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Autonomous agents that participate in the
electronic market environment introduce an
advanced paradigm for realizing automated
deliberations over offered prices of auctioned goods. These agents represent
humans and their assets, therefore it is
critical for them not only to act rationally
but also efficiently. By enabling agents to
deploy bidding strategies and to compete
with each other in a marketplace, a valuable
amount of historical data is produced. An
optimal dynamic forecasting of the maximum offered bid would enable more gainful
behaviours by agents. In this respect, this
paper presents a methodology that takes
advantage of price offers generated in eauctions, in order to provide an adequate
short-term forecasting schema based on
time-series analysis. The forecast is incorporated into the reasoning mechanism of a
group of autonomous e-auction agents to
improve their bidding behaviour. In order to
test the improvement introduced by the
proposed method, we set up a test-bed, on
which a slightly variant version of the firstprice ascending auction is simulated with
many buyers and one seller, trading with
each other over one item. The results of the
proposed methodology are discussed and
many possible extensions and improvements
are advocated to ensure wide acceptance of
the bid-forecasting reasoning mechanism.
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Software agents that participate in
electronic business transactions in an
effort to increase revenue for humans
introduce a new form of automatic
negotiations. These agents enjoy a
large degree of autonomy because,
despite being computer programs,
they actually undertake the responsibilities of rational reasoning and deal
making on behalf of humans. In this
way, agents can mitigate the difficult
task of having to deliberate over
offering the best price for purchasing
a particular item. The successful
performance of agents in trading
scenarios, typically reflected on the
amount of money they earn or save,
ensures that agent-based electronic
marketplaces can adequately replace
the ordinary ones. Even though
humans seem to negotiate using
complex procedures (Beam and
Segev 1997), it is not feasible for
them to monitor and understand the
attributes of a sequence of negotiations in a large competitive environment, such as the one that hosts
electronic auctions (e-auctions).
Besides their superiority in terms
of monitoring and ‘remembering’,
agents are also able to follow a
specific course of action towards
their effort to increase their profit

Downloaded by [Aristotle University of Thessaloniki] at 03:31 04 February 2016

54

Dionisis D. Kehagias, Andreas L. Symeonidis and Pericles A. Mitkas & Designing Bid-Forecasting Pricing Mechanisms

without being diverted by emotional influence as
humans do. Inspired by these advantages of agents in
electronic marketplaces, we deployed a new technique
for the exploitation of available data, in order to improve
the bidding mechanism of agents for e-auctions.
An interesting issue concerning agents in e-commerce
is the creation of both rational and efficient agent
behaviours, to enable reliable agent-mediated transactions. In our research work we focus on the improvement
of agent behaviours in auctions. This achievement
becomes quite appealing as it can significantly advance
the quality of existing agent-mediated e-commerce
applications. The problem of agents in complex auctions
with many participants is the lack of information
possessed by their rivals (Bichler 2000). Such information
is generated only in the form of bids publicly revealed in
the auction. Whenever an agent announces its bid, it
passes some information on its bidding behaviour to its
competitors. But this information cannot reveal the
details of its private bidding mechanism, or its valuation
of the item being auctioned. However, if an external
observer watches closely all bids publicly submitted over
time, he may identify a tendency in the bid curve, which is
unique for each particular auction. Appropriate analysis of
the data produced as an auction progresses (historical
data) can lead to short-term forecasting of the next bid
with sufficient accuracy. This information may then be
exploited by agents to create successful bidding behaviours. For example, agents may bid close to the forecast
value. The core set of tools used for forecasting are
provided by time-series analysis. In particular, the
autoregressive model (Hamilton 1994) of order two,
also denoted as AR(2), is used for estimating the next
highest bid. The main objective of our research work is to
prove that the results of the proposed data analysis can
benefit the bidder’s outcome. Indeed, as it is shown
experimentally later on in the paper, given that the
prediction error is low, the proposed bidding mechanism
yields higher profits for buyers.
In order to evaluate the proposed method, we created
an auction simulation environment, on which we can
apply the short-term bid forecasting mechanism on a
sequence of English-like first-price ascending auctions
that close at different times, in an iterative manner. A
single buyer, who adopts the forecasting schema, is
benchmarked in the simulation environment against a
set of other agents who employ a simple bidding
mechanism, without taking into account the generated
forecasting. The experiments show that the inclusion of
forecasting in the bidding mechanism of agents can
ensure improvement of their bidding behaviour.

RELATED WORK
In an auction environment with many agents a large
amount of data are produced as bidders submit their

offers. While the history of an auction may contain
significant information, it was never exploited for shortterm forecasting of the next bid by any of the known
bidding techniques. On the contrary, a common set
of methodologies, such as the ones described in
(Greenwald and Stone 2001), use data from a series of
the same or similar auctions closed in the past, in order
to perform long-term forecasting of the winning bid.
There is a key difference between the two approaches. In
the former case, bid forecasting is based on data
generated within the same auction, while in the latter
the forecasting is based on values corresponding to the
winning bid (the one that remains after the closing of a
series of past auctions).
Different approaches have been proposed in the recent
literature, which provide efficient bidding mechanisms
for autonomous agents. Work that is more similar to the
one presented in this paper is the development of
techniques for price prediction (Wellman et al. 2003b).
In the recently held agent trading competition (TAC)
(Wellman et al. 2003a), agents deploy different bidding
strategies in order to achieve the best price for travelling
services, such as hotel accommodation, in order to satisfy
the preferences of a group of clients.
The sizeable research effort on the development of
soft computing models for improving trade-offs in
negotiations between agents was a major source of
inspiration for our work (Faratin et al. 2000). Even
though these methodologies are more suitable for
bilateral negotiations involving many negotiating
attributes, which is a problem of higher complexity
compared to auctions of a single item, they rely on the
same mechanism for calculating the next offer. Other
similar techniques have been proposed (He et al. 2002)
and applied on different types of auctions, including
continuous double auctions. These auctions involve
multiple agents that look for services provided by
multiple agents at any one time. A detailed survey of
the state of the art in agent-mediated e-commerce can be
found in (He et al. 2003).

THE AUCTION ENVIRONMENT
Prior to presenting the bidding forecasting methodology, it is important to define the environment that the
agents perceive and act upon. In our implementation we
deal with the situation of time-bound auctions with
multiple buyers, b1, … bN, a single seller s and one item g
to be auctioned. This configuration is shown in Figure 1.
The auction simulation environment is implemented as a
multiagent system where agents participate in bilateral
transactions, such as the ones described in (Kurbel and
Loutchko 2002), even though the latter adopt different
bidding techniques. This section describes the protocol
that determines the rules of the auctions, as well as the
details of the bidding rules of buyers.
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Figure 1. The interaction model among auction participants

Auction protocol
Two naming conventions are followed throughout this
paper to describe the two distinct classes of participating
agents: the terms ‘buyers’ and ‘sellers’ are used to
determine all agents whose goal is to buy or sell goods
in the auction, respectively. Other agents playing
facilitating roles, which may exist in the multiagent
marketplace, are ignored in this context. In the
environment under consideration we assume monopoly
from the seller’s side, while competition between
potential multiple sellers of the same item (McAffee
and McMillan 1987) is not discussed in this paper. The
price, that a buyer offers in order to acquire the desired
item, is called a bid. Let b be the highest current bid in
the auction, which will be referred to as outstanding bid.
Given that item g is unique, at any particular time of the
auction there is only one outstanding bid for g.
To demonstrate the bid forecasting mechanism, we
have used the time-bound first-price ascending case.
This choice was made because short-term forecasting
needs historical data generated within the auction.
In other words, the auction has to reveal intermediate
information as it progresses. Auction types with this
property include the English first-price outcry auction
and its permutations. On the other hand, short-term
forecasting cannot be applied on auctions that do not
reveal intermediate bid information, commonly known
as ‘sealed’ auctions. Examples of sealed auctions include
the Dutch (Sandholm 1999), and Vickrey (Vickrey
1961) auctions. Additional constraints imposed in the
auction environment are described as follows: First,
the auction has a limited duration tmax, after which the
auction clears, and the agent with the highest bid
purchases the auctioned item and wins the auction. This
constraint is met in several real online auction environments such as eBay (http://www.ebay.com). Second, a
minimum acceptable increment step Db is imposed to all
bidders. Third, all agents submit their bids but only the
current highest bid (price quote) is announced to them.
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In the context of the simulated auction, we assume
that the competitive agents are risk-averse. This ensures
that no agent will act irrationally in order to purposefully
win the auction, even damaging its profit. For example, a
buyer who is risk-averse does not overbid too early in the
auction, and keeps bidding at ‘reasonable’ prices. The
implication of this constraint in common-value auction
models is straightforward. Another reason that prevents
rational agents from overbidding is the awareness of the
‘winner’s curse’ (Milgrom 1989), which enforces a
winner who overbids to pay more for an item than its
true value.
We also assume that each buyer bi has a valuation
function ui that maps the value of the offered price x at a
given time t to the interval [0,1]. The valuation can be
modelled as a two-variable function ui (x, t). The
argument t reflects that the valuation also depends on
the time remaining until the end of the auction. For
instance, a buyer may have abstained for a long period
since the beginning of the auction but he starts
submitting new bids as the auction approaches its
deadline (conservative behaviour).
We use three definitions to formally describe the
auction mechanism.
Definition 1: Let B5{b1, b2, …, bN} be the set of buyer
identifiers, s the instance of the seller, uB5{u1(x, t), u2(x, t), …,
uN(x, t)} the vector of valuation functions for each buyer (buyer
bi has valuation ui, 1(i(N) with x the current offered price for
item g at time t, and let tmax be the duration of the auction. An
instance of the auction at time t can be described by the tuple:
a~SB, uB , s, b, g, t, tmax T

In this definition time t has a discrete sense. That is, even
though the world evolves in a continuous manner, we let
the agents perceive it in discrete-time steps. The discrete
time is used for practical reasons, because the methodology proposed in this paper requires many tuples of timeseries data, which are to be sampled in equal time
intervals.
Definition 2: A transaction between a buyer b and a seller s, is
the process described by the pseudo-code shown in Figure 2.

According to the function transaction, we let seller s
inform any interested buyer about the current highest
bid. Each buyer can then either submit a new bid x,
calculated according to its private bidding tactic, or wait
until the offered price reaches his own valuation. On bid
submission, the transaction function returns the
Boolean constant true, otherwise it returns false.
Definition 3: An auction, organized by a single seller s, is the
process defined in Figure 3 in pseudo-code.

In the procedure auction, the seller s waits for a new
message msg to arrive from the buyers’ side until the
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Figure 2. Algorithm for a transaction between a buyer and a seller

auction terminates (t>tmax). As soon as s receives a
valid new message (msg?NULL), a communication
activity occurs between this buyer and the seller.
From this point on, there are two possibilities: a)
either the buyer b submits a new bid, or b) decides to
wait until the current outstanding bid meets his
own valuation. In the former case, b is considered
a potential winner of the auction until a new higher
bid is submitted, or until the auction closes. Otherwise,
if the buyer submits no new bid, nothing happens until
the seller receives a new message. This process iterates
until the auction terminates and the buyer who last
offered the highest bid is declared as the winner of the
auction. Then, the seller informs all participants that
the auction has terminated and announces the final
winner.
Following the auction protocol described by definitions 1 to 3, an auction can begin, proceed, and
terminate in the e-marketplace environment. These
three phases that determine the lifecycle of an auction
are summarized in the following steps:

N

Step1. The auction initiates. The seller announces the
item g to be auctioned. The initial outstanding bid is
set to seller’s initial desired price and time is reset:
tr0.

Figure 3. The main auction procedure

N
N

Step2. The auction proceeds. Procedure auction
introduced in definition 3 is executed.
Step3. The auction terminates. Seller announces the
winner of the auction and procedure auction returns.

Having defined the auction attributes, we can get into
the details of the decision mechanisms deployed by the
involved agents.

Valuation functions
The role of the valuation function is to preserve the
rational behaviour of a buyer. We assume that buyers
only take into account two issues in order to calculate
their valuation of the offered item: the price of the
auctioned item and the time remaining until the end of
the auction. This behaviour is controlled by a – unique
to each agent – valuation function that maps the value of
the qualitative attributes of the item to be purchased to a
real number in the interval [0, 1]. After a buyer has
evaluated the value of the offered price, he can decide to
bid or not.
The right choice of the valuation function is a matter
of good auction design. For a buyer bi to decide on
whether to submit a new bid or not, he must evaluate
the offered bid according to the following type of
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scoring functions taken from a bilateral negotiation
model introduced in (Faratin et al. 2000):
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 max

xi {x 1=l
upi ðx Þ~ max
xi {ximin

ð1Þ

where x is the price of the auctioned item, ximax is the
maximum price that this agent is willing to pay for g,
and ximin is the initial bid that this buyer offers according
to the deployed bidding strategy. The parameter l
determines the convexity of the valuation function.
Different valuation functions can be obtained for
different values of l. Some of those are shown in
Figure 4.
Regarding the remaining-time issue, we assume that
all buyers exhibit a rational bidding behaviour according
to which they are willing to bid more often as time
approaches the end of the auction. In order to model
this behaviour, we introduce the probability Pi, with
which a buyer submits a new bid at time t. The
distribution function of Pi is:
Pi ðt Þ~ðt=tmax Þ1=y

where upi ðx Þ and Pi (t) are the valuation function of price
and the probability of bidding at a given time, given by
equations (1) and (2), respectively.

ð2Þ

where c is a real number used to regulate the convexity
of the curve. Three instances of the bidding probability
for c52, c51, and c50.5, are illustrated in the graph of
Figure 5. They represent three different time-dependent
bidding behaviours that can be characterized as anxious,
aggressive and conservative, respectively.
Within the context of the above, the overall valuation
function ui (x, t) for buyer bi can be modelled as the
product of two components: one, which is resourcedependent, and another, which is time-dependent.
Thus, the overall valuation function becomes:

Bidding tactics
A bidding tactic for agent bi is a function that calculates
the price of a potential new offer a buyer intends to
submit. In our implementation we use the timedependent tactic functions ai(t) introduced by (Faratin
et al. 2000) for a single attribute. In this case, the price x
of a new bid at time t(tmax is given by equation 4:


x~ximin zai ðt Þ ximax {ximin

ð4Þ

where ximin , ximax are the same parameters that appear

in equation (1). In general, polynomial and exponential
functions ai(t), parameterized by a value d, which
determines the convexity degree, can produce an infinite
number of such functions. Any tactic must adhere to the
constraints imposed for ai(t). These are ai(0)5ki,
ai(tmax)51 and 0(ai(t)(1. In our implementation we
use the polynomial tactic given by:

ai ðt Þ~ki zð1{ki Þ

minðt, tmax Þ
tmax

1=d
ð5Þ

ð3Þ

In equation (5), ki is a constant that determines the price
of the bid to be submitted at the first offer by agent bi.
The value of d determines the bidding behaviour of each
buyer. If d has a value much lower than one, then the
corresponding buyer adopts a conservative behaviour
(buyer bids more often as the deadline tmax is
approaching), while for values of d much greater than
one, the buyer adopts a more anxious behaviour (starts
bidding from the beginning of the auction).

Figure 4. Possible valuation functions for a buyer of the marketplace with respect to the price of the item to be auctioned for
several values of the parameter l

Figure 5. Distributions of the probability of bidding with respect to
time t, for three values of the parameter c: 2 (anxious), 1
(aggressive) and 0.5 (conservative behaviour)

ui ðx, t Þ~upi ðx ÞPi ðt Þ

58

Dionisis D. Kehagias, Andreas L. Symeonidis and Pericles A. Mitkas & Designing Bid-Forecasting Pricing Mechanisms

A simple strategy
Some elements of the strategy employed by the buyers
have already been mentioned in the description of a
transaction between a buyer and a seller, stated in
definition 2. In particular, the bidding strategy
employed by the buyers can be summarized as follows:
at an arbitrary time t, each buyer, using equations (4)
and (5), calculates a new bid x to potentially submit in
the next time interval t+1. Then the following heuristic
rule is applied for buyers:
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R1: IF x.b AND ui (x, t+1).ui (b, t) THEN bid x
ELSE no bid (wait)

This simple rule states that if one buyer’s bidding tactic
proposes a bid greater than b, this bid will be eventually
submitted only if it is also profitable for the buyer.
Otherwise, the buyer submits no bid. Different values of
the parameter d ensure a great variety of bidding tactics,
hence many different strategies (theoretically infinite)
can exist among the competitive agents. By heuristic rule
R1 it is also derived that, when the outstanding bid is
greater than, or equal to the one currently intended to
be submitted by the buyer, it is more profitable for the
buyer not to submit a new bid. In this case he waits until
the valuation of the outstanding bid substantially
increases.
In general, heuristic rule R1 imposes the necessary
constraints to ensure the deployment of a rational
bidding behaviour from the buyer’s side.

BIDDING WITH FORECASTING
The bidding mechanism introduced so far forms a
type of essential bidding agents, which are referred to as
‘Simple Agents’ (SA). The intermediate information
revealed as the auction progresses can be used for shortterm forecasting of the next bid. In our approach we
use auto-regression modelling, a time-series analysis
technique suitable for forecasting. The history of
submitted bids forms a time-variant sequence that
can be used to estimate the next member using linear
projection on a certain number of previous samples.
We chose the auto-regression scheme because it is easy
to implement and exhibits a low computational cost.
In what follows we give an overview of the forecasting
technique, which forms the basis of the bidding
mechanism. After the predicted bid is calculated, it is
inserted into a new reasoning component, which has
more rules than the one of SA. This forms an improved
knowledge base, incorporated by a new type of bidding agents, characterized as ‘Forecasting Agents’ (FA).
The goal of our experiments is to prove that, although
these two types of agents use the same valuation and

next-bid calculation functions, described by equations (4) and (5), respectively, FA bidders outperform
SA ones.

The prediction mechanism
The prediction algorithm constitutes the core component of the presented reasoning mechanism. Given a
sequence of m samples, whose values vary in a timely
fashion, the algorithm estimates the value of the m+1
element. Storing the values of the outstanding bid for
each t we produce a sequence of time-dependent
samples. Based on this, a forecasting schema is deployed,
whose goal is to efficiently predict the next outstanding
bid. This new parameter is then involved in a new set of
heuristic rules (described later on) that introduce an
updated version of the previous simple strategy. The
prediction algorithm used in our approach is based on a
linear estimation of the next member of a weakly
stationary sequence of samples using additive noise
(Hamilton 1994).
Let bt, bt21, …, bt2m+1 be a sequence of the previous
m values of the outstanding bid. In order to estimate the
^ at time t5m+1, we can use a linear
outstanding bid b
projection given by equation (6):
b^ ~

m
X

Qt bt zet

ð6Þ

t~0

where et is a white-noise series. Equation (6) describes
an Auto-Regressive (AR) model of order m. The design
of the AR model mainly involves the decision of the
value of m and the calculation of the coefficients wt. In
our implementation we selected the AR model of order
two (m52), denoted as AR(2). It is clearly stated
(Hamilton 1994) that AR models of higher order are
difficult to manipulate as they increase the calculation
complexity and the forecast error. In order for equation (6) to represent a valid next bid estimator, the
sequence bt must be properly modified. A method
commonly used for this type of data processing for
forecasting purposes is the one introduced by Box and
Jenkins (Box et al. 1994). More details on the attributes
of the estimator of equation (6) can be also found in
(Hamilton 1994).

Improving the bidding strategy using forecasting
Using the estimator given by equation (6) we introduce
a new forecasting strategy, based on a number of
heuristic rules. Any buyer that adopts the new strategy
first calculates his potential next bid x using equations (4) and (5) and then makes a decision on bidding
from the rule-base described in Table 1. Among the

Electronic Markets Vol. 15 No 1

Table 1. The improved rule-base of FA buyers
R2:



^ {x |ai ðtz1Þ go to
^¢x THEN x0 ~xz b
IF x.b AND b
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R4
R3:



^z x{b
^ |ai ðtz1Þ
^ < x THEN x0 ~b
ELSE IF x.b AND b

R4:
R5:
R6:

go to R4
IF ui (x9, t+1).ui (b, t) THEN bid x9 ELSE do not bid
IF x,b THEN do not bid
^ < b THEN go to R1
IF b

^ and b we
possible relations of the three parameters x, b
^
ignore the case where b < b, because it results to an
^. The other valid relations holding
invalid estimation b
^, b¡b
^ < x,
between the three parameters are b < x¡b
^
and x¡b¡b. In the first two cases, the rules presented
in Table 1 are applied. In the third case, the buyer
chooses not to bid. The heuristic rules R2–R6 can
handle all possible cases.
^ of
Rule R2 states that if the predicted value b
the outstanding bid is greater than or equal to the bid
x the buyer intends to submit, x is updated to a
slightly increased value in proportion to the difference
^{x. Recall from equation (5) that the ai(t) function
b
returns values within the interval [0, 1]. This implies that
for any new bid x9 proposed by R2 it is true that
^. At this point, rule R4 is used to evaluate x9
x¡x0 ¡b
against the current outstanding bid b, according to this
buyer’s valuation function ui. Hence, the buyer finally
submits x9 only if its valuation is greater than the one of
the current outstanding bid. It seems that R2 includes an
element of risk, since it dictates a bid greater than what
the buyer intended to do. However, the application of
R4 ensures that the buyer keeps its profit at a desired
level, and does not eventually bid unless it is profitable to
do so.
In the case where rule R3 is applied, the value of
the next outstanding bid is estimated to be less than x.
At this point it would be profitable for the buyer to
submit x. However, R3 suggests the submission of x9,
which is slightly lower than x. Indeed, R3 and
^¡x0 ¡x, hence submitting x9
equation (5) imply that: b
is a more profitable decision. Then, heuristic rule R4 is
also applied in this case to evaluate x9 and make a
decision on its submission. The presence of R4 in the
rule-base is mandatory for a buyer to guarantee
rationality.
Heuristic rule R5 is applied when x is lower than the
current outstanding bid. In this situation, buyer decides
not to bid, because this decision is more profitable.
Finally, rule R6 is included in the rule-base to
handle circumstances where the estimation is erroneous.
^ < b. In this case, forecasting is
These occur when b
disregarded and the decision on the next bid is handled
by rule R1.
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EMPIRICAL EVALUATION
In order to test the efficiency of the proposed mechanism, we have developed a simulated e-marketplace
environment and a standard evaluation procedure. In
our experiments, we instantiate several agents employing
different bidding-tactics and valuation functions. In the
beginning of the experimental procedure, we measure
the accuracy of the prediction mechanism described by
equation (6). We next focus our experiments on
monitoring and benchmarking the behaviours of two
agent types, formerly defined as SA and FA. The first one
possesses a simple strategy described by heuristic rule R1
and equations (1) through (5). The second agent type
employs a more sophisticated strategy, which also
includes rules R2 to R6.

Evaluation procedure
Our evaluation procedure is mainly interested in two
issues:
1. to ensure that the prediction mechanism described
by equation (6) can provide a reliable estimation,
that is, one with a low error, and
2. to identify any improvements in the bidders’
performance introduced in the reasoning component
of the FA.
In the first set of experiments, the average of the
calculated prediction error is measured with respect to:
a) the number of participating agents in the auction,
which determines the demand of a particular item g; and
b) the auction duration, tmax. In this case, we initiate
several auctions for one item g, with many agents whose
number varies from two to 100. We use as a metric for
the prediction
. 2quality the normalized squared error:
 ^

e~ b{b b . The bidding tactics and the valuation
functions of an agent that enters an auction are chosen
randomly. In particular, we choose for all buyers
different values of the parameters l, c, and d, appearing
in equations (1), (2) and (5) respectively, thus creating
different bidding behaviours.
In order to test the efficiency of the proposed strategy,
we introduce a second set of experiments where the
performance of each agent typeP
is measured in terms of
K
its average satisfaction: ð1=NK Þ N
i ui where NK is the
number of agents of type K and ui is the satisfaction
degree of agent i. If the latter wins the auction at price
xw, then ui is calculated from equation (1) for l51,
xmin50, x5xw, otherwise it is taken equal to zero. In
these experiments a set of FA bidders is compared to
another set of SA bidders with similar configuration
parameters determined by the value of c. We considered
three cases: c52, c51, and c50.5, corresponding to the
three time-dependent bidding behaviours, previously
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characterized as anxious, aggressive, and conservative.
The parameters in equations (1) and (5) are assigned
the values: l510, d51, ki50.01, while the duration
of an auction increases linearly from 10 to 100 time
units. Each of the aforementioned configurations is
applied on 90 experiments, resulting to a total of
270 different auctions. The results are presented in
Figures 6 and 7.

population greater than 10. For a small number of
agents, the average prediction error has a slight variation.
Another very interesting point is that the error is
remarkably low. The second experiment for testing the
forecasting accuracy is performed with respect to the
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Results
In this section, selected experimental results are presented and discussed in order to demonstrate improvement in the decision mechanism of buyers who adopt
our methodology. The first set of experiments aims at
testing the accuracy of the prediction mechanism. This is
measured by having an auction executed for 100 times.
In each auction a new agent enters the marketplace,
causing an increase on the demand. Figure 6(a) shows
the average prediction error with respect to the demand.
In this figure, it is shown experimentally that the
demand has no significant influence on the prediction
error. Indeed, from figure 6(a), it is shown that, as the
number of agents increases, the average prediction error
behaves as a linear constant function, for sizes of agent

Figure 6. The average prediction error with respect to (a) demand
and (b) duration of an auction

Figure 7. Performance of FA and SA agent types for three different
bidding behaviours with respect to the duration of the auction: (a)
anxious, (b) aggressive and (c) conservative
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duration tmax of the auction. The calculated average
prediction error is illustrated in figure 6(b). Apparently,
the prediction error decreases exponentially, as the
auction duration increases. This result demonstrates
that our forecasting estimator is being improved over the
auction time, indicating that it behaves more efficiently
in long auctions.
In the second set of experiments, conducted in order
to measure the FA performance, we run a particular
number of auctions for the three classes of bidding
behaviours, keeping their attributes constant, while
increasing the duration of each auction. First, we
examine the behaviour of an anxious FA, which
participates in the same environment with a group of
anxious SAs. This implies that in the experimental
environment the demand does not change. The average
satisfaction of each agent type with respect to the
auction duration is shown in Figure 7(a). In Figures 7(b)
and 7(c) we repeat the same experiment with a FA and a
SA that deploy aggressive and conservative behaviours,
respectively. In all three cases the FA consistently
outperforms the SA. The FA bidders also increase their
average utility as the duration of the auction becomes
longer. The results of Figures 7(a)–(c) indicate that the
adoption of forecasting results in improved bidding
behaviours.

CONCLUSIONS AND FUTURE WORK
This paper has presented a bidding strategy, which is
based on the prediction of the next outstanding bid in an
e-marketplace with competitive autonomous agents. For
experimenting on the proposed method we have
implemented an electronic auction environment with
one auctioneer and many buyer agents, acting in a
competitive way, in order to achieve the best buying
price for one auctioned item. We have described formally
the discrete bidding mechanisms that the agents of the
auction environment deploy and we have also introduced FA, an agent that deploys the proposed,
enhanced, forecasting mechanism. The latter is based
on a number of heuristic rules, which are properly
outlined and explained. In order to evaluate the
performance of this bidding mechanism, two types of
experiments have been conducted: a) for certain agent
parameters, we have monitored the prediction error of
the forecasting model with respect to auction duration
time and with increasing agent demand, and b) for the
same agent parameters, we have monitored the profit of
the forecasting model, with respect to auction duration.
Results in both cases appear interesting and promising.
The prediction error proves to be dependent on the
duration of the auction but not on the demand.
Measuring profit against time shows that the FA
performance increases sufficiently.
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Further research work will be focused on two
directions: a) the incorporation of fuzzy criteria in the
rules of the FA knowledge-base, and b) the incorporation of an inductive reasoning mechanism, by performing data mining techniques on historical data. As far as
the former enhancement is concerned, related research
literature has indicated that fuzzy rules can provide
better understanding and manipulation of bidding
events in an auction. Concerning the second potential
improvement, the processing of sequential historical
auction data by the use of data mining techniques (that
is trend analysis, sequential pattern mining) may reveal
hidden similarities within the bidding behaviours, that
can be used by the FA in a more successful forecasting,
and consequently, bidding behaviour.
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