
  
Abstract—The impressive scale of online auction sales and the 

economic ecosystem of private and commercial providers made eBay 
& Co. interesting for science. We observed that for identical (new) 
products often different prices were charged and that the price 
volatility is bound to the auction characteristics. In this paper we try 
to identify possible determinants that affect the outcome of online 
auctions. By evaluation of the collected data using the decision tree 
method, we derive the significant design rules which determine the 
auction success. This delivers  additional insights that can be taken 
into account with regard to the respective market activities of the 
market participants and the platform operator. 

Keywords— online auction, data mining, decision tree, 
price determinants 

I. INTRODUCTION 
NLINE auctions have a revenue share of 25% of global 
e-commerce [4]. With over 200 million members, eBay is 
the largest auction site followed by Yahoo! Auctions and 

Amazon Market Place [2]. The annual sales volume of goods 
on the eBay platform is 50 billion [14]. In particular the many 
professional traders, who are responsible for about 50% of 
sales, have contributed to the rapid growth of eBay. The 
attractiveness of the platform for such Powersellers is due to 
(1) the simplified offering of goods on the Internet, (2) the 
secured payment by PayPal, and finally (3) the enormous 
customer potential. While independent online shops need to 
consider the technical infrastructure, marketing and 
management in order to sell products, for eBay Powersellers it 
is only crucial to make the auctions attractive to buyers and to 
maximize the revenue. The principles identified by us will 
support sellers with this task. Yet, the identified interrelations 
of the auction-relevant data and the final auction-price can 
also be used by buyers to identify interesting products at an 
early stage and then adjust the bids. 

II. ONLINE AUCTIONS 
Following the example of an eBay auction, the general 

auction process can be modeled as follows. A supplier 
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provides a product to be auctioned with a textual and visual 
product description. The duration and the end of the auction as 
well as the starting price pstart ≥ 1 and any shipping costs are 
set up by the seller. Details of the auctioneer, such as his 
nickname, his address and his reputation can be derived from 
previous market activity. This information is accessible by all 
market participants. After the auction started, interested parties 
can submit bids for the product. The current auction price pt at 
the time t which would be achieved if the auction would end 
immediately (i.e. no more bids would be taken into account), 
is continuously published. Another bid will be accepted if its 
maximum price pH ≥ pt +△ p. The minimum increment △ p 
is stipulated by the platform operator and amounts to 0.5 for 
lower and 1 for higher prices. The auction procedure 
corresponds to an English auction, for which the final price is 
calculated based as the maximum price of the second highest 
bidder plus △ p or the maximum price pm of the highest 
bidder if pt < pm < pt +△ p [4]. During the auction period 
the current price pt+1is updated immediately after an accepted 
bid. It has to be taken into account that although the current 
price of the product is not disclosed, the maximum price of the 
current highest bidder pm is not published. Thus, we obtain as 
a new price pt+1 = pH + min {△ p, pH − pm}, if the bid pHis 
higher than the previous pM. Otherwise, pt+1 = pH + min {△
p, pH − pM}.  

III. SUCCESS FACTORS OF ONLINE-AUCTIONS 
Empirically, it can be concluded that most of the activities 

or bids happen immediately before the auction ends, often not 
until the last seconds. The reason is that this behavior conceals 
the bidder’s maximum price because of the limited time 
remaining, so that no competing bidders can successively 
approximate this value. This phenomenon suggests that the 
definition of the auction end could be relevant for the auction 
success. A successful auction requires the existence of 
potentially interested parties and that the respective offer is 
found by all of these. In this respect, any measures to improve 
the search result listings will be significant. In this regard, we 
have to distinguish between the crowd of buyers with the 
product in the results of their search queries and those that 
actually visit the auction website itself. In case the offer is 
sufficiently attractive, people that are interested will add it to 
the watch list or provide a bid already. This is certainly 
dependent on the current auction conditions, but also on the 
tactical considerations of the bidders (e.g. placing bids just 
before the auction ends). The products in the watch list can be 
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found later without a new search. In addition, an imminent end 
of an observed auction will be automatically indicated as well, 
in order for the potentially interested parties compass the 
current conditions and place a bid shortly before the auction 
ends. 

Therefore, in regard to the auction success the following 
points are essential: 

• The auction should be found by as many potential 
buyers as possible 

• and the actual auction website should then be visited. 

• This website should be as attractive as possible, so that 
the auction will be added to the favorites or even 
receive a bid. 

• Furthermore, one should ensure that as many last 
minute bidders participate (i.e. those bidders that place 
a bid within the last few minutes of an auction). This is 
determined by the ending time of the auction. 

Considering the design of auctions, it is crucial that an 
auction can be found in the 1086 categories and in competition 
with the 800.000 other auctions per day by other eBay 
members (5). If a potential buyer uses the search function to 
find articles, it is important to choose the auction title wisely, 
so that the auction gets listed in as many search queries as 
possible. And both in the search results and in the category 
view, it is in turn important to set apart the auction from 
others. In most cases, an appealing picture of the product to be 
auctioned in combination with the headline is essential. 
However, such a picture has to be paid for. The seller can pay 
for further extra options in order to market an auction e.g. by a 
more prominent placement in search results regardless of the 
activated categories and search filter. In this work we will be 
limited to an examination of the usual design options. After an 
auction has gained the attention of the bidders, only the direct 
auction characteristics largely determine the final bid price. In 
this regard, eBay gives the following advice to sellers [3]: 

• A good description factually informs, is short but 
complete in regard to the goods to be auctioned. It is 
important that the key search terms are included, used 
by potential buyers interested in such goods. 

• The end of the auction must suit the time, at which the 
relevant target group visits eBay. Auctions which are 
aimed at men e.g. should preferably end in the early 
evening hours. In contrast, items that appeal to females 
are usually successful in the morning and on 
weekdays. 

• The starting price of an auction should be determined 
depending on the individual price range and the 
expected demand. If an article starts at one euro, then 
the auction for the bidder seems attractive. Yet, under 
certain circumstances, the necessary revenue cannot be 
achieved. Starting prices that are too high can result in 
an auction that ends entirely without any bid, because 
no one had placed a bid. Still in general, products with 
a high demand should be sold at a low starting price. 
On average, the revenue is higher than sold at a fixed 
price or a higher starting price [9]. 

In regard to the product image, the auction duration, 

shipping costs and the seller’s reputation, eBay does not 
provide any tips. However, it is obvious that these factors also 
influence the final price of an auction. In particular, the 
reputation of a seller determines whether a buyer is willing to 
bid and at which price [7]. However, the reputation has an 
asymmetric influence on the auction. Thus, a positive rating, 
depending on the individual preferences of the buyer is hardly 
promotional. Conversely, negative feedback has a much 
bigger effect on the perception of an auction [18]. But, the 
influence of a negative reputation will be diminished by a 
detailed product description. The latter will strengthen the 
confidence of the buyer in the supplier [13].  

IV. IDENTIFICATION OF DATA TO DESCRIBE AUCTION 
CHARACTERISTICS 

In this study, we have evaluated 1000 eBay auctions over a 
period of 8 months in order to develop a neural network for 
price prediction and identify the rudimental auction 
characteristics which influence the revenue. The latter is done 
by developing a decision tree based on the data collected 
afore. Altogether, for our research we have considered the 
following different types of influential factors: 

• Presentation-specific factors (T) 

• Seller-specific factors (V) 

• Auction procedure-specific factors (A). 

Based upon these data interrelations between the attribute 
values and the auction revenue have been detected. In order to 
limit the influence of product-specific factors which are 
mostly irrelevant in regard to auction design, we have decided 
to take a look at a common standard product. A product of 
such kind is the Levi's 501. The jeans are manufactured 
without change since 1872, and accordingly the selling price 
over a longer period of several months is more or less stable 
[19]. In contrast, e.g. electronic products are subject to a rapid 
technological progress, so that a significant decline in prices 
can be observed over a short period of time. Furthermore, our 
targets, the general prediction of auction prices and the 
identification of possible universal rules for the design of an 
auction, require the choice of a product without a limited 
target group with specific habits or preferences. A 
circumstance which has not been taken into account in other 
works, e.g. by the choice of silver and gold coins or Pokémon 
toys [17]. Another problematic product-specific attribute is the 
quality which is changed by aging and usage. Although a 
differentiation of "new" and "used" would have been possible, 
the class of "used" products is too heterogeneous (ranging 
from "worn once" to "completely worn out") in order to derive 
good results. Therefore, we considered only those auctions 
which contained new goods (a new product with label). For 
the data analysis the following attributes as determinants of 
the output attribute "price class" have been collected (the 
categories which have been defined before are assigned within 
the brackets): 

• Number of pictures (T) 

• Number of ratings (V) 

• Ratio of positive ratings (V) 
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• Duration of the auction (A) 

• Ending day(A) 

• Ending time (A) 

• Shipping costs (A) 

• Starting price (A) 

The auction price that has been got at the end is used as the 
classification attribute resp. the variable that should to be 
forecasted. 

V. ENCODING OF INPUT AND OUTPUT DATA 

A. Input Data 
the evaluated data had to be pre-coded in order to be 

analyzed and the coding was retained for both methods. For 
the presentation-specific attribute "number of pictures" three 
classes were formed, namely  ‘no image’, ‘exactly one image’ 
and ’multiple images’. (see Table I)  

 
TABLE I 

DISTRIBUTION OF THE NUMBER OF PICTURES 

Number of pictures Distribution 

None 0.91 % 
One 46.27 % 

Some 52.81 % 
 
The distribution of the number of ratings within the three 

classes ‘Few’, ‘Average’ and ‘Many’ has been carried out by 
appointing the 0.33-quantile and 0.66-quantile as respective 
class boundaries. (see Table II) 

 
TABLE II 

DISTRIBUTION OF THE NUMBER OF RATINGS 

Ratings From Until Distribution 

Few 0 81 33.33 % 
Average 82 253 33.33 % 

Many 254 5520 33.33 % 
 
For the seller rating the same classes were formed, but 

with different class boundaries due to a distinct right-skewed 
distribution. Here, the 0.05-quantile and the 0.12-quantile 
were defined as class boundaries. (see Table III) 

 
TABLE III 

DISTRIBUTION OF REPUTATION 

Reputation From Until Distribution 

Bad 0 97.8 5.00 % 
Average 97.9 99.0 12.00 % 

Good 99.0 100 83.00 % 
 
The auction duration has been divided in ‘Short’ and 

‘Long’ and each auction over seven days has been rated as 
long. (see Table IV) 

 
 
 
 

TABLE IV 
DISTRIBUTION OF DURATION 

Duration From Until Distribution 

Short 1 5 21.43 % 
Long 7 10 78.57 % 

 
For both the ending day and the ending time of an auction 

four classes were formed: ‘Weekday’, ‘Friday’, ‘Saturday’ and 
‘Sunday or holiday’, and ‘In the morning’, ‘At noon’, ‘In the 
evening’ and ‘At night’. Accordingly, the following 
distributions subject to the defined boundaries resulted. 

 
TABLE V 

DISTRIBUTION OF THE ENDING DAY 

Auction end day Distribution 

Weekday 
(Monday - Thursday) 28.03 % 

Friday 3.16 % 
Saturday 7.21 % 
Sundaya 48.79 % 

 
TABLE VI 

DISTRIBUTION OF THE ENDING TIME 

Ending time From Until Distribution 

In the morning 08:01 12:00 3.82 % 
At noon 12:01 17:00 26.76 % 

In the evening 17:01 23:29 66.19 % 
At night 23:31 07:00 3.28 % 

 
At last, the shipping costs were divided into two classes, 

depending on the common national shipping fees of 4.90 €. 
The starting price of the auction were coded into 2 classes as 
can be seen in Table VIII) 

 
TABLE VII 

DISTRIBUTION OF SHIPPING COSTS 

Shipping costs From Until Distribution 

Suitable 0.00 € 4.90 € 65.00 % 
High 4.91 € 12:50 € 35.00 % 

 
TABLE VIII 

DISTRIBUTION OF THE STARTING PRICE 

Auction end price Distribution 

1 Euro 46.28 % 
Other 53.72 % 

 

B. Output data resp. classification 
In regard to the classification attribute "price" we 

distinguished between a below-average or above-average 
price. The average price for a pair of 501 jeans based on the 
collected eBay auction data was 31.81 €. The ending price 
ranged from 1.00 € to 68.70 €. 
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TABLE IX 
DISTRIBUTION OF THE END PRICE 

End price From Until Distribution 

Under average 1.00 € 31.81 € 46.28 % 
Above average 31.82 € 68.70 € 53.72 % 

 
 

The collected data then was analyzed with the freely 
available data mining software JavaNNS1 and RapidMiner2, 
by developing a corresponding neural network and decision 
tree.  

VI. DECISION TREES 
Although we were able to roughly determine the ending 

price of online auctions with neural networks, such networks 
do not provide insight to the dominant auction characteristics. 
For this reason, it is necessary to analyze the present data in 
detail with the decision tree method in order to derive valid 
rules which define the design of auctions with respect to an 
above-average ending price. Starting point of the decision tree 
method is an object set X with an associated attribute set M. 
The objects x ∈ X are represented accordingly as feature 
vectors with x=[x1,…,xn]. 

Furthermore, a characteristic 𝐾 for classification exists in 
order to determine the classes of 𝑋 with 𝐾(𝑥) as the class of 
object 𝑥. The construction of a decision tree 𝑇(𝐷) from a 
subset of training data 𝐷 ⊆ 𝑋 with d=[x,K(x)] is processed 
according to the following procedure: if for all 𝑑 =
[𝑥,𝐾(𝑥)] ∈ 𝐷, K(x)=Ki is valid as well as T(D)={Ki}a leaf of 
the decision tree 𝑇(𝐷) is found which corresponds to class 𝐾𝑖. 
Otherwise, an attribute 𝑀𝑛 has to be chosen in order to split 
the decision tree 𝑇(𝐷) into sub-trees  𝑇(𝐷𝑖), 
T(D)={T(D1),…,T(Ds)} and Di={[x1,…,xn],K(X) ⊆D}. 

The choice of the attribute 𝑀𝑖, which is most suitable for 
further branching of the decision tree, is chosen in regard to 
the information gain. The information gain is based on the 
entropy as a measure of order. The latter is defined as 
𝐻(𝐷) = ∑ −𝑝𝑖  𝑙𝑜𝑔2 𝑝𝑖𝑘

𝑖=1  with 𝑝𝑖 = 𝑝(𝐾𝑖|𝐷) = |𝐷∩𝐾𝑖|
|𝐷|

  (1)  (1) 
as the probability of 𝑑 ∈ 𝐷 belonging to the class 𝐾𝑖. The 

resulting information gain due to a split in regard to attribute 
𝑀𝑖 with corresponding sub-trees 𝑇(𝐷𝑖) is calculated as: 
△ 𝐻(𝐷𝑖) = 𝐻(𝐷) − ∑ 𝑝(𝐷𝑖|𝐷)𝐻(𝐷𝑖)𝑠

𝑖=1  (2)  
with 𝑝(𝐷𝑖|𝐷) = |𝐷𝑖|

|𝐷|
 as the probability of 𝑑 ∈ 𝐷 

belonging to 𝐷𝑖 . For branching the attribute 𝑀𝑖 is chosen so 
that the information gain is maximum in the corresponding 
node, i.e. the entropy 𝐻(𝐷𝑖) and thus the order 𝐷𝑖  have the 
lowest value. 

The method of inductive learning of decision trees (ID3) 
generally constructs compact trees and branches in 
consideration of a high information gain close to the root [15]. 
The fact, that only a local optimization may be found and a 
globally optimal solution may be missed, is accepted 
deliberately. 

Taking into account the basic finding that a variety of no 
need must be limited to the simplest and that simple models in 

1  http://www.ra.cs.uni-tuebingen.de/software/JavaNNS/ 
2  http://www.rapidminer.com/download 

the presence of statistical noise will lead to more accurate 
predictions [1], the ID3 method for developing decision trees 
has been modified and supplemented with a pre-and post-
pruning. In terms of pre-pruning, a further split-up into sub-
trees 𝑇(𝐷𝑛) in regard to attribute 𝑀𝑖 is overruled, because no 
significant information gain can be achieved. Instead, a leaf 
node is directly formed i.e. a classification 𝐾𝑖 as a function of 
the dominant class in 𝐷𝑖  is carried out. However, in case of 
post-pruning, at first the complete decision tree is developed 
and then transformed into a set of rules. These rules are then 
ranked in regard to the confidence and support and eventually 
evaluated. Rules that apply only with a low probability or 
which are rarely used are not considered and thus ignored. The 
modified ID3 method is also known as C4.5 and is used 
consecutively for the analysis of the eBay auctions [16]. 

VII. RESULTS 
The used mining software provided a decision tree for the 

auction data in accordance with the procedure described 
above. Each path of the decision tree from the root to a leaf 
represents a conjunctive rule. The inner nodes represent the 
attributes of the premise. The attribute values are noted on the 
edges of the tree. The leaf contains the implicit class and in 
our case is determined by the majority-rule, i.e. whether a 
price is higher or a below average.  

Since our goal was not to classify all possible attribute 
values, which is typical for decision trees, but to identify 
"interesting" interrelations in the form of rules, the overall 
assessment of the decision tree does not matter. The decisive 
question is whether the tree has a sufficiently large number of 
good rules. The quality of a rule or a path in the decision tree 
is determined primarily by the confidence and the support. 

The confidence is calculated as the ratio of the correctly 
classified records and all records described by the rule’s 
premise and corresponds to the "correctness" of a rule. The 
support reflects the applicability of a rule by the number of 
records described by the rule’s premise in relation to all 
available records. Good rules must have a certain minimum 
confidence and a specified minimum support. Too many 
exceptions or correctly classified data sets are not interesting 
for further consideration. However, the minimum support per 
rule, which expresses the frequency of its use, should not be 
overestimated, since not only a single rule but a rule set has 
been determined. In our study, we set a minimum confidence 
of 60% and a minimum support of 2% for each rule. Under 
these conditions, the following rules were identified: 

 
(R1) Unfashionable articles achieve below-average prices 

(confidence: 75.6% and support: 4.13%). 
(R2)  
 

If an auction ends on Saturday and the seller has many 
ratings, it achieves an above-average price 
(confidence: 75.8% and support: 2.92%) 

(R3) If an auction ends at noon, it achieves above-average 
prices, except on Saturday at noon (confidence: 
66.41% and support: 12.8%) 

(R4) If an auction ends between Monday and Friday and the 
seller does not have a good reputation it will achieve 
below-average prices (confidence: 68.5% and support: 
5.43%) 
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(R5) If an auction only has a short duration and ends in the 
evening, it achieves below-average prices, unless the 
seller has a lot of ratings (confidence: 60% and 
support: 8.05%) 

(R6) If the seller’s reputation is low, the auction achieves 
under-average prices (confidence: 60% and support: 
7.65%) 

More highly confident rules with less application were: 
(R7) Without images mostly below-average prices are 

obtained (confidence: 85%, support: 0.71%) 
(R8) If an auction ends at night, it still obtains above-

average prices, if it had a long duration (approximately 
92.3% confidence, support: 1.31%) 

 
Furthermore, it shows in comparison that auctions which 

end in the morning tend to achieve smaller prices than others. 

VIII. CONCLUSIONS 
We showed that the prediction of the ending price is well 

possible based on auction characteristics and can assist sellers 
as well as platform operators in evaluating auction success. 
However, neural networks do not show the interdependency of 
such characteristics in detail. Thus, it was necessary to deploy 
decision trees to identify fundamental rules of online 
auctioning. In contrast to other work, we analyzed data non 
dependent on a specific target audience, it seems that our 
analysis of price determinants and the corresponding results 
are of general validity. Based on the available data, a number 
of interesting correlations have been identified. These 
interrelations can be an evidence to deduce how the auction 
process data and product presentation should be designed. 
However, we have to recognize that the experience and the 
reputation of a seller is the most important factor that needs to 
be administered by the seller. The found results can lead to a 
significant increase in auction revenue and are interesting 
primarily for Powersellers. 
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