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Abstract
Designing auction parameters for online industrial
auctions is a complex problem due to highly het-
erogeneous items. Currently, online auctioneers
rely heavily on their experts in auction design. In
this paper, we propose a data driven auction de-
sign framework that seamlessly combines predic-
tion models and knowledge from experts into an
optimization model. We show the proposed data
driven approach improves upon the design from the
experts for starting prices and display positions of
items.

1 Introduction
Internet auctions have been upcoming since the early 2000s
and most traditional auctions have also been converted into
internet auctions due to the growth and widespread use of the
internet, and the ease of bidding from the comfort of your own
home. Industrial auctions are a mean for companies to sell
their assets and inventories. Online auctioneers try to set up
the best possible auctions using several auction parameters,
such as presentation of the lots, timing of the auctions and
the starting prices.

Classical economic theory such as [Myerson, 1981; Mil-
grom and Milgrom, 2004] provide some guideline on auc-
tion mechanism frameworks. However, they work under
strong assumptions about rationality and valuation function
of bidders. As many studies showed, bidders often behave
irrationally due to several psychological phenomena. [Ku
et al., 2005] call the phenomenon of irrational and fran-
tic behavior of bidders which lead to overbidding “auction
fever”. Participants at auctions enjoy the thrill of winning
[Cheema et al., 2012]. [Heyman et al., 2004] describe the
opponent effect that is “an increase in the subjective value
of winning the auction when the behavior of other bidders
in the auctions is perceived to be competitive.” Another
phenomenon is that bidders experience a feeling of owner-
ship when they have the highest bid during an auction. This
feeling of temporally ownership during an auction is named
“pseudo-endowment effect” in [Ariely and Simonson, 2003]
and “quasi-endowment” in [Heyman et al., 2004], which
leads to a higher end price.

In practice, auctioneers rely on their experience and em-
pirical analysis in the auction literature to tune auction pa-
rameters for daily operations. For example, they often define
starting prices low to make the auctioned items attractive to a
wide audience, but for items that are harder to sell, the start-
ing prices are set relatively high. This pricing strategy is sup-
ported by [Ku et al., 2006] which states that lower starting
prices reduce the barrier to bid, but lead to lower end prices
when the market entry and participation are reduced.

As many auctions are conducted throughout the years, data
is collected on the characteristics of auctions and the bids
that are received. This historical data can give insights into
how the auctions are performing, and machine learning meth-
ods could help in learning relations between characteristics
of auctions, auction parameters, and auction outcomes. Ex-
isting research has typically focused on one specific kind of
item with very similar specifications (e.g., [Van Heijst et al.,
2008]), on predicting outcome for an on-going auction (e.g.,
[Zhang et al., 2010]), on predicting revenue with simulated
auction data (e.g., [Verwer and Zhang, 2012]), or on using
reinforcement learning for auction mechanism design (e.g.,
[Tang, 2017]). There is a lack of work on helping online in-
dustrial auctioneers set up auction parameters using machine
learning models, probably due to the fact that there is a wide
variety of items put on sale in online industrial auctions.

The ability of predicting how well an auction will perform
prior to the start comes in handy for auctioneers. If an item
is expected to be a low-performing item, the auctioneer can
take certain actions to influence the auction outcome. For
instance, the starting selling price of the item can be modi-
fied, or the location where the item is displayed on the web-
site can be changed to attract more attention. In this paper,
we take a real-world industrial auction data set and investi-
gate how we can improve upon the expert’s design using in-
sights learned from data. More specifically, we first construct
a classification model that predicts the expected performance
of auctions. We propose a data-driven auction design frame-
work (called DDAD) that combines the expert’s knowledge
with the learned prediction model, in order to find the best pa-
rameter values, i.e., starting price and display positions of the
items, for a given new auction. The prediction model is eval-
uated, and the new design for several auctions is discussed
and validated with the auction experts.



Our contributions are as follows:
• We propose an optimization framework that seam-

lessly integrates prediction model components, i.e., con-
structed constraints between features and their relation
to the predictions, with expert knowledge and domain
constraints in a mathematical optimization model.
• Interestingly, our results demonstrate that despite the

high variety of items and prices in industrial online auc-
tions, simple classification models such as decision trees
are able to predict the auction outcomes quite accurately,
using expert knowledge and popularity of items as fea-
tures.
• We show that the new design, which was validated by the

auction experts, improves the expected revenue of the
online auctioneer, evaluated by the classification model.

We start with describing the auction setting and the auction
optimization problem we aim to solve.

2 Auction setting and problem formulation
The online auction company conducts many auctions
throughout the year, selling many different kinds of items.
The items that are auctioned cover a wide range, from
kitchenware to farming equipment and building contractors
equipment. Each item that is being sold through the auction
is called a lot. A collection of lots from one or more sell-
ers is called a sale. A sale can be categorized in one of four
categories: bank, dealer, liquidator, or volunteer. The items
get appraised by experts and receive an estimated value (Est-
Value), along with a starting price for the lot, and they are
assigned to a main and subcategory within the sale. A lot can
also be put on allocate, which means that the seller has set a
reserve price, and the lot will not be sold when the winning
bid is lower than the reserve price. Lots are assigned a lot
number, which is a unique number within the sale and indi-
cates where the lot will be shown in the sale on the website,
as the lots are automatically sorted on lot number. The lower
the lot number, the higher the lot will appear on the website.
Sales are announced through their website well in time. Once
an auction starts, bidders typically have a few weeks to bid
on the lots. The auction is a form of online English auction,
where the auctioneer opens the auction of a lot with a starting
price, and buyers place increasingly higher bids. The item is
sold to the highest bidder at a price equal to his or her bid.

The highest bid, or EndPrice, on its own does not say much
about the success of a lot in an auction, if one does not know
what kind of lot it was. Two lots might have the same End-
Price, but one could be considered a cheap item, whereas the
other could be considered expensive. Therefore, the multi-
plier is used by the auctioneer as an auction performance in-
dicator. The multiplier ties the EndPrice and the EstValue
(see Table 1) together by taking the ratio between the two,
i.e.,

multiplier =
EndPrice

EstV alue
.

The multiplier therefore indicates how well an item has per-
formed in the auction compared to the expectations of the
expert. Based on expert opinion (and business needs), we

choose to split the lots into three classes: (1) a multiplier
equal to 0 is in the unsold class 0, or simply unsold; (2) a
multiplier higher than 0 and lower than 0.8 denotes the low-
performing class (low); (3) a multiplier of 0.8 or higher de-
notes the class with expected performance (high).

The auctioneer is particularly interested in items that may
not be sold or may be sold for a lower price than expected.
If an item is expected to not perform well, the auctioneer can
take certain actions to update the auction parameters before
the auction starts to influence the auction outcome. The im-
portant auction parameters include for example the starting
prices of items and their display positions.

The auction optimization problem is defined as follows.
Given a sale of N items or lots, determine the starting price
and the lot number (i.e., display position) for each item, such
that the expected outcome is maximized.

3 Auction data and feature engineering
We are provided with data collected over ten months. From
this data, we select a subset of the data from the following
branches: construction, agricultural industry and consumer.
The main motivation for this subset is the fact that these
branches make up about 75% of total revenue. In summary,
Table 1 shows an overview of the available variables in the
database of the auction company.

Variable Type Description
LotNr ordinal unique ID and position of a lot within a sale
Allocate binary lot has a reserve price
EstValue numeric estimated value of the lot
StartPrice numeric starting price of the lot
EndPrice numeric price at which the lot is sold
Seller ordinal type of seller
CloseTime ordinal time of day the sale closes
Weekday ordinal day of the week the sale closes

Table 1: Description of the variables in the data and their respective
types.

The data set consists of a total of 24,451 lots. There are
18,528 lots in the EstValue range of [0, 200). This means
that there are many lots consisting of small items with a low
estimated value. The multiplier is very sensitive to small vari-
ations in the end price when the estimated value is small. We
would also like to focus on predicting the larger lots, as these
are more important to predict correctly. Therefore, we filter
out lots with an estimated value of lower than 200. Further-
more, there are 80 lots with an estimated value of 20,000 and
higher. As these lots are rare and should be treated by ex-
perts as special cases, we filter out these lots as well. We end
up with a total of 5,843 lots. Figures 1, 2 and 3 show the
distribution of the filtered lots over different ranges of esti-
mated value, starting price and end price, respectively. Fig-
ure 2 shows that the starting price of lots is lower in general
than its estimated value, as the graph shows a shift to the left
compared to Figure 1. The lots with an estimated value of in
between 200 and 300 mostly have a starting price of in be-
tween 100 and 200, although there are 146 lots that have an
even lower starting price of lower than 100. In general, lots
have starting prices approximately 0.5 or 0.67 times their es-
timated value. In Figure 3 we can see that about half of the



lots have an end price lower than 500. This coincides with
Figure 1, which has roughly half of the lots with an estimated
value of lower than 500. This would indicate that the experts’
estimates are generally quite okay. However, the end price
of about a quarter of these lots are lower than 200, whereas
the estimated value is 200 or higher. This shows that experts
are overestimating the value on relatively cheaper lots. For
the other lots, the end price coincides roughly with the esti-
mated value. This of course does not mean that the experts
are correct with their estimates all the time, but they are per-
forming quite well on average. For all these features we can
say that there are many lots in the lower regions, whereas the
feature values get higher, the number of lots decreases, cre-
ating a long tail. This means that the models will be trained
more heavily on the lots with lower values, whereas they will
be more susceptible to variance once the feature values get
higher. This again shows that we are dealing with a large va-
riety of items, and it will therefore be difficult to construct a
model that will perform well on every item in the auction.

Figure 1: Data distribution over various ranges of estimated value.

Figure 2: Data distribution over various ranges of starting price.

Feature construction and selection. In a similar vein as
defining the multiplier, the starting price of a lot can be tied
to its estimated value. Therefore, we introduce the variable
SPEV, defined as

SPEV =
StartPrice

EstV alue
,

Figure 3: Data distribution over various ranges of end price.

which indicates how far the starting price is from the esti-
mated value of the lot initially. In addition, auctioneers deem
to believe that scarcity is important. The simple economic
rule of supply and demand is valid. If supply is lower, the
price gets higher. If an auctioneer offers one unique item, all
attention and demand are focused on this specific item. When
the auctioneer offers two similar items, the attention and the
number of bidders are spread out, which results in less bid-
ding activity and therefore lower prices. Hence, we create
additional features LotsSale, LotsSaleMain, and LotsSale-
Sub. LotsSale indicates the total number of lots within the
same sale. LotsSaleMain and LotsSaleSub present an even
deeper level of scarcity, where LotsSaleMain shows the num-
ber of lots within the same main category within the same
sale, whereas LotsSaleSub shows the number of lots within
the same subcategory of that main category. We use all these
constructed features together with the variables described in
Table 1, with the exception of EndPrice and multiplier, as fea-
ture variables.

In order to find out the relation between the multiplier and
the feature variables, we conduct a correlation test on the data
set. We make use of Spearman’s rank correlation. The corre-
lation between the multiplier and the feature variables in the
data set with all lots, in which unsold lots are assigned a mul-
tiplier of 0, and with just the sold lots can be found in Table
2.

Feature multiplier (all) multiplier (sold)
LotNr -0.08 -0.12
Allocate -0.34 -0.03
EstValue -0.07 0.03
StartPrice 0.06 0.16
Seller -0.11 -0.08
CloseTime -0.05 -0.08
Weekday -0.02 -0.05
SPEV 0.37 0.33
LotsSale 0.03 -0.03
LotsSaleMain -0.06 -0.07
LotsSaleSub -0.08 -0.12

Table 2: Spearman’s rank correlation between the multiplier and
feature variables over the entire data set, and over only the sold lots.

In both sets, the feature variable that stands out with a



positive correlation with the multiplier is SPEV (0.37/0.33).
The positive correlations between the multiplier and the Start-
Price and SPEV indicate that higher starting prices result
in higher multipliers, with SPEV being a better indicator.
This is in line with the findings of [Ariely and Simonson,
2003], who remarks that a low starting price may be used
to attract more bidders, but will not necessarily result in a
higher end price. As the correlations between the multi-
plier and EstValue (−0.07/0.03) seem to be rather low and
not consistent, higher valued lots will not necessarily result
in higher multipliers, but there are cases in which the start-
ing price is relatively high compared to the estimated value,
which will result in a higher multiplier. In addition, LotsSale-
Main (−0.06/−0.07) and LotsSaleSub (−0.08/−0.12) stand
out with negative correlations. This indicates that the fewer
lots there are of the same main and subcategory within the
same sale, the higher the multiplier will be. This coincides
with the intuition that scarcity will make the lot more wanted,
and therefore will generate a higher multiplier. LotsSale
(0.03/−0.03) does not seem to have the same effect, as it
might be too generic, as there are items within the same sale
that can be very different from each other. Furthermore, the
negative correlations of LotNr (−0.08/−0.12) indicate that
the lower the LotNr, which means that it is higher on the page,
the higher the multiplier will be. This is also as expected, as
more bidders will see the lot when it is higher up on the page.
With Seller (−0.11/−0.08) we see that sales from banks
and liquidators result in slightly higher multipliers than sales
from dealers and volunteers, which also matches the auction-
eer’s expectations. CloseTime (−0.05/−0.08) and Weekday
(−0.02/−0.05) seem to indicate that sales ending earlier on a
day and in the week have a slightly higher multiplier, but the
effect is small. Allocate (−0.34/−0.03) has a significant dif-
ference in correlation between all lots and just the sold lots.
This is because lots on allocate have a reserve price, which re-
sult in unsold lots with a multiplier of 0. When only consider-
ing sold lots, there seems to be barely any difference between
lots being on allocate and not.

We include the following features in our prediction mod-
els: SPEV, StartPrice, EstValue, LotsSale, LotsSaleMain,
LotsSaleSub, LotNr, Weekday and Allocate. The features
SPEV, StartPrice, EstValue are included because relation-
ship between the starting price relative to the estimated value
is important when auctioneers optimize the auction design.
LotsSale, LotsSaleMain, LotsSaleSub are selected since they
jointly capture the effect of scarcity. LotNr is selected be-
cause it is related to the visibility of a lot. Weekday is se-
lected in consultation with auction experts in order to capture
potential time-effects. Allocate is selected since it can poten-
tially predict when a lot will be sold or not. Finally, note that
SPEV, StartPrice, and LotNr are design parameters that are
directly controlled by the auctioneer.

Other feature selection methods such as recursive feature
selection yielded similar results. As some features are auction
design variables that we will optimize after building predic-
tive model, feature selection methods based on for example
PCA are not preferred.

4 Auction design optimization model
We treat the problem of evaluating the expected performance
of auctioning items in the new sale as a classification prob-
lem. In the literature, there are various ways of utilizing the
prediction models for optimizing new designs. For example,
in [Gabel and Riedmiller, 2008] and [Huyet, 2006], predic-
tions are used as fitness functions to evaluate the quality of a
solution. Another line of research, called Empirical Model
Learning [Lombardi et al., 2017], investigates embedding
of the components of prediction models into combinatorial
models. See [Lombardi and Milano, 2018] for an overview.
In [Verwer et al., 2017], the authors encode the prediction
model using Mixed Integer Linear Programming (MILP) lan-
guage to find optimal auction sequence in a sequential auc-
tion using simulated action data. We extend the encoding of
[Verwer et al., 2017] to combine with the expert and domain
knowledge in the MILP model. Our proposed auction de-
sign optimization framework DDAD is illustrated in Figure
4, where historical auction data is used to build a prediction
model. A mathematical optimization model, i.e., integer lin-
ear programming (ILP) model, is defined to solve the given
auction optimization problem. This ILP model takes into ac-
count both (1) the domain and expert knowledge on variables
and objectives, and (2) the internal structure of the prediction
model, i.e., the learned relations of different variables to pre-
dictions. We use classification trees as prediction models, and
the translation from the learned classification tree to a set of
linear constraints is extended from [Verwer et al., 2017].

Auction optimization model

historical 
auctions 

prediction 
model

parameters 
a, b, c, …

design 
variables 
x, y…

features

Optimal auction 
variables x, y for S

maximize
expected outcome S

subject to
1. constraints learned

from data 
2. domain and expert 

knowledge 

New 
sale S

Figure 4: Components of the data driven auction design model.

Decision variables. Given a set I of N lots, we use a deci-
sion variable sr to denote the starting price of lot r ∈ I , and
the following variables to encode any possible index of lots:
xi,r ∈ {0, 1}. Lot r is given an index of i, 1 ≤ i ≤ N , if and
only if xi,r = 1. Thus, if x3,1 is equal to 1, it means that the
first lot is assigned 3 as its lot id. Each lot has one lot id, and
every lot is required to have a unique lot id. Hence,∑

1≤r≤N xi,r = 1 for all 1 ≤ i ≤ N∑
1≤i≤N xi,r = 1 for all 1 ≤ r ≤ N

Any assignment of ones and zeros to the x variables that
satisfies these two types of constraints corresponds to a valid
lot id assignments of all lots. The starting prices sr have the
following bounds, based on the advice from auction experts:
0.4× EVr ≤ sr ≤ 1.0× EVr, for all r ∈ I .



Computing feature values. Let Feat be the set of fea-
tures that are used to build the classification tree, i.e., LotNr-
Rel, Allocate, EstValue, StartPrice, LotsSale, LotsSaleMain,
LotsSaleSub, Weekday, SPEV. We use F (F ⊆ Feat) to de-
note the features that are used in the tree. The features Lot-
NrRel, StartPrice, SPEV are related to our decision variables,
and hence if they are in F , their values need to be translated
as follow.

StartPricer = sr for r ∈ I

LotNrRelr = {i|xi,r=1}
N for r ∈ I

SPEVr = sr
EVr

for r ∈ I

Objective function. We denote the predicted class of lot
r by binary variables pr,c, where c ∈ C = {0, 1, 2} is the
class label. pr,0 = 1 indicates that lot r is predicted to be in
the lowest performing class 0. The objective of the auction
design is to maximize the expected performance of all lots in
the sale, i.e.,

max
∑

1≤r≤N
∑

c∈C c · pr,c
Every lot r can only end up in one class, i.e.,∑

c∈C pr,c = 1 for all r ∈ I

Encoding classification tree We translate the classification
tree models into ILP using linear constraints based on the en-
coding in [Verwer et al., 2017]. We introduce a set of binary
variables zl,r, representing whether a leaf node l is reached
for lot r. The internal (decision) nodes of the trees can be
represented implicitly by the constraints on these new z vari-
ables. Intuitively, we encode that a z variable has to be false
when the binary test of any of its parent nodes fails. By addi-
tionally requiring that exactly one z variable is true at every
index, we fully encode the learned trees.

Let D be the set of all decision nodes in the classification
tree. Every decision node in D contains a Boolean constraint
f ≤ t, which is true if and only if feature f has a value less
than or equal to a constant t. A key insight of our encoding
is that every such Boolean constraint directly influences the
value of several z variables: if it is true, then all z variables
representing leafs in the right subtree are false; if it is false,
then all that represent leafs in the left subtree are false. In this
way, we require only two constraints per Boolean constraint
in order to represent all possible paths to leaf nodes.

fvf + (Mf − c) ·
∑

l∈L zl,r ≤Mf for all r ∈ I, (f ≤ t) ∈ D
fvf + (mf − c) ·

∑
l∈L′ zl,r ≥ mf for all r ∈ I, (f ≤ t) ∈ D

where fvf is a calculation of feature f ’s value, L and L′ are
the leaf nodes in the left and right subtrees of the decision
node with constraint (f ≤ t) in the tree, and Mf and mf

are the maximum and minimum values of feature f . For the
feature calculation we simply replace fvf with the right-hand
sides of the corresponding feature definitions.

The above constraints ensure that when zl,r obtains a value
of 1, all of the binary test in the parent nodes on the path to l
in the tree for lot r return true. By construction of the trees,
this ensures that at most one z variable is true for every r.∑

l zl,r = 1 for all r ∈ I

The predictions of the trees are given by the z variable that
is true. We multiply this z variable with the class prediction in
the leaf node it represents to obtain the prediction, and store
it in the p variables used to compute the objective value.

pr,c =
∑

l∈Lr
vl · zl,r for all r ∈ I

where vl is the constant prediction of leaf l in the tree.
In this way, we build a mathematical optimization model

DDAD based on data and domain knowledge. This model
can be solved by any off-the-shelf optimization solvers like
CPLEX [IBM, 2018] and GUROBI [Gurobi Optimization,
2018], and guarantees to find the optimal decision variables,
i.e., starting prices and lot numbers, for items in the new sale,
such that the expected performance is maximized.

5 Results
We use the provided data to investigate how the DDAD per-
forms. First, we select the data that we will use in our models,
and we construct a training and test set. Then we use existing
tree based classifiers to predict the multiplier of lots using the
feature variables. A variety of different classification models
with different parameters are used to observe the performance
on our data. Thereafter, one classification model will be cho-
sen to be used with DDAD. We use Scikit-learn in Python for
the classification models, and we use CPLEX to solve DDAD.

5.1 Classification model
We first randomize the data set in order to obtain representa-
tive training and test data sets. Because the data set consists
of multiple sales made up of numerous lots, we have to make
sure that the sales stay intact. We randomly shuffle the sales
and then use the first 70% of the 5,843 lots as our training
data set, and the remaining 30% as our test data set. As the
sales within the training and test data sets also have to remain
intact, we do not cut off the training data set at exactly 70%
of the total data, but we also include all the lots in the last
sale of the training data set. Finally, we balance the training
data set by undersampling lots with class label 2 such that the
total number of lots in class 1 and 2 are equal. This results
in a training data set of 3,087 lots (45 sales, 58.4%), and a
test data set of 1,747 lots (32 sales, 41.5%). Table 3 shows
the number of lots in each class. We also used other sampling
alternatives for class balancing, but these did not give very
different results.

Multiplier Category #Lots Train #Lots Test
0 low 237 46

(0, 0.80) med 1425 690
[0.80,∞) high 1425 1011
Total lots 3087 1747

Table 3: Number of lots in the low-, medium-, and high-performing
classes in the training and test set.

We perform k-fold cross validation on the training data for
different classification models with varying parameters in or-
der to find the best classification model. We need to account
for the fact that the data is ordered in sales and time. There-
fore, we shuffle the training data set before applying k-fold



Accuracy Train accuracy per class Test accuracy per class
mean var (+/-) accuracy low med high kappa accuracy low med high kappa

CART3 0.64 0.05 0.64 0.94 1.00 0.23 0.36 0.56 1.00 0.99 0.25 0.26
CART5 0.67 0.04 0.69 0.97 0.64 0.69 0.45 0.66 0.61 0.36 0.87 0.28
CART7 0.69 0.06 0.73 0.97 0.76 0.66 0.53 0.59 0.63 0.70 0.52 0.24
CART10 0.72 0.05 0.81 1.00 0.76 0.84 0.67 0.67 0.63 0.58 0.73 0.35
rfc3 0.66 0.05 0.67 1.00 0.86 0.42 0.42 0.65 1.00 0.72 0.58 0.34
rfc5 0.69 0.03 0.73 1.00 0.85 0.56 0.52 0.67 0.89 0.63 0.68 0.35
rfc7 0.72 0.03 0.79 1.00 0.88 0.66 0.63 0.67 0.78 0.64 0.68 0.36
rfc10 0.75 0.04 0.89 1.00 0.93 0.84 0.81 0.68 0.87 0.65 0.70 0.39
adacR 0.55 0.06 0.56 0.97 0.82 0.22 0.22 0.42 0.65 0.80 0.16 0.01
adac 0.61 0.07 0.62 1.00 0.59 0.58 0.34 0.65 1.00 0.58 0.68 0.32
bagc 0.75 0.02 0.98 1.00 0.99 0.97 0.97 0.61 0.65 0.59 0.63 0.25

Table 4: Mean and variance of the accuracy in 10-fold cross-validation for the shuffled training data, and the accuracy for each class, and
Cohen’s kappa, for the training and test data set.

cross validation. This ensures that the obtained accuracy from
the model will be representative of the performance of the
model with arbitrary data. For our classification models, we
use ones that are readily available in Scikit-learn.

First of all, we use CART decision trees with maximum
depths of 3, 5, 7 and 10. The Gini impurity is used to mea-
sure the quality of a split. We also use random forest clas-
sifiers (RFC), which are bootstrap aggregated decision trees,
with the same maximum depths as the CART decision trees
and the same Gini impurity criterion. The number of trees in a
forest is set to 100. Next, we use AdaBoost classifiers, using
both the SAMME.R real boosting algorithm (AdaCR), and
the SAMME discrete boosting algorithm (AdaC) [Hastie et
al., 2009]. A decision tree classifier is set as the base estima-
tor, and we use a maximum of 50 estimators with a learning
rate of 1.0. Finally, a bagging classifier (BagC) is used, which
is an ensemble meta-estimator. Again, we use a decision tree
classifier as the base estimator, and we use a maximum of 50
estimators.

Table 4 shows the results of the different classification
models on the data based on the selected features. The sec-
ond and third columns show the mean and 95% confidence
interval of the accuracy in a 10-fold cross validation on the
training data. The next four columns show the overall accu-
racy and accuracy for each class, for the training set, while
the last four columns show the same for the test set. The re-
sults show that simple CART classifiers are competitive with
the ensemble classifiers. Among the CART models, CART
with depth 10 (CART10) shows the best performance as it
has the highest accuracy in 10-fold cross-validation, on train-
ing, and on testing data sets. Note that CART10 has a rea-
sonably high accuracy across the different classes, whereas
the smaller CART models tend to perform poorly for a par-
ticular class. The random forest classifiers generally outper-
form CART10 but the differences are not that large. We use
CART10 as input for the auction design optimization model
since: (i) the performance on testing data is similar to the best
random forest classifier; and more importantly, (ii) we can
leverage the translation from the learned classification tree to
a set of linear constraints as described in Section 4.

5.2 New auction design
We randomly take five sales from the test set and construct
the optimization model from the learned classification tree to
determine the starting price and lot number of the lots. Table
5 reports various accuracy for these sales, and the differences
between old and new design parameters. The third column
shows the fraction of lots that is being classified as high ac-
cording to the optimization model by tweaking the starting
price and lot number. We observe that the model is able to
change the starting price and lot number in such a way that
the learned classification tree classifies most lots, and in three
sales even all lots, as high. The model assigns the lot num-
ber very differently from the expert, with the ranking being
completely different in all cases. There seems to be no easily
distinguishable pattern on which lot is assigned a lower num-
ber to be more visible to bidders. This is in contrast to the
expert who assigns lots with higher estimated values lower
lot numbers, so that these items appear higher on the list that
is shown to bidders.

Upon closer inspection, we notice that overall the model
assigns a higher starting price to lots compared to the expert.
Many lots are assigned a slightly different SPEV. On the other
hand, we see that the relatively few times that the model as-
signs a lower starting price to a lot. The lot in question is rel-
atively more expensive. Experts usually deem these lots to be
potentially more popular and will set the starting price high,
whereas the model does not take into account these properties
as strictly. These differences to experts’ design strategies are
interesting. As the proposed data driven model demonstrates
higher expected outcomes of auctions with new designs, it
may indicate that the auction experts’ belief on how starting
prices and lot numbers influence auctions is biased. Hav-
ing said that, the learned classification model used in DDAD
might also be biased due to high variety of items in different
sales. We leave it as future work to investigate how to incor-
porate imperfect prediction models into decision models.

6 Conclusion
We propose an auction parameter design framework that in-
tegrates a classification tree that predicts the expected perfor-
mance of auctions into an auction design optimization model.
Currently, the starting prices and lot numbers are defined by



Sale Acc DDAD Higher Avg Diff
(lots) High SPEV SPEV (+/-)
1 (47) 0.43 0.96 0.62 +0.20/-0.22
2 (36) 0.53 0.81 0.72 +0.17/-0.21
3 (6) 0.50 1.00 0.33 +0.15/-0.13
4 (71) 0.62 1.00 0.85 +0.25/+0.10
5 (56) 0.41 1.00 0.68 +0.13/-0.11

Table 5: Design results for the new sales using DDAD.

experts. With the implementation of our proposed approach,
the experts would only have to determine the expected value
but leave the design of starting prices and lot numbers to the
model. We have shown that the proposed approach is effec-
tive as it improves upon the design from the auction experts.

Auctioneers are in particular interested in predicting low-
performing items well. In the future, we will take into ac-
count different costs for different classes, using cost-sensitive
learning [Elkan, 2001]. We will extend the work of [Verwer
and Zhang, 2017; Verwer and Zhang, 2019] to learn classi-
fication models as a multi-objective optimization problem to
incorporate different costs and learning objectives into learn-
ing algorithms.
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