1 The first row is a t-test, and the rest are the
tests of proportions. It should also be noted that standard deviations are reported
for the t-test estimates, but it is the standard error for the proportions. As can
be seen in the table in appendix A.1, approximately 68.3 percent of the items were
made out of gold. Silver items made up six percent of the sample. Since most items
in the sample consisted of precious metals, it was logical that the most common
product categories comprised different kinds of jewellery, such as rings, pendants,
necklaces, and bracelets. As expected for a correctly conducted randomly controlled
experiment, the tests for the differences in means and proportions between the
treatment and control groups could not find statistically significant differences for
the thirteen variables. Showing that there were no differences between the two
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groups in the starting prices, which office the items belonged to, or what type
of goods they were. No significant differences indicated that the randomisation
worked without problems and that the experiment had balanced groups. That
there were no differences in characteristics means that the only thing that should
cause differences between the two groups should be the longer extensions in the
treatment group for the items with bids placed in the last 30 seconds of auctions
and the subsequent bidding.

Table 4.1: Balance table

Control Treatment t-test
Variable Mean SD/SE Mean SD/SE Diff. t-stat/z-stat p-value

Starting price 2240 4170 2400 4480 160 (-0.92) 0.35
Sold 0.537 0.015 0.547 0.015 0.009 (-0.451) 0.652
Extended 0.041 0.006 0.043 0.006 0.002 (-0.284) 0.776

Observations 1143 1149 2292

The variable extended is important to note in table 4.1. Only around four
percent of the items up for auctions were extended beyond their initial deadline
in the two groups. When the sample is restricted to the 1239 sold items, only 97
were extended. I.e., only 7.8 percent of the sold items were exposed to the actual
treatment. Therefore, statistical power is lost since only a small part of the sample
is actually treated.

Therefore, some analysis has been restricted to the sub-sample where actual
treatment took place to examine the effect of the longer extensions. Differences
over the whole sample of the sold goods will be evaluated to find the intention to
treat.

4.2 Number of Unique Bidders

The Cumulative distributions function plotted for the treatment and control groups
in the extended sample to examine if the longer extension brought more unique
bidders to the auction. The plots can be seen in figure 4.1. It shows that there is
a slightly higher concentration of items with only one bidder in the control group,
i.e., that bidders placed a bid in the last 30 seconds of the auction but that there

26



4.3 – Seller’s Revenue

were no subsequent bids. Otherwise, the distribution is almost identical for both
groups. Still, the treatment group has extended items with eight and nine unique
bidders, which was not the case in the control groups.

Figure 4.1: CDF of Unique Bidders by Treatment

The Epps-Singleton two-sample test using the empirical characteristic function
was conducted to test whether the distribution of the unique number of bidders
differed between the two groups. In table 4.2, the results are shown. The test
statistic of 𝑊2 = 6.202 was found, and with a p-value of 0.185, it was insignifi-
cant. Therefore, the test showed no significant proof of new bidders joining in the
extended time.

Table 4.2: Epps-Singleton Two-Sample Empirical Characteristic Function test

Group Observations Test statistic p-value

Control 47
Treatment 50

Total 97 6.202 0.185

4.3 Seller’s Revenue

A ratio between the closing price and the starting price was used to see if there
was an impact on the seller’s revenue. Using the ratio normalised the prices and
simplified the comparison. Two tests were used to test the effects of the longer
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extension on the ratio. Firstly t-tests to test the difference in means between
the groups and the Wilcoxon Rank-Sum Test to see if there are differences in
the distribution of the ratios. For both tests, the sample was split into different
subgroups. First, to test the whole sample of sold items, both extended and the
ones that were not, this was further split into gold and non-gold items. Since
only 7.8 percent of the sold items were treated, the same tests and sub-sampling
were done for the extended items. Figure 4.2 shows a histogram of the frequency
distribution of ratios for the extended items in the treatment and control group.
Visual inspection shows a higher frequency of observations around the lower bound
of ratios just above one in the control group. Still, it also contains some of the
higher values. For the treatment group, more frequent observations are found above
the lower bound of the values. In the sample of extended items, one observation
had a ratio above ten, which was deemed an outlier. Therefore, such observations
have been excluded from the sample when doing the t-tests. Looking at the whole
sample, extended and not, only two observations were above ten. A more in-depth
description of this can be found in appendix A.2. These observations have not been
excluded from the sample in the non-parametric tests. As single observations, they
are not skewing the results as much when the size of the observation is not used
when it comes to the distribution of the variable etc.

Figure 4.2: Frequency Distribution of Ratios
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4.3.1 t-Tests of Ratios

The t-tests were done against the null hypothesis that there were no differences in
the ratios between treatment and control. The results are in table 4.3. The first
column shows the results over the whole sample of sold items. The items in the
treatment group were, on average, sold for approximately 1.5 times their starting
price. This mean was slightly higher than the control group, but it is only 1.3
percent higher, and the p-value of 0.764 shows that the null cannot be rejected.
The second column shows the result of all gold items. On average, they were sold
at lower ratios for both the control and treatment groups compared to the whole
sample. These are just above 1.1 times the starting price. The lower ratio could
be explained by the items being closer to common value goods, making it easier
to value gold because it has a more defined market value than other items. The
standard deviations were also lower, indicating less variation between starting and
closing prices. Here, the mean for the control group was three percent higher than
in the treatment. This result was still insignificant at a 10 percent significant level.
However, when looking at the p-values for the one-sided test, i.e., half of the two-
sided test, the p-value of 0.060 indicated that the control ratio was higher than for
the treatment group. In the third column, a t-test has been carried out over all

Table 4.3: t-Tests Results: Testing the variable Ratio

Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Mean (Treatment) 1.482 1.114 1.924 1.818 1.488 2.122
Std. Dev. (Treatment) 1.050 0.260 1.482 0.840 0.439 1.002
Obs (Treatment) 624 341 283 50 24 26
Mean (Control) 1.463 1.148 1.877 1.693 1.449 2.040
Std. Dev. (Control) 1.093 0.309 1.458 0.926 0.547 1.222
Obs (Control) 613 348 265 46 27 19
Estimated Diff. between Means 0.018 -0.034 0.047 0.125 0.039 0.083
Total Obs 1,237 689 548 96 51 45
t-Statistic 0.301 -1.555 0.374 0.694 0.280 0.250
p-Value 0.764 0.121 0.708 0.489 0.781 0.804

Sample Whole Gold Non-gold Whole Gold Non-gold
Only extended No No No Yes Yes Yes

Note: Tests 4-6 contain only extended observations

non-gold items. Here, the mean ratio of the treatment group was 1.92 times the
starting price, which was higher than in the control group. The difference was only
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2.5 percent, and neither this test could reject the null that the mean ratio differs
between the groups with a p-value of 0.708.

In the last three columns, the t-tests were conducted on further restricted sam-
ples, i.e., on only those items where the treatment occurred. The sub-sampling
otherwise followed the same pattern as columns one to three. The point estimates
of the fourth test showed that the items were sold at slightly above 1.8 times the
starting price. Again the treatment was sold at a slightly higher price than the
control. The mean in the treatment group was 7.4 percent higher than in the
control group. The p-value of the test was 0.489, meaning it could not reject the
null. Looking at only the extended gold items the point estimate of the treatment
group was slightly higher than the control. The mean of the treatment group was
2.7 percent higher than the control. Neither this test could reject the null with a
p-value of 0.781. In the last test, when only extended non-gold items were included,
the point estimate was four percent higher in the treatment group compared to the
control. However, the null could not be rejected with a p-value of 0.804, i.e., that
there were no statistically significant differences between the groups.

In both cases, when looking at the whole treatment and control groups and only
the extended observations, they followed the same pattern. The samples restricted
to only gold items were sold at a lower ratio than the whole sample. In comparison,
non-gold items were sold at a higher ratio and had a larger deviation in the means
of the ratios.

A sensitivity analysis of these tests was conducted when all ratios above ten
were included, and the results can be found in appendix A.2. In short, the lack of
significance of all six tests remained. Still, for test four and six the point estimates
of the difference between the two groups indicated a negative effect on the revenue
due to longer extensions. Therefore, it should be kept in mind that when including
the outliers, it does not show the same positive effect of longer extensions for all
tests as shown in table 4.3.

Table 4.4 shows the confidence intervals for the estimated differences between
the two groups displayed in table 4.3. Looking at the upper bound of the confi-
dence interval for test one, a hypothesised difference larger than 13.8 percent of the
starting price would be needed to reject the null of no difference between the groups
given the sample. Test four, which only examined the extended items, would need a
difference larger than 48.3 percent of the starting price. The economic implications
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and further research suggestions will be discussed in section 4.5 .

Table 4.4: Confidence Intervals for t-Tests

Tests 95% CI

Test 1 0.138 -0.101
Test 2 0.009 -0.076
Test 3 0.294 -0.200
Test 4 0.483 -0.233
Test 5 0.321 0.242
Test 6 0.752 -0.586

4.3.2 Distribution of Ratios

The next thing that was tested was to check for differences in the distribution of
ratios between the groups, and therefore Wilcoxon Rank-Sum Test was used. The
sub-sampling and the results are displayed and were done in the same way as for
the t-tests. This was done as another way of testing effects on revenue but with
a test not requiring normality of the variables tested. The results are displayed in
table 4.5. Of all the tests when testing the null hypothesis that the two groups

Table 4.5: Results: Wilcoxon Rank-Sum Test

Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Treatment Rank Sum 378601 111596 78090 2667 686 644
Treatment Obs 625 341 284 50 24 26
Control Rank Sum 389579 126108 73434 2086 640 437
Control Obs 614 348 266 47 27 20
Combined Sum 768180 237705 151525 4753 1326 1081
Combined Obs 1239 689 550 97 51 46
𝑧-Statistic 1.476 2.524 0.083 -1.567 -1.171 -0.732
𝑝-Value 0.140 0.012 0.934 0.118 0.246 0.471

Sample Whole Gold Non-gold Whole Gold Non-gold
Only extended No No No Yes Yes Yes

Note: Tests 4-6 contain only extended observations. For these, exact p-values
were computed due to n<200.

follow the same distribution, only test two showed a p-value of 0.012. Therefore, at
a five percent significance level, the tests suggested that the distribution of ratios
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for gold items in the control was higher than in the treatment because the rank-
sum was higher than in the treatment. For test one, the right-sided p-value was
0.070, half of the two-sided p-value displayed in the table. It indicates that the
distribution of ratios in the control was larger than in the treatment when looking
at the whole sample. Test four showed the opposite; a negative test statistic and a
left-sided p-value of 0.059 suggests that the distribution of ratios was higher in the
treatment, i.e., a suggestion that the treatment shifted the distribution of ratios to
a higher one. For the rest of the tables, nothing could be statistically concluded
about a difference in distributions between the two groups. Therefore, the data do
not indicate any clear shifts in the distribution of the ratios due to the different
extensions. The implications of tests two and four are further discussed in section
4.5

4.3.3 Heterogeneity

Wilcoxon Rank-Sum Tests were done again but for new sub-samples to test whether
the treatment had a heterogeneous effect. Therefore, a new variable was created
indicating whether an item belonged to one of the most frequently sold categories
in the sample, to see if there was any differences in revenue for the items that
were most frequently sold. During the data-generating process, the three most
frequently sold item categories were rings, pendants and bracelets. These are

Table 4.6: Heterogeneity Results: Wilcoxon Ranked Sum Test

Test 1 Test 2 Test 3 Test 4

Treatment Rank Sum 116236 75398 693 650
Treatment Obs 349 276 24 26
Control Rank Sum 116666 80005 582 477
Control Obs 333 281 26 21
Combined Sum 232903 155403 1275 1128
Combined Obs 682 557 50 47
𝑍-Statistic 1.180 0.905 -1.574 -0.568
𝑝-Value 0.238 0.365 0.117 0.577

Common good No Yes No Yes
Only extended No No Yes Yes

Note: Common good denotes the three most common categories, otherwise the
rest.
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henceforth called common goods. The data was thus split into common and non-
common goods based on this definition. Therefore the tests were done on four
different sub-samples. Common goods and the rest in the complete sample, and
then sub-sampled only for the extended items. The results are in table 4.6. Similarly
to the tests in table 4.5, not many could reject the null. Over the whole sample,
there were no signs of significant differences in the distributions in the two groups.
The only sign of a difference comes from test three, looking at the sample with
only extended items where the three most common goods were excluded. Here a
negative z-statistic is found, and the left-side p-value is 0.0586. Implying that the
distribution is larger for the treatment group than the control.

4.4 Effects on Bidding Behaviour

After looking at the more revenue-focused part of the experiment, the next test
was more focused on the buyers’ bidding behaviour due to the treatment after an
extension had been triggered. Therefore, the focus was only on the items that have
been extended, i.e., when at least one bid came in the last 30 seconds of an auction.
Therefore, a new variable was created. This dummy variable showed whether at
least one more bid was submitted after the first extension. Due to the low number of
observations where an extension was triggered in the first place, the possibilities of
sub-sampling and heterogeneity tests were limited. Two sample tests of proportions
were then conducted on the proportions of items where at least a second bid was
submitted in the treatment and control groups. As before, the sample was also
split into gold and non-gold items.

Table 4.7 shows the results of the three tests. For all extended items, the
proportion was 42.6 percent for the control. At the same time, it was 60 percent
in the treatment, implying a 40.8 percent higher probability of a second bid being
submitted than in the control group. This difference in means was significant at
a 10 percent significance level with a p-value of 0.086. That the proportion in the
treatment was larger than the control was significant at a five percent significance
level. The same shift in proportions was found for the extended gold items. Here,
the two-sided p-value was 0.037, i.e., it was significant at a five percent significance
level. The estimated difference was even more prominent here. The increase in
the probability of a second extension was 87.6 percent. Test three could not reject
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the null of a difference in proportions; the point estimate of the proportion in
the treatment group was slightly higher than the control. Still, it was only 2.7
percentage points, less than a five percent probability difference. The tests of the
proportions of another bid being submitted indicated an increase in the probability
that at least one more bid would come in due to the longer extension. This increase
was true for the whole sample and when looking at only gold items, but no statistical
conclusion can be drawn on a change in bidding behaviour regarding non-gold items.
This change in probabilities of another bid due to the longer extension in the whole
sample seems to be driven by the gold items. This aligns with the earlier mentioned
theory that late bidding is more frequent with common value goods where bidders
want to hide their private information from competitors.

Table 4.7: Two-Sample Test of Proportions: Second extension

Test 1 Test 2 Test 3

Mean (Treatment) 0.600 0.625 0.577
Std. Err. (Treatment) 0.069 0.099 0.097
Obs (Treatment) 50 24 26
Mean (Control) 0.426 0.333 0.550
Std. Err. (Control) 0.072 0.091 0.111
Obs (Control) 47 27 20
Estimated Diff. between Means 0.174 0.292 0.027
Total Obs 97 51 46
z-Statistic -1.718 -2.083 -0.183
p-Value 0.086 0.037 0.855

Whole sample of extended Yes No No
Gold No Yes No

Note: Test 2 and 3 restrict the sample to gold and non-gold items.

4.5 Discussion

The first thing to mention about this experiment is that the balanced table 4.1
showed no signs of improper randomisation. The characteristics of the items up
for auction in the two groups did not differ between them. The two groups were,
on average, the same for characteristics that should not differ before treatment
happened, i.e., the groups were balanced.

A discussion of the effects of changing the length of extensions needed to be
added to the literature and to which this experiment contributes. As mentioned
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before by Boatwright et al. (2010), it is described that bidder awareness of auctions
is random. The number of bidders partaking in auctions that were not extended
was outside the scope of this thesis, but examining the distribution of bidders in
those that received actual treatment was of interest. To see whether new bidders
partook due to the longer extension or left, for that matter, due to higher monitoring
costs. As shown in figure 4.1, some items had eight and nine unique bidders in
the treatment group. This number was not observed in the control group. The
Epps-Singleton test for these discrete distributions could not find any significant
difference. I.e., there was statistically significant proof of the longer extension
bringing in new bidders. Therefore, the longer extension gave already participating
bidders a bigger chance to respond to developments in the auctions. It should be
noted that this does not necessarily mean that new bidders do not join the auction
due to longer extensions. It could simply be that the extra 60 seconds was not
enough to make a statistical difference in the awareness of new bidders.

When focusing on how extensions affect revenue, the effects of the longer exten-
sions are ambiguous. As discussed in section 2.1, the differences between hard-close
and soft-close auctions have been widely studied. Late bidding for common value
items is a dominant strategy not to reveal information about the item or not to get
into bidding wars with incremental bidders (Roth & Ockenfels, 2002). Ariely et al.
(2005) and Glover & Raviv (2012) find that extensions lead to higher revenue and
efficiency instead of fixed deadlines. While Cao et al. (2019) argues that extensions
do not mitigate late bidding due to the monitoring costs.

These effects of a longer extension on the revenue could not be statistically
proven by the data in any direction. For the whole sample and when looking at
only the extended items, no difference in means could be proven by the t-tests.
Neither could any statistical difference between the two groups be shown when
looking at the non-gold items. For the sample of every sold gold item, there was
a weak statistical significance, using the right-sided p-value, implying an average
treatment effect of the longer extension that lowered the revenue. However, this
effect was not observed when looking at only the extended gold items. Although
there was a lack of significance, the point estimates of all three tests on the extended
items indicated a positive effect on the revenue due to longer extensions. For the
aggregate test, the point estimate of the increase in revenue was 7.4 percent.

When using the non-parametric Wilcoxon Rank-Sum Test to look for different
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distributions between the two groups, the two-sided p-values could not show any
differences in distributions for the whole sample. However, it should be noted that
when looking at the right-sided p-value, at a ten percent significance level, there
was an indication that the distribution in control was higher than in the treatment.
Nevertheless, when looking at the sample of all extended items, there was a sign
of weak significance that the distribution was higher for the treatment—implying
a positive revenue effect of the longer extensions. Similar significant results as in
the t-tests came from the sample of every gold item, which was significant at the
five percent level. The observed rank-sum was higher for the control, suggesting
that the rank of the ratios was higher and from a different distribution. Similarly
to the results of the t-tests, the same effect was not shown when examining the
distribution of only the extended gold items.

The results indicate that gold items, on average, were sold at higher prices in
the control than in the treatment group when evaluating both the mean ratio and
distribution. If the longer extension brought a lower price for gold items, one would
expect that the treatment effect on the treated, i.e., the sample of only extended
gold items, would be larger than the average treatment effect due to attenuation
bias. In other words, it would be expected that the negative effect on revenue would
be even more prominent for the extended items. Since this was not the case, on the
contrary, the point estimates showed a higher mean ratio and a higher distribution
for treated gold items, although insignificant. Therefore, random variation in the
data likely explains the negative effect shown for the whole sample of gold items.
Since the bidders did not know of the changed extension, it is not likely that the
longer extensions lowered the prices without extensions taking place.

Heterogeneity in the effects of how the extensions affected the distributions in
the two groups was also tested, where few signs of the distributions being different
were shown. Only when excluding the three most common items up for auction
(rings, pendants and bracelets) could the left-sided p-value show a weak sign of
significance, but only at the ten percent level. These tests could indicate that the
categorisation done so far has been naive and that there was too much heterogeneity
between the items for any apparent effects of the extension to be found. However, at
the same time, it should be noted that this test was only done over 50 observations,
so much statistical power was lost. Therefore, this is a topic for future research to
examine with more observations.
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Although this paper cannot find clear evidence of increased revenue due to
longer extensions, the point estimates of the extended items were positive for all
items. Additionally, the 95 percent confidence intervals of the difference in ratios
between the treatment and control are open for further research. When looking at
the whole treatment and control sample, the estimated confidence interval ranges
from a -10.1 to 13.8 percent difference in ratios between closing and starting price.
If this experiment is repeated many times, it can be said with 95 percent confi-
dence that the true population difference would lie in these intervals. For example,
this does not rule out the possibility of a ten percent increase in revenue due to
the longer extension, although that is not statistically proven. The possibility of
such a difference could still be economically meaningful, making it commercially
attractive for firms to explore further. In the sub-sample of only extended items,
this confidence interval was wider due to fewer observations but still ranging from
-23.3 to 48.3 percent, which means that the difference for the extended items could
be quite large. Therefore, an auction firm which observes frequent late bidding
and extensions to their auctions, possibly increasing the length of the extensions,
could be highly relevant. In this sample, only 7.8 percent of the sold items were
extended, but the average starting price was approximately 2300 SEK. Suppose the
true population difference in the means is the 7.4 percent increase in the price ratio
due to a 60-second longer extension. Which is the point estimate of the difference
when looking at all extended items. Then, on average, Pantbanken could earn
roughly 170 SEK extra on each extended item. At the same time, this argumenta-
tion should be taken cautiously since the confidence intervals do not rule out the
possibility of a loss in revenue. As argued by Cao et al. (2019), extensions leads to
monitoring costs to bidders, therefore increasing the length of the extensions could
deter bidders with higher alternative costs. Thus resulting in a revenue loss if those
bidders have the highest valuations.

The effects of longer extensions on bidding behaviour in the extended auctions
have been examined in addition to the potential revenue gains. The two-sample
test of proportions for the whole sample of extended items was significant at a ten
percent significance level. When looking at the left-sided p-value, it was significant
at a five percent level. This estimated proportion difference showed a 40.8 percent
increase in the probability of at least one more bid coming in after the first extension
was triggered. No significant difference could be found when the same test was
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used on the sub-sample of all non-gold items. In contrast, the estimated effect was
strongly significant for the gold items with a p-value of 0.037. The treatment group’s
probability of at least an additional bid was almost twice as large. The proportion
was 87.6 percent larger for the gold items in the treatment group. Suppose gold
items are appropriately classified as common value goods. As argued by Roth &
Ockenfels (2002), Dang et al. (2015) and Ely & Hossain (2009), it is a dominant
strategy for experienced bidders to bid late on common value goods not to reveal
information to competitors. Therefore, these results indicate that prolonging the
extension could mitigate potential revenue losses of late bidding since it can show
that the extra 60 seconds increases the probability of further bids after the first
extension. Bidders had more time to respond to developments in the auctions they
were partaking in.

The analysis results focusing on the revenue and efficiency aspects of the auc-
tions, although positive, were statistically insignificant. However, when examining
the effects on further bids after the first extension, there were strong indications
that the longer extension brought more bids to the auction. This increased proba-
bility of additional bids, combined with the confidence intervals of the differences
in ratios of closing and starting prices, does not rule out economically meaning-
ful effects of longer extensions, especially for gold items. This should encourage
future research, not only for the academia but also out of commercial interest for
Pantbanken and actors selling the same type of goods with similar auctions. As
mentioned, a limitation of this experiment was the number of observations. The
attenuation bias could be why no revenue results have been found for the whole
sample since less than ten percent of the observations were extended. The low num-
ber of treated observations also affects the statistical power of the positive point
estimates. It limits the possibility of diving deeper into the data to examine if
there are heterogeneous effects across the auction data. The experiment should be
run over a more extended period for further studies. To have a larger sample of
extended items to analyse further the consequences of a longer extension in a soft-
close auction. Additionally, a similar experiment over an extended period would
also be helpful to investigate if there are equilibrium effects due to changes in the
extensions. Supposedly, bidders could change their behaviour as they learn the
game’s rules, as opposed to this experiment where they did not know that there
were changes to the extensions.
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Chapter 5

Conclusion

This study evaluated the effect on revenue and bidding behaviour of changing the
extension length in online auctions through a randomised controlled experiment.
This is a topic that has not been previously explored or studied within formal
economic theory, particularly through experimental research. The study was con-
ducted in collaboration with Pantbanken Sverige. This Swedish pawn shop sells de-
faulted loan securities on its auction platform. The experiment randomised items
for sale into a treatment and control group. In the case of a bid in the last 30
seconds on items in the treatment group, the auction deadline was increased by 90
seconds compared to the control with an extension of only 30 seconds. The point
estimates for extended items indicated an increase in revenue due to the longer
extensions when examining changes in the closing price of the auctions, although
they were not statistically significant. That directional effects were not statistically
proven could be because a change in the extension in a soft-close auction does not
affect the bidders’ behaviour. However, these results cannot rule out the possibility
of economically meaningful impacts of longer extensions. The confidence intervals
of the ratios between the closing and starting price do not rule out the possibility
of an increase in prices of ten percent. The potential increase in revenue, combined
with the increased probabilities of further bids after the first extension, indicates
potential profitability in increasing the extension length, especially for gold items.
The longer extension increased the probability of at least one more bid by 40.8
percent. The increase was even more prominent for gold items, with a probability
increase of 87.6 percent. Gold items are considered to have a stronger common
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value component, where longer extensions more strongly mitigate late bidding. Po-
tential gains in revenue and consumer surplus should therefore be further examined,
especially out of commercial interest. This study leaves room for future research on
the role of extensions in online auctions, where more data could bring new insights
into further heterogeneity, equilibrium effects and the magnitude of the revenue
effects of changing the length of the extensions.
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Appendix A

Appendix

A.1 Randomisation

Table A.1: Complete Balance table

Control Treatment t-test
Variable Mean SD/SE Mean SD/SE Diff. t-stat/z-stat p-value

Starting price 2240 4170 2400 4480 160 (-0.92) 0.35
Sold 0.537 0.015 0.547 0.015 0.009 (-0.451) 0.652
Extended 0.041 0.006 0.043 0.006 0.002 (-0.284) 0.776
Gold 0.691 0.014 0.675 0.014 -0.016 (0.813) 0.416
Silver 0.056 0.007 0.064 0.007 0.008 (-0.761) 0.447
Ring 0.262 0.013 0.257 0.013 -0.006 (0.312) 0.755
Pendant 0.131 0.010 0.129 0.010 -0.002 (0.173) 0.863
Necklace 0.151 0.011 0.145 0.010 -0.006 (0.405) 0.686
Bracelet 0.118 0.010 0.113 0.010 -0.005 (0.372) 0.710
Karlstad 0.087 0.008 0.085 0.008 -0.001 (0.113) 0.910
Skanstull 0.088 0.008 0.091 0.008 0.002 (-0.180) 0.857
Farsta 0.094 0.009 0.095 0.009 0.000 (-0.031) 0.975
Solna 0.090 0.008 0.090 0.008 0.000 (0.039) 0.969

Observations 1143 1149 2292

Complete balance table, the content is discussed in 4.1.
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A.2 Excluded outliers and Sensitivity Analysis of

t-tests

Figure A.1: Frequency Distribution of Ratios

Figure A.1 shows the distribution of ratios for all extended items in the original
sample. The histogram shows the observations for both the treatment and control
groups. The single observation with a ratio above ten seems like an anomaly by
visual inspection. This observation was a collection of wine glasses, with a starting
price of 350 SEK sold for 3600 SEK. As can be seen in the graph, the second
largest ratio takes the value 5.5. When excluding all observations above ten, for
both extended and non-extended, only two observations are that large in the whole
sample. Meaning that the statistical power lost due to this is very low. Both of
these observations belonged to the non-gold category. It should be mentioned that
it is unclear where to draw the line of what is an unreasonable value for the ratio
between starting and closing price. Still, in conversation with Pantbanken, they
agreed it was a very unusual value. Therefore, it was decided to drop observations
where the ratio was above ten. A sensitivity analysis can be found in table A.2,
where these otherwise dropped observations were included.

In table A.2 the same tests as in table 4.3 but with all observations where the
ratio was above ten were included. As can be seen in the table, only two observations
in the whole sample had such a high ratio. These were non-gold items, out of which
only one was treated, i.e., it was actually extended. Therefore, the only results that
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Table A.2: t-Tests Results: Testing the variable Ratio

Test 1 Test 2 Test 3 Test 4 Test 5 Test 6

Mean (Treatment) 1.500 1.114 1.963 1.818 1.488 2.122
Std. Dev. (Treatment) 1.185 0.260 1.619 0.840 0.439 1.002
Obs (Treatment) 625 341 284 50 24 26
Mean (Control) 1.478 1.148 1.909 1.876 1.449 2.451
Std. Dev. (Control) 1.108 0.308 1.544 1.552 0.547 2.194
Obs (Control) 614 348 266 47 27 20
Estimated Diff. between Means 0.022 -0.034 0.054 -0.058 0.039 -0.329
Total Obs 1239 689 550 97 51 46
t-Statistic -0.343 1.555 -0.403 0.230 -0.280 0.680
p-Value 0.731 0.121 0.687 0.819 0.781 0.500

Sample Whole Gold Non-gold Whole Gold Non-gold
Only extended No No No Yes Yes Yes

were affected due to the excluded observations were test one, three, four and six. It
did not have any affect on the significance levels of the test, i.e., no results that were
insignificant before were significant due to the exclusion or vice versa. What should
be noted though is that for tests four and six, the point estimates changed sign as
compared to the results in table 4.3. Here those results indicate that extending
the extension length lowers the revenue. For all extended items, this effect was 3.2
percent, and for the extended non-gold items, this was 15.5 percent. However, it is
likely, that these negative effects should be disregarded, since out of approximately
1200 observations, only two observations had such a high ratio between the closing
and starting price. It is simply these outliers skewing the point estimates.
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