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Abstract

We propose using the information revealed through auctions, including in particular
the unsuccessful bids, to identify latent demand. Applied to combinatorial auctions
for bundles of goods, this information can identify new bundles with particularly high
valuations, expressed by their high complementarity. We present a simple algorithm
for identifying these bundles, suitable for use with agent-based ecommerce systems.

1 Introduction

The emergence of a global electronic economy with universal access, as mediated by the
Internet, makes it possible to have access to information about the behavior of individuals
on a staggering scale. While most of the data generated by this economy has so far been
used by businesses for marketing purposes, there are aspects of this bounty that allow for
more subtle exploitation. These aspects appear as a kind of informational side effect, in
which apparently uninteresting data generated by users can be put to good use. These
side effects were previously unavailable, but they are now easily captured by the digital
infrastructures of the electronic economy. An interesting example of this novel approach is
provided by technologies that exploit the fact that mobile phones are always locating their
transmission cells to make inferences about the amount of car traffic in particular sections
of a city [4].

In this paper we uncover and exploit a novel informational side effect of particular
relevance to electronic-commerce applications; the extra information on demand (or supply)
for bundles of goods revealed by combinatorial auctions 1.

Auctions provide a market mechanism for efficiently matching buyers and sellers of many
products and services. A wide variety of auction mechanisms exist with various suitabilities
for different situations [5, 13, 14, 18]. Moreover, the development of electronic commerce
provides many new opportunities for auctions involving automated bidding agents [19].

Auctions can be viewed as making the participants reveal some information about their
preferences (e.g., a price they are willing to pay) to an auctioneer. After collecting these
preferences, the auction mechanism determines which parties actually exchange the goods
and at what price.

This auction mechanism typically makes use of only a very limited portion of the sub-
mitted information, e.g., the highest bid, while discarding the remainder. However, the
remaining information, particularly the unsuccessful bids, provides a unique insight into

1U.S. Patent pending.
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bundles
A B C AB AC BC ABC

agent 1 1 2 6 3 9 6 10
agent 2 2 1 4 12 8 7 12
agent 3 1 2 3 3 7 6 10
agent 4 3 1 2 4 7 4 9
average 1.75 1.5 3.75 5.5 7.75 5.75 10.25
per item 1.75 1.5 3.75 2.75 3.875 2.875 3.417

Table 1: Valuations of 4 agents for combinations of 3 items, A, B and C. The boxes show the
highest-value allocation. The bottom two rows show the average valuation for each bundle
and the average value per item.

the potential market for the goods involved or similar ones. In particular, these bids give
some indication of the demand (from buyers) or supply (from sellers) curves in the market.
When aggregated over many similar auctions, such information can be useful in identifying
potential markets (e.g., estimates of likely purchase volume at different prices) thereby en-
abling more effective pricing policies. Importantly, since the preferences represent values the
participants would actually pay or accept (i.e, their own money is on the line) they should
be more accurate reflections of preferences than simple polls or survey groups.

This idea becomes even more powerful in the case of combinatorial auctions, where in-
stead of a single good being traded, the auction involves arbitrary combinations of a set of
goods [1, 12]. Typically, such auctions are appropriate when buyers or sellers value a set
of goods differently from the sum of their individual values. In such auctions, participants
submit preferences regarding various sets of the goods. Possible applications include allocat-
ing resources on the space shuttle and determining useful combinations of items to cache or
warehouse. In general, finding the winning combinations in such auctions is NP-complete,
leading to the development of a variety of effective algorithms or tractable restricted ver-
sions [20, 17, 23].

While the resulting auction mechanism is more complex than the single-good case, com-
binatorial auctions can result in far more information from the unsuccessful bids, namely
identifying combinations of the goods that are particularly highly valued. Because of the
combinatorics involved, attempting to survey the market for all possible combinations of a
large set of goods would be prohibitive. Thus using the information revealed by the unsuc-
cessful bids in a combinatorial auction is not only likely to be more accurate but also more
computationally efficient in that the participants themselves identify the sets of goods of
particular interest to them, thereby avoiding the need to examine all possibilities.

In what follows, we describe how this additional information can also be used to estimate
demand curves, thereby exposing potentially useful new product bundles. We focus on
identifying potential buyer demand, though the techniques can also apply to the asking
prices of sellers to estimate supply curves. The techniques we introduce for using information
side-effects of auctions are particularly well-suited for simple software agents acting on the
behalf of users.

2 Examples of Complementarity

To illustrate these ideas, consider the complete valuations shown in Table 1. In this case,
the highest-value allocation is item C to agent 1 and items AB to agent 2, as would be
determined through a generalized Vickrey auction [24]. Notice however the relatively high
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complementarity assigned to the combination AC which the agents value considerably more
than the sum of the two items A and C individually. Even though AC is not part of the
winning allocation, this information indicates the existence of a complementarity that can
be potentially exploited by offering this particular bundle.

These observations are quantified by the average value per item for each bundle, shown
in the last line of the table. Assuming a competitive market, so prices are not influenced by
choices of individual suppliers, and unit cost for producing each item, this value indicates
the potential profit from supplying the various bundles. More generally, we would include
any variations in the individual item costs and complementarities in their production to
determine the ratio of average values, given in the penultimate line of the table, to the
corresponding costs.

3 Estimating Demand

We consider demand for bundles of n goods. As a specific model of valuations [2], suppose
a person has a value vi for the i-th good, and the value for a set S of these goods is the sum
of the individual values raised to the power α. A value α = 1 indicates no particular value
for bundles beyond their individual worth, while α > 1 indicates the bundle is worth more
than the sum of its constituents, i.e., the goods are complementary. Alternatively, a value
of α < 1 indicates that the constituents are substitutes.

Since people can vary in their valuations of the goods and possible bundles, we would
like to estimate a typical or average value of α. The simplest case assumes a constant α to
be estimated from the available bids.

More generally, particular bundles may be valued more highly than others, so α could
vary from bundle to bundle. Specifically, α is defined in terms of the value of a set S in
terms of its components as

value(S) =

(∑
i∈S

vi

)α

(1)

where vi is the value associated with the individual item i by this agent. In general, the
degree of complementarity will depend on the set of items S.

One use for such an estimate is for suppliers to identify bundles that are likely to be
particularly profitable, i.e., with large differences between the inferred demand and the cost
to produce the bundle. Such bundles could then be offered for sale. A further consequence,
that may be more significant over time, is revealing the excess demand for bundles and
thereby suggesting complementary uses that the suppliers may not even be aware of. Such
knowledge could be useful in developing new products or business models. Significantly,
in the context of software agents attempting to automatically identify potentially useful
transactions, this evaluation is computationally simple in not requiring detailed reasoning
about properties of various bundles.

4 Identifying High-Value Bundles

The example shown in Table 1 assumed that information was available on all possible
combinations of items. In general, agents may not bid on all bundles. Given that the
number of bundles grows exponentially with the number of items, incomplete information
is the norm in most auctions. What is available is a sample from the set of all possible bids.
If the number of items is large, some high value bundles may not have any registered bids
in the sample. We are interested in discovering such high value bundles and assigning some
likely values to these bundles.
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If the form of complementarity is known, e.g., the model of Eq. 1 , precise value estimates
could be made. However, this level of detailed knowledge is unlikely to be available. In
what follows, we describe an algorithm for estimating bundle values systematically without
making strong assumptions on the precise form of complementary valuations.

Specifically, we suppose the individual item values are known (e.g., from their prices in
existing single-item markets) and we are given a sample of bids for m sets of two or more
items: S1, . . . , Sm. In general, the sample could include duplicate sets, e.g., from bids from
different agents on the same set of items.

For each set in the sample, Eq. 1 defines a corresponding complementarity factor αm.
Based on this sample we define estimated α values for any set S as follows:

• if S appears (one or more times) in the sample, we estimate α as the average of the α
values associated with the bids for S in the sample

• if neither S nor any subset of S appears in the sample, we take α = 1 for S, i.e.,
assume it has no complementarity

• otherwise, the estimate for α for set S is derived from a weighted average of the α
values associated with its subsets appearing in the sample, with larger subsets given
more weight. Furthermore, we include a dilution factor that gives less contributions
from small subsets in the sample even if they are all the same size so they would
otherwise be weighted equally. Specifically, the estimate is

α(S) = 1 +
〈

(αi − 1)
|Si| + 1
|S|

〉
(2)

where 〈...〉 denotes the weighted average over the members of the sample Si that are
subsets of S and |S| is the number of items in set S.

There are a number of choices for the weightings used in the average of Eq. 2 that
give more weight to larger subsets. For definiteness, we make the simple choice of weighting
according to 1/d(S, Si) where d is the distance between the sets which, since Si is a subset
of S, is |S| − |Si|, i.e., the number of items in S that do not appear in the subset Si, and is
greater than or equal to 1. That is we take the weighted average of a function f , mapping
sets to numbers, to be

〈f(S)〉 =

∑ f(Si)
d(S,Si)∑

1
d(S,Si)

(3)

with the sums over those sets Si in the sample that are subsets of S. Thus, when subsets
in the sample have different sizes, the α values associated with the larger ones are weighted
more heavily. As described above, the weighted average is used only when S itself does not
appear in the sample, so d(S, Si) > 0.

The factor |Si|+1
|S| in Eq. 2 gives full value to complementarity from subsets with one

less item than S and lower values when Si is much smaller than S, capturing the intuition
that complementarity estimates are likely to be less reliable when there is a large difference
between S and Si. For example, when estimating the complementarity of a set with four
items, a sample consisting of two-item sets is likely to be less informative than a sample
with three-item sets. Introducing this factor in the estimation of complementarity is a
simple way to bias consideration toward sets only a bit larger than those in the sample.
More generally, one could capture this intuition on the estimate reliability by separating
the valuation estimate from its reliability and then using porfolio approaches [11, 6] to find
appropriate balances between bundles with high estimated complementarities and those
with reliable estimates. This more sophisticated approach would become more appropriate
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when extensive data on valuations is available for particular groups of products, allowing
reasonable estimates of valuations and their variances.

Although this algorithm need not capture precisely the valuations, even on average, it’s
simple form allows agents to rapidly sift through large amounts of data to suggest possible
complementary combinations. After estimating α for the sets based on the sample, we can
quantify the potential profit from supplying each bundle. If, for simplicity, we suppose all
items have unit cost to create and provide no complementarity on the supply side, the cost
for a bundle is just proportional to the number of items. In this case, a suitable criterion is
the estimated value of a bundle divided by the number of items. More generally, if costs vary
among the items and sets, we can divide the estimated value by the actual cost. Moreover,
although we have discussed estimating values for buyers, the same approach could be used
to estimate costs for sellers who participate in declining-price or double auctions.

In practice, this estimation algorithm can be used in a number of ways. The simplest
approach, appropriate when the number of items is not too large, is to estimate the values
for all sets of items and select the set with the highest estimated value to cost ratio.

As another approach, we could restrict attention to sets just somewhat larger than
those in the sample, avoiding the combinatorics of considering all sets. This is particularly
appropriate since the approximation of Eq. 2 for the complementarities of sets is likely to
be more reliable for sets close to those in the sample than for larger sets.

Finally, we could examine sets in order of increasing size and use an upper bound on
Eq. 2 to determine when the estimated value to cost ratio of larger sets will not exceed
the largest value already found. At this point there would be no need to continue with
additional set evaluations to find the one with the highest estimated ratio. For example, if k
is the size of the largest set in the sample and αmax is the largest α value for the sample sets,
then Eq. 2 gives α for a set of size h as no larger than αbound(h) = 1+(αmax−1)(k+1)/h.
Defining Vh as the sum of the h largest individual values, with Eq. 1 the estimated value
for set S would be at most V

αbound(h)
h . This could be used as a bound to terminate the

algorithm without evaluating larger sets.

5 Algorithm Behavior

To quantify the behavior of this algorithm, ideally one would examine data from real auc-
tions in which the true valuations are independently known. Unfortunately such complete
information is unlikely to be available in auctions with many items due to the large num-
ber of possible sets and the difficulty of obtaining the true valuations from participants.
This limitation could be addressed through laboratory experiments [16, 21] where, through
suitable experimental protocols, the valuations are specified a priori. A simpler approach,
which we adopt here, uses agent-based economic simulations [8, 19]. While less realistic than
studies of actual human behavior in markets, they allow examining larger cases and using
many samples. Agent-based studies are also particularly appropriate when simple agents
are likely to be actively used in e-commerce transactions, e.g., due to the large number of
possibilities to consider in a combinatorial auction. Thus in this section we examine the
behavior of the algorithm when valuations are determined by a simple functional form.

We consider a simple model with minimal assumptions on how bundles derive their
values from smaller bundles. Our use of valuations generated from simple models is similar
to prior studies of the performance of algorithms identifying winning combinations from
bids in a combinatorial auction [20, 17]. However, instead of random variation in valuations
among bundles, we focus on a situation with considerable complementarity, for particular
bundles that do not appear explicitly in the bids.

Specifically, suppose one set of items, G, is particularly complementary in value for most
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Figure 1: Cumulative distribution of values for the 247 sets of two or more bundles for the example
described in the text.
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Figure 2: Median location in the cumulative value distribution of the best bundle returned by the
algorithm (gray) compared with the best in the sample (black) as a function of the number of sets
m in the sample. This example involves n = 8 items and G = {1, 2, 3, 4} while the sets in the
samples are uniformly selected among sets of size 2 and 3. The error bars show the 95% confidence
intervals for the medians [22].

of the agents. In this case, as a simple valuation model, the value of α in Eq. 1 for set S
can be taken to be equal to

α = 1 +
|S ∩ G|
|S ∪ G| (4)

Thus as S includes more items of G, the complementarity increases but this is counterbal-
anced when S includes many additional items not found in G, corresponding to the dilution
in value brought about by additional items. Furthermore, this model gives a maximum α
when S = G.

As an example, we take the individual item values to be generated from a lognormal
distribution [3] with parameters 1 and 0.2, i.e., generated by taking the exponential of
values generated according to a normal distribution with mean 1 and standard deviation
0.2. Thus each item has a positive value and the distribution of individual values has a
somewhat extended tail. An example for n = 8 items and |G| = 4 produces the cumulative
distribution of values shown in Fig. 1 .

Fig. 2 shows the ability of the algorithm described above to identify high-value sets based
on a sample of valuations. Note that the algorithm does not make use of the particular
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functional form for the complementarity used in this example (i.e., Eq. 4 ), but rather
the general property of complementarity that a high-value set is likely to have relatively
high-value subsets, on average.

We see that the algorithm identifies higher percentile sets based on small samples than
simply picking the best set in the sample. We also found similar behavior with other choices
for the number of items, sample sizes and individual values.

6 Improving the Estimate

Since the number of possible bundles grows very rapidly with the number of items, in general
one cannot expect to have enough information from actual auctions to fully determine the
demand for different bundles. Moreover, the value of different bundles may not follow the
simple model of complementary costs assumed above, i.e., the complementarity of a set is
similar to that of its subsets, on average.

This difficulty can be approached in a number of ways. First, one could focus on bundles
with relatively few items, thereby reducing the number of possibilities to consider. However,
such small bundles are also the most likely to have already been noticed and thereby offer
limited gains for use with this technique. A second approach assumes a degree of uniformity
of demand with respect to possible bundles so that the limited available information is
sufficient to extrapolate over most of the sets. A third possibility involves obtaining specific
additional information that best helps resolve ambiguities to distinguish particularly highly-
valued bundles, even if they involve a fairly large number of items.

One way to increase the information available is to perform a few additional auctions
that particularly test for bundles not otherwise sampled in the existing data. To encourage
participation, these additional auctions may require subsidies, in effect purchasing the in-
formation as a type of information market [7]. Since these will incur additional overhead,
either in time or money, compared to using the existing auction results, it is important
to extract as much information as possible about the bundle valuations with just a few
additional “probes”.

This strategy raises the question of how best to sample the possible sets most efficiently
when we can specifically choose additional samples. On the one hand, it could be useful to
sample small sets of items that did not appear among the previous auctions, i.e., scattering
the sample points as far apart as possible. On the other hand, particular complementarities
may only be revealed in somewhat larger sets, even though they include many sets already
examined in previous auctions. Thus we require how best to sample not only broadly among
sets of a particular size but also sets of different sizes. One approach is to focus on adding
samples to maximally increase the diversity of sets examined. In hierarchical structures,
diversity can be quantified by the number of distinct substructures [9]. Generalizing to
other combinatorial structures, such as sets, may prove useful in identifying a few additional
samples with the most impact on improving valuation estimates. Such an approach, though
comute intensive, is particularly appropriate for agents with limited reasoning sophistication
and lacking detailed knowledge of item uses.

7 Discussion

Making use of the additional information from auctions for an aggregate population gives
a general idea of new market opportunities. A more specific targeting is possible if the
information is associated with individual bidders. However, using such information raises
two issues for designing the mechanism. First is incentive compatibility: if users are aware
that their bids will be used not only for the auction at hand but also for targeted marketing,
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they may benefit from misrepresenting their preferences (e.g., if they believe they may be
offered the good by another company at the price of their bid submitted to the auction).
Such misrepresentation not only reduces the accuracy of the collected information, but
could also be detrimental to the underlying auction. Since incentive issues already arise in
designing combinatorial auctions themselves [25], it is important to keep this issue in mind
when adding new uses for the bid information.

A second issue is a more general concern over privacy, e.g., participants may be reluctant
to even enter a particular auction if their interest in it will be made available to others.
Such concerns can be addressed by anonymous participants, and can still allow aggregate
identification of potential markets. However, this looses the ability to provide individual
pricing based on past behavior (e.g, additional discounts to a customer who has purchased
a lot in the past). Existing cryptographic techniques for secure distributed computation
provide an alternative in which the information made available can be precisely limited [10,
15] to the minimum required for a given type of transaction. Such techniques enable a wide-
range of trade-offs between privacy concerns and increased economic efficiency from using
a broader range of information about market participants. They could be especially useful
in the context of agents acting on behalf of people by preventing inadvertent information
disclosure.

The growth of electronically mediated auctions makes it feasible to aggregate and use
behavior revealed in the auctions for identifying demand. Furthermore, with the develop-
ment of software agents to assist users in finding suitable transactions and even participating
directly in auctions on behalf of users, the use of electronic auctions could expand to a much
wider range of transactions than are used today. Thus we can expect a growing source of
auction information, thereby improving the demand estimates made possible by using the
unsuccessful bids. More broadly, expanded electronic mediation of transactions will provide
numerous opportunities to utilize information side-effects from these transactions.
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