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Abstract
Most information acquisition policies are
accuracy-centric–they aim to improve the
predictive accuracy of a given model. However, often in practice, a predictive model is
used along with other models to inform arbitrarily complex decisions. In light of such
practices, this paper discusses the need for a
new kind of collaborative information acquisition (CIA) policies, where multiple predictive models which inform a common set of decisions collaboratively prioritize information
acquisitions to promote the decisions they inform. We present a framework and a particular CIA policy and we demonstrate it yields
superior decision performance as compared
to alternatives.

1. Introduction
Work on active information acquisition addresses the
development of policies with the objective to improve
predictive models through cost-effective information
acquisitions. This research has produced effective
accuracy-centric policies that improve the accuracy
of a variety of models through the cost-effective acquisition of different types of information, including
class labels, feature values, and different sets thereof
(e.g., Cohn et al., 1994; Roy and McCallum, 2001; Lizotte et al., 2003; Saar-Tsechansky and Provost, 2004;
Melville et al., 2004). However, very often in practice,
an estimate from a predictive model is used to inform
routine decisions. In business, for example, predictive models often inform the selection of one among
alternative courses of action. Because the objective of
accuracy-centric information acquisitions policies is to
improve predictive accuracy, such policies do not consider the impact of prospective acquisitions on the deAppearing in Proceedings of the 27 th International Conference on Machine Learning, Haifa, Israel, 2010. Copyright
2010 by the author(s)/owner(s).

cisions that the learned models inform. It is therefore
important to question whether costly improvements
in model accuracy are always desirable for improving
decision quality. If greedy improvement in model accuracy is not always beneficial, it is important to understand whether and how information about the decisions can be exploited to identify acquisitions that
improve these decisions, rather than the models, costeffectively. Saar-Tsechansky and Provost (2007) have
identified the need for decision-centric information acquisition policies. For a simple, general decision task,
they show that some costly improvements in predictive accuracy pursued by accuracy-centric policies do
not always yield improvement in decision performance.
They also propose a new policy, GOAL, which exploits
knowledge on the decisions informed by a class probability estimation model to identify advantageous acquisitions. Importantly, the acquisitions pursued by
GOAL improve the decisions better, per acquisition
cost, than what can be achieved through a greedy improvement of the model’s accuracy.
GOAL aims to gauge how improvements in a class
probability estimation model impacts the decisions the
model informs. However, in many settings, estimates
from multiple predictive models collectively inform a
common decision. Tax audit decisions, for example,
are derived from the predicted probability of tax fraud,
but also from the predicted revenue that might be recovered. If one aims to acquire audits to improve future audit decisions, it is important to acknowledge
that prospective acquisitions may affect both models.
Interestingly, for each model, a different audit acquisition might be more desirable. Hence, in this paper, we study a new kind of collaborative information
acquisitions (CIA), in which multiple modeling tasks
collaborate to prioritize information acquisitions that
benefit the decisions the most. We study a particular
setting exemplified by the tax fraud problem above,
where a given acquisition (e.g., an audit) can augment
the training data of multiple predictive models, all of
which inform each decision . We develop a framework
for addressing this challenge and present a policy de-
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signed for the setting we explore. Our empirical results
for different decision settings suggest the our CIA policy yields better decisions per number of acquisitions
as compared to GOAL as well as compared to decisioncentric policies which aim to improve the underlying
predictive models’ accuracies.

2. Framework for Collaborative
Information Acquisition
Assume a domain of decisions D, in which each decision i ∈ D is informed by multiple predictive models.
The general problem of collaborative information acquisition is to identify acquisitions that will augment
the training data from which the models are induced
so as to improve a given decision-making objective the
most, per acquisition cost. Possible decision-making
objectives include maximizing the number of correct
decisions in D, or maximize the total economic utility
(such as profit) from decisions in D. For simplicity,
we will refer to the decision making objective as utility. Note that a key distinction from existing frameworks for information acquisition is that CIA is not
concerned with improving any particular model’s predictive accuracy. Rather, all the modeling tasks collaborate to select acquisitions that improve any of the
underlying models informing the decisions in D, so as
to promote a common goal.
Our approach aims to examine how different prospective acquisitions may affect all the models informing
the decisions, and, consequently, how these changes
may influence the decisions themselves.
To estimate changes in the models’ estimations and
in the subsequent decisions following possible acquisitions, our approach acknowledges the dynamic nature
of sequential information acquisition. In particular,
rather than consider the implications of augmenting
the current training data with a given acquisition, we
aim to evaluate the impact of augmenting different
versions of the training data with prospective acquisitions. In addition, we adopt a statistical perspective
on the inferences of the models induced from the different instantiations of the training data and the decisions they inform. Specifically, we treat the contribution that a prospective acquisition q will have on
a particular decision i as a random variable whose
distribution is determined by possible instantiations
of the current training data. Future versions of the
training data T are determined by the current acquisition under consideration, but also by future acquisitions. Therefore, our objective is to estimate how
a prospective acquisition will affect the expected utility derived from decisions in D, given the inductive

techniques used to inform these decisions, and where
expectation is calculated over the possible instantiations of the training data. Formally, given a probability density function f (T ) over the possible instantiations of the current training set, the total expected
benefit over the domain ofP
decisions
D from acquirR
b (i|Tq ) f (T )d(T ),
ing q is given by B(q, D) = i∈D U
T

b (i|Tq ) is the estimated utility derived from
where U
decision i given the training data T augmented with
acquisition q. Lastly, we include the estimated utilb (i|Tq ), since the actual utility
ity from a decision i, U
is not known at the time an acquisition is made. In
principle, our approach for estimating the benefit to
decision-making from each prospective acquisition is
independent of the modeling techniques used or type
of information that can be acquired. An implementation of this framework requires various estimations, including estimation of the distribution of training sets,
and estimation of the decision utility for any training
set augmented with acquisition q.

3. A Policy for Collaborative
Information Acquisition
In this section we consider a specific class of decision
problems exemplified by the sales tax audit problem
discussed earlier, and we develop a collaborative information acquisition policy for improving the corresponding decisions the most per number of acquisitions. We later discuss future work addressing other
decision-making settings.
We consider a set of decisions D, such that for each
decision i ∈ D one has to select one of two actions. As
noted above, this problem corresponds to many common business decisions, including customer retention,
direct marketing, and tax audit selection. For concreteness, assume that for each customer i, a decisionmaker has to decide whether or not to make a costly
offer so as to maximize the expected revenue. One
possible approach for estimating the expected benefit
from an offer is to estimate the purchase amount this
amount would be zero whenever a customer does not
make a purchase and the actual purchase amount otherwise. As has been noted in prior work (Zadrozny and
Elkan, 2001), this approach often does not yield good
estimations. This is because only a fraction of training instances include a non-zero purchase amount; in
addition, purchase amounts are negatively correlated
with the likelihood of purchase. Hence, instances with
high purchase amounts are often substantially underestimated. An alternative approach which is employed
widely in practice and which often yields superior deci-
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sions is to view the customer’s behavior as a two-phase
process. Specifically, one first estimates the probability any given customer i will respond to the offer once
made, and another model estimates the amount the
customer will spend, should the customer responds to
the offer.
The theoretic-optimal choice of whether or not to initiate an offer is determined by the action with the highest expected value. Viewing the customer’s behavior
as a two-phase process, the expected value from a solicitation is estimated as (p ∗ s) − C, where p is the
probability of purchase, s is the purchase amount, and
C is the solicitation cost.
In the setting we consider here, each customer corresponds to a solicitation decision, and, similarly, an information acquisition corresponds to obtaining a customer’s response to a costly solicitation. We assume
that a set of predictors is available for each customer,
and that information on whether or not a customer
will respond to the offer, along with the customer’s
spending amount can be acquired through a solicitation. A customer’s response corresponds to the dependent variable of the model estimating the probability of response (henceforth refers to the response
model), and the spending mount pertains to the dependent variable of the spending model. Acquisition
of tax audits with the objective to maximize future
revenue collections, constitute a similar information
acquisition setting, in which whether or not a case is
fraudulent the fraud amount can be obtained through
a costly audit.
As we note earlier, different instantiations of the training data might lead to different estimations and consequently different decisions. Thus, we aim to select acquisitions that will increase the sum of the
likelihood of correctly selecting the highest expected
value action for decisions in D.
Formally, the
benefit from
acquisition
q
is
given
by:
B(q, D) =
´
R³
P
ˆ
P (di = di |Tq ) f (T )d(T ), where dˆi and di
i∈D

ing data are more likely to be incorrect. Thus, in our
implementation, we implicitly assume that acquiring
information on incorrect decisions is likely to improve
the likelihood of correct decisions in D, over different
possible versions of the training data.
For each version of the data Tj , we induce the set
of models Mj1 , Mj2 , ..., Mjm , informing the decisions in
D. For each set of models induced from Tj and for
each instance i, we estimate the expected value from
each alternative action to yield an estimate dˆji of the
theoretic-optimal decision with the highest estimated
expected value. Note that for each instance i and data
version Tj , the selection of the theoretic-optimal action is determined by estimations from all the models informing the decision, Mj1 , Mj2 , ..., Mjm , i.e., the
response model and the spending model in our setting. Because the actual theoretic-optimal choice is
not known for each i, we capture the likelihood of inferring the incorrect choice from the diversity among
the decisions produced from different data version Tj .
In particular, in the extreme case that the same decision is inferred from all different versions of the training data, we assume the decision is likely to be correct
and no additional information is necessary to improve
it. By contrast, the more diverse the decisions produced from different versions of the data, we infer a
higher likelihood of not selecting the optimal action
for i. We capture the diversity among decisions by
the absolute difference between the number of data
versions yielding each decision.
Note that our policy does not aim to identify which
of the models Mj1 , Mj2 , ..., Mjm can benefit from additional acquisitions; rather, our policy aims to gauge
the likelihood that collectively, the models are likely
to yield an incorrect decision and hence benefit from
additional information. A pseudo code of our collaborative information acquisition (CIA) policy is show in
Algorithm 1.

T

4. Empirical Evaluation
are the estimated and actual optimal choice for decision i, respectively.
In our implementation of the policy we employ several heuristics to estimate the benefit from an acquisitions. Specifically, we approximate possible instantiations of the training data by generating multiple bootstrap samples of the current training data. In addition,
we use a proxy to gauge the impact of each customer
solicitation on decision in D. In particular, we acquire
information on cases (customers) for which decisions
inferred from the possible instantiations of the train-

To study the effectiveness of our policy it is necessary
to use data on decisions informed by multiple predictive models. One public data set with this property is
the 1998 KDD-cup data (Hettich and Bay,1999). This
data includes information on donors who received a
solicitation in a recent mailing campaign, along with
each donor’s response and amount donated, whenever
a donation was made. For this campaign, we aim to acquire solicitations to improve the identification of profitable candidates for solicitations, so as to maximize
the campaign profit. Specifically, for each prospective
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Algorithm 1 CIA: Collaborative Information Acquisition Policy
Input: Set of prospective acquisitions U L each corresponding to a decision, an initial training set L,
induction techniques I1 , I2 , ..., Ik , batch size Q, a
stopping criteria
While (stopping criteria is not met) Do
1. Generate m bootstrap samples T1 , T2 , ..., Tm ,
from L
# Generate models to inform decisions:
2. For j = 1 to m Do
For s = 1 to k Do
1) Apply Is on Tj , resulting in model Mjs ;
2) Apply Mjs to each instance i in U L
End For
End For
3. For each data sample Tj and instance i in U L
estimate the theoretic-optimal decision dˆji
4. Acquire the set B of the top instances for which
the decisions dˆji , j = 1, 2, ..., m, are most split
5. Remove B from U L, acquire B and add acquired information to L
End While
Induce models I1 , I2 , ..., Ik from L to in inform decisions
Output: model M1 , model M2 , ..., model Mk generated from L

donor we compare the expected value from a solicitation with the expected value from no solicitation. To
inform these decisions, we induce two predictive models: a response model which estimates the probability
of response for each donor, and a revenue model estimating the amount one will contribute in the case of
donation. We use j48, WEKA’s (Witten and Frank,
1999) implementation of the C4.5 classification tree
induction algorithm (Quinlan, 1993), to induce the
response probability estimation model, and WEKA’s
implementation of simple linear regression to estimate
the revenue in the case of a donation. We also followed
prior work for the choice of predictors and used only
instances with actual donations to model the donation
amount (Zadrozny and Elkan, 2001).
Differently from work on accuracy-centric information
acquisition policies, we are not concerned with the predictive accuracy of the models we induce, but with the
quality of the decisions they inform. Thus, we compare
the campaign profit obtained by acquisitions of the

CIA policy with the profits obtained by four alternative policies. First, because decisions are informed by
the estimations of a regression (real value estimation)
model and a classification model, we compare CIA
with an information acquisition policy that aims to
improve the regression model’s estimation (Krogh and
Vedelsby, 1995), as well as with the Uncertainly Sampling policy (Lewis and Gale, 1994), which aims to improve the estimations of the donors’ response. We also
compare CIA with GOAL (Saar-Tsechansky and Foster, 2007). As we discuss above, GOAL is a decisioncentric acquisition policy which aims to improve the
class probability estimations whenever such improvements promote better decisions. Importantly, GOAL
pursues improvements in the classification model’s estimation only when these improvements are likely to
yield better decisions. However, GOAL does not consider how other estimations which inform the decisions
might be affected by information acquisition. Specifically for our setting, GOAL does not consider how
its acquisitions might impact the regression model’s
performance and thereby the decisions it informs. Finally, we also evaluate the performance of a uniform
acquisition policy which assumes the benefit from acquiring information on any prospective donors is uniform. The uniform acquisition policy acquires solicitations by drawing uniformly at random from the pool of
prospective donors. As we will see, because multiple
models are induced from the training data acquired
by each policy, and because the acquired data may be
biased to benefit one model (possibly at the expense
of the other model), a uniform policy often performs
quite well in this setting.
The solicitation task defined by the 1998 KDD cup
competition included a very small, fixed solicitation
cost for each donor. In this setting, the trivial solution
of soliciting to all customers yields good performance,
and improvements using estimations of the theoreticoptimal choices yield only marginal profit benefits. To
increase the risk (loss) incurred by futile solicitations
and to allow us to easily capture the differences in performance among different policies, we created different versions of the problem with increasing solicitation
costs. The set of solicitation costs we consider are: $1,
$3, $5, $7, $9, and $11. Because the objective of this
empirical evaluation is to compare among the relative
decision performance enabled by different acquisition
policies, and given the limited public data available on
decisions informed by multiple models, we created different versions of the data by varying the proportion
of donor in each. We have recently acquired an additional, proprietary data set on fraud audits, and hope
to include new results for this data in a later version of
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this paper. Table 1 presents statistics of the two data
sets we produced.
The results we report are averaged over 100 random
experiments. In each experiment, we randomly partition the data into an initial training set, a pool of
donors whose solicitations can be acquired at a cost,
and a test set. To reduce experimental variance, the
same partitions are used to evaluate all the policies.
At each iteration, each policy selects a sample of B
donors whose responses and donation amounts are acquired and added to the corresponding policy’s training set. For each policy we induce the response and
revenue models from the corresponding policy’s training data after each batch acquisition; the induced models are then used to estimate theoretic-optimal actions
for prospective donors in the test set.
For each data set and decision setting, we present the
average profit per capita obtained by each policy after each acquisition batch. In addition, we compute
the average difference between the profit per capita
obtained by CIA and each of the alternative policies
across all acquisition phases. For each pair-wise comparison, we note whether the reported average difference is statistically significant according to a paired
t-test (p ≤ 0.05) .
4.1. A comparison between cia, goal and a
uniform acquisition policy
Perhaps the most interesting comparison is between
CIA and the alternative decision-centric policy, GOAL
(Saar-Tsechansky and Provost, 2007). Recall that
GOAL considers the decision for each donor and pursues acquisitions that can improve the response probability estimation if the improvement is likely to impact the decision. However, GOAL does not consider
other estimations that may be influenced by each acquisition, nor their impact on selecting the theoreticoptimal choice.
Figure 1 through 6 show the profit obtained by CIA,
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Figure 1. CIA vs. Goal vs. Uniform on 20% donor dataset
with solicitation cost of $1
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GOAL and the uniform policy for different problem
settings. Table 2 presents the average increase in profit
per capita obtained by CIA as compared to GOAL
and the uniform policy on 20 percent donor set. Table 3 presents the average increase in profit per capita
obtained with CIA against Goal on 40 percent donor
dataset across different cost settings.
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Figure 2. CIA vs. Goal vs. Uniform on 20% donor dataset
with solicitation cost of $9
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Figure 3. CIA vs. Goal vs. Uniform on 20% donor dataset
with solicitation cost of $11

Overall, CIA consistently acquires informative acquisitions for the different decision tasks. As shown, we find
that CIA is either comparable or substantially better
than GOAL for all the decision settings we explore. We
find that CIA’s advantage is particularly substantial in
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Table 3. CIA versus Goal versus Uniform (unf) on 40 Percent Donor Dataset
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Figure 5. CIA vs. Goal vs. Uniform on 40% donor dataset
with solicitation cost of $9

the more challenging decision settings in which the cost
of sub-optimal decisions (i.e., the cost of solicitation)
is high. In addition, because of the high solicitation
costs, even actual donors are not profitable if the donation amount does not exceed the solicitation cost. In
these settings, an accurate estimation of the donation
amount as well as of the likelihood of response are both
critical for identifying the optimal decision and avoiding costly sub-optimal ones. GOAL is more competitive when the solicitation risk (cost) is low and the accuracy of the estimated donation amount is not likely
to have a significant impact on the collected revenue.
When the cost of sub-optimal decisions is low, GOAL’s
selective improvement of donors responses can be sufficient to exhibit comparable performance to that of
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Figure 4. CIA vs. Goal vs. Uniform on 40% donor dataset
with solicitation cost of $5
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CIA.
4.2. A comparison of CIA with
accuracy-centric policies for revenue and
response modeling
In this section we present results of a comparison between our collaborative decisions-centric policy and
two accuracy-centric policies. The accuracy-centric
policies aim to acquire information on customers if
they are likely to improve either the revenue estimation
or the estimation of a donor’s response to a solicitation. Specifically, we compare CIA with an accuracycentric policy by Krogh and Vedelsby (1995) which is
designed to improve real-value estimation (regression)
models. This policy empirically estimates the estimation variance of the model’s predictions, and prefers
acquisitions for which the variance is the highest. We
also compare CIA with Uncertainly Sampling (Lewis
and Gale, 1994) which aims to improve the donor response model.
Figure 7 and Figure 8 present the average campaign
profit obtained by CIA, a regression accuracy-centric
policy, and the uniform acquisition policy. Table 4
and Table 5 show the average increases in profit per
capita obtained by CIA as compared to the regression
accuracy-centric and the uniform policies. Figure 9,
Figure 10, Table 4 and Table 5 show the same set of
results for a comparison between CIA and the Uncer-
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Figure 7. CIA vs. Regression vs. Uniform on 20% donor
dataset with solicitation cost of $3

Figure 9. CIA vs. Uncertainty vs. Uniform on 20% donor
dataset with solicitation cost of $1
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As shown, we find that for all the settings we explore
CIA yields better decisions and consequently higher
profits than those obtained by the accuracy centric
policies. The benefits shown by CIA as compared
to the accuracy-centric policies demonstrate that an
accuracy-centric policy which improves the estimation
of one of the models clearly ignores opportunities to
improve decisions through improvements in the other
models informing the decision. We also find that
the accuracy-centric policies often obtain comparable decision performance to that of the uniform policy. These results suggest that greedy improvements
in only one of the models may in fact undermine the
predictive accuracy of other models informing the decision. Accuracy-centric information acquisitions introduce a bias into the training data. Thus, we conjecture
that while such bias is beneficial for one of models,
it may undermine other modeling tasks, yielding suboptimal choices.
Finally, note that as the potential for higher profits increases with a higher proportion of actual donors, the
benefits from correctly identifying profitable donors
via CIA are more substantial as compared to the alternatives. Overall, we find that as the risk is higher and
when there are more opportunities for deriving profits,

CIA’s acquisitions yield more substantial benefits over
the alternatives.

5. Conclusions, Limitations, and Future
Work
We discuss a new kind of collaborative information acquisition policies with the objective to costeffectively promote decisions informed by multiple predictive models. We develop a specific CIA policy and
demonstrate the potential benefits for different decision settings. Our results also suggest several directions for future work. We find that CIA sometimes
obtains its pick performance with only a subset of the
acquisitions. This result suggests it would be beneficial
to follow the framework we propose closely to develop a
CIA policy which directly estimates the impact of each
acquisition on the decision objective. We compare our
CIA policy with the only alternative decision-centric
policy; however, there are other accuracy-centric policies that can be considered. Finally, because of the
lack of relevant, publicly available data, we produce
different decision problems from a single original domain. It would be desirable to examine the performance of our policy on additional decision settings.
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