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Abstract providers can be significantly more expensive and time-
consuming. Various solutions are available for learning

In many classification tasks training data have missing models from incomplete data, such as imputation methods
feature values that can be acquired at a cost. For building [8], and learners that ignore missing feature values such
accurate predictive models, acquiring all missing values i as the Naive Bayes classifier. However, these solutions al-
often prohibitively expensive or unnecessary, while aequi most always undermine model performance as compared to
ing a random subset of feature values may not be most efthat of a model induced from complete information. Since
fective. The goal o&ctive feature-value acquisitiosito in- obtaining all missing values may be prohibitively expen-
crementally select feature values that are most costidflec ~ sive, it is desirable to identify what information would be
for improving the model's accuracy. We present two poli- most cost-effective to acquire. In this paper we address thi
cies, Sampled Expected Utilityand Expected Utility-ES generalized version of thactive feature-value acquisition
that acquire feature values for inducing a classification (AFA) task for classifier induction [10]: given a model built
model based on an estimation of the expected improvemenon incomplete training data, select feature values thatdvou
in model accuracy per unit cost. A comparison of the two be most cost-effective to acquire for improving the model's
policies to each other and to alternative policies demon- accuracy. The problem of feature-value acquisition is dif-
strate thatSampled Expected Utilitis preferable as it ef-  ferent from traditional active learning [2] in which class |
fectively reduces the cost of producing a model of a desiredbels rather than feature values are missing and are costly to
accuracy and exhibits a consistent performance across do-acquire.
mains.

Unlike prior work [9], we study AFA in a setting where
the total cost to be spent on acquisitions is not determined
a priori, but rather can be determined on-line based on the
model’s performance as learning progresses. This sefting i
motivated by the inherent uncertainty regarding the trade-

In many predictive modeling problems, feature values off between costs and improvement in model accuracy. An
for training data are missing, but can be acquired at a costincremental spending strategy enables a decision maker to
Often the cost of acquiring the missing information varies re-evaluate the desirability of further expenditures lorén
according to the nature of the information or of the partic- mentally exploring the performance curve resulting from
ular instance for which information is missing. Consider, a series of acquisition decisions. For example, one may
for example, patient data used to induce a model to pre-choose not to acquire additional information if the current
dict whether or not a treatment will be effective for a given model accuracy is satisfactory, or if additional informa-
patient. Some patient data may have missing demographidion is unlikely to provide a significant improvement in the
information that can be obtained at a low cost. In contrast, model. We propose a general setting for AFA that speci-
acquiring diagnostic test results from different healtinec ~ fies an incremental acquisition schedule. Given the current
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model, an AFA strategy identifies feature-value acquisgtio  Algorithm 1 General Active Feature-value Acquisition
that are estimated to be most cost-effective with respect toFramework
model accuracy. Given:

We present a solution to the AFA task that ranks alter- F —initial (incomplete) instance-feature matrix
native feature-value acquisitions based on an estimafiono Y = {y; : i = 1,...,m} — class labels for all instances
the expected improvement in model performance per unit 1" —training set =< F,Y" >
cost. Our approach is general, i.e., it can be applied to se- £ —base learning algorithm
lect acquisitions for any learner, and to attempt to improve b — size of query batch
any performance metric. Experimental results on decision C' — cost matrix for all instance-feature pairs
tree induction to improve classification accuracy demon-
strate that our method does consistently result in signifi-
cantly improved model accuracy per unit cost compared to 2. Initialize set of possible querigg to {¢; ; : ¢ =
random feature-value acquisition. The method is particu- 1,...,m;j = 1,...,n; such thatF; ; is missing
larly advantageous in challenging tasks for which there is 3
a significant variance across potential acquisitions wath r .
spect to their contribution to learning per unit cost. g Generate a classifier/ = L(T)

6

1. Initialize TotalCost to cost of

Repeat until stopping criterion is met

Vg;,; € Q computescore(M, q; ;, L,T)

. . lect f ies with th
2 Task Definition and Algorithm select a subset of b queries with the

highestscore
: . 7. Vg ; €S,
2.1 Active Feature-value Acquisition 8. Acquire values fof?; ;
9 TotalCost = TotalCost + C; ;

Assume a classifier induction problem where each in-
stance is represented withfeature values and a class label. 10. RemoveS from Q
A training set ofm instances can be represented by the ma-  11. ReturnM = £(T)
trix F', whereF; ; corresponds to the value of thieth fea-
ture of thei-th instance. Initially, the class labej,, of each
instance is known, and the matrix is incomplete, i.e., it 5 5 Expected Utility Estimation
contains missing values. The learner may acquire the value

of F; ; atthe cosU; ;. We usey;,; to refer to the query for Specific solutions to the AFA problem differ based on the
the value ofF; ;. The general task of active feature-value ,athod used to score and rank queries. In our approach we
acquisition is the selection of these instance-featureiggsie provide scores based on thepected utilityof each query
that will result in building the most accurate model (classi (defined below). For now we assume all features are nomi-
fier) at the lowest cost. The framework for the generalized nal, i.e., they can take on values from a finite set of values.
AFA task is presented in Algorithfi?ach step the learner  Aqqume feature hask distinct valued/i, ..., V. The ex-
builds a classifier trained on the current data, and scoees th pected utility of the query; ; can be computed as:

available queries based on this classifier. The query wih th 7

highest score is selected and the feature value corresppndi K
to this query is acquired. The training data is approptyatel E(q;) = ZP(FM =Vi)U(Fi; = Vi) (8]
updated and this process is repeated until some stopping cri k=1

terion is met, e.g. a desirable model accuracy has been obwhere P(F; ; = V},) is the probability thatF; ; has the
tained. To reduce computation costs in our experiments, wevalue Vi, andi{/(F; ; = Vj,) is the utility of knowing that

acquire queries in fixed-size batches at each iteration. the feature valué; ; is V4, given by:
Alternate problem settings of feature-value acquisition
have been explored in the literature. In particular, Médvil A(F,Fy; = Vi) — A(F)
et al. [10] studied a specialized version of the AFA prob- U(Fi;=Vi) = — o @
]

lem addressed here, wherkthe missing feature values for
an instance are acquired at once and an acquisition policywhere A(F') is the accuracy of the current classifier;
selects the instances for which acquiring all missing \&lue A(F,F; ; = V}) is the accuracy of the classifier trained
would result in the most accurate classifier. Lizotte et al. on F” assumingF; ; = V; andC; ; is the cost of acquiring
[9] studied thebudgeted learningcenario, in which the to-  F; ;. For this paper, we define the utility of an acquisition in
tal cost (budget) to be spent on feature-value acquisitionsterms of improvement in model accuracy per unit cost. De-
is determinedh priori. We discuss these and other related pending on the objective of learning a classifier, alternate
research in more detail in the related work section. utility functions could be used.



If we were to plot a graph of accuracy versus model cost estimation feasible. However, it may be possible to improve
after every iteration of AFA, ouExpected Utilityapproach performance by applyingxpected Utilityestimation to a
would correspond to selecting the query that is expected tosample of queries that is better than a random sample. One
result in the largest slope for the next iteration. If all-fea approach could be to first identify potentially informative
ture costs are equal, this corresponds to selecting thg querinstancesand then select candidate queries only from these
that would result in the classifier with the highest expected instances. In previous work we studied a specialized versio
accuracy. of AFA, whereall the missing feature values for an instance

Since the true distribution of each missing feature value are acquired at once and an acquisition policy selects the in
is unknown, we estimat®(F; ; = V;) in Eq. 1 usinga  stances for which acquiring all missing values would result
learner that produces class probability estimates. Fdr eac in the most accurate classifier[10]. The method proposed in
featurej, we train a classifief/;, using this feature as the this work,Error Sampling(ES), can be readily used to iden-
target variable and all other features along with the class a tify informative instances from which we can then choose
the predictors. When evaluating the query, the classifier ~ candidate queriesError Samplingorders incomplete in-
M; is applied to instancéto produce the estimafé(Fm = stances in terms of potential informativeness in the follow
V). ing way. It ranks instances that have been misclassified by

In Eq. 2, the true values od(.) are also unknown. How- the current model as the most informative. Next, it ranks

ever, since the class labels for the training data are dtaila  correctly classified instances in order of decreasing uncer

at selection time we can estimat F') and A(F, F; ; = tainty in the model's predictionError Samplingrequires

V,) based on the training set accuracy. In our experiments,building only one model at each step of AFA, and hence

we used 0-1 loss to measure the accuracy of the classifiersiS not too computationally intensive to use in place of ran-

However, other measures such as class entropy or GINI in-dom sampling in ouSampled Expected Utilitgpproach.

dex could also be used [9]. In our preliminary studies we We call this new approacExpected Utility-ESin which

did not observe a consistent advantage to using entropy.  Error Samplingis used to rank instances from which the
When theExpected Utilitymethod described here is ap- firstab missing instance-feature pairs are selected as candi-

plied to learn a Naive Bayes classifier and feature costs aredate queries. Whereis the desired batch size ands the

assumed to be equal, it is similar to theedy loss reduc- ~ exploration parameter.

tion approach presented in [9]. Similar approaches to ex- ~ ThoughError Samplingwas designed for selecting in-

pected utility estimation have also been used in the relatedstances, it can also be modified to acquire single feature

task of traditional active learning [12, 7, 14]. values in our general AFA setting. The method ranks in-
Computing the estimated expectatiEn(l.) for queryg; ; stances fpr acquisition,. but dogs not provide a mephanjsm

requires training one classifier for each possible value of for selecting the most informative features for a given in-

featurej. Selecting the best fromall available queries Stance. We therefore examine a versioreabr Sampling

would require exploring, in the worst casen queries. So in which instances are ordered using tBeor Sampling

exhaustively selecting a query that maximizes the expecteda”kingv}"‘.”_d the firsk missing feature values are selected

utility is computationally very intensive and is infeagibl ~ for acquisition.

for most interesting problems. We make this exploration

tractable by reducing the search space to a random sub3 Experimental Evaluation

sample of the available queries. We refer to this approach as

Sampled Expected Utilityrhis method takes a parameter 3 1 Methodology

(1 < a < 7*) which controls the complexity of the search.

To selegt a.batch df queries, first a random sub-sample of |\, begin by evaluating our proposed approaches on four
ab queries |_s_selected from the_ ava!lable pool, and_ then thedatasets from the UCI repository [1], the details of which
expected utility of each query in this sub-sample is evalu- 4o hresented in Table 1. For the sake of simplicity, we se-
ated. The value o can be set depending on the amount of |o.1e gatasets that have only nominal features. In thedutu

time the user is willing to spend on this process. One can,, . section, we describe how we can extend our approach
expect a tradeoff between the amount of time spent and the, hangle numeric features. None of the UCI datasets pro-
effectiveness of the selection scheme. vide feature acquisition costs — in our initial experimesés
simply assume all costs are equal. Later, we present addi-
2.3 Instance-based Active Feature-value Acquisi-  tional experiments with different cost structures.
tion We compare all the proposed methodsrandom fea-
ture acquisition which selects queries uniformly at random
In Sampled Expected Utilitwe use a random sample of to provide a representative sample of missing values. For
the pool of available queries to make th&pected Utility the Sampled Expected Utilitgnd Expected Utility-ESve



lected at random. The differences in performance between

Table 1. Summary of Data Sets these two systems on all datasets is significant, as defined

Name | Instances| Features| Classes above. Sinc&ampled Expected Utilitwas proposed in or-
vote 435 16 2 der to reduce the computational costs of our origiaa

car 1727 6 4 pected Utilityapproach, we also examined the performance
'ymPh 148 18 4 and computational time of the exhaustizgpected Utility
audio 226 69 24 algorithm forvote We computed the average time it took

to select queries in each iteration for each of the methods.
These timing results are summarized in Table 2. The results
show that constraining the searchrpected Utilityby ran-

dom sampling (oError Sampling can significantly reduce
the selection time (by two orders of magnitude in this case)
without a significant loss in accuracy.

set the exploration parameterto 10. Given the compu-
tational complexity ofExpected Utilityit is not feasible to
run the exhaustivexpected Utilityapproach on all datasets.
However, we did rurExpected Utilityon thevote dataset.
For all methods, as a base learner we used J48 decision-

tree induction, which is the Weka [16] implementation of Table 2. Average selection times on  vote
C4.5 [11]. Laplace smoothing was used with J48 to im- AFA Method Selection time (msec
prove class probability estimates. Random 38
The performance of each acquisition scheme was aver- Expected Utility 3.77 x 10°
aged over 10 runs of 10-fold cross-validation. In each fold Sampled Expected Utility 6.64 x 103
of cross-validation, we generated learning curves in the fo Error Sampling 8.04
lowing fashion. Initially, the learner is given a random sam Expected Utility-ES 744 % 103

ple of feature values, i.e. the instance-feature matriais p
tially filled. The remaining instance-feature pairs areduse

to initialize the pool of available queries_. At each itera-  \while Error Samplingcan rank acquisitions of complete
tion, the system selects a batch of queries, and the valuegystances effectively, it does not consider the value ofind
for these features are acquired. This process is repeated uniqua| feature values. Despite this, we observed Brat

til a desired number of feature values is acquired. Classifi- Samplingperforms quite well. In particular, it often
cation accuracy is measured after each batch acquisition iherforms significantly better than random sampling and it
order to generate a learning curve. One systéinig COn-  sometimes performs better th&ampled Expected Utility
sidered to besignificantlybetter than another syster8) if However, the performance Bfror Samplingin this general
the average accuracy across the points on the learning curvgetting of AFA is inconsistent, as it may perform signifi-
of A is higher than that o8 according to a paired t-test cantly worse than random selection, as is seen olythph

(p < 0.05). As in [10], the test data contains only complete yataset.

instances, since we want to approximate the true generaliza e performance oExpected Utility-ESshows that the
tion accuracy of the constructed model given complete dataethod can effectively benefit from each of its compo-
for a test instance. For each dataset, we selected thd initiapents. \WherError Samplingperforms better than random
random sample size to be such that the induced model persampling, the acquisitions made Bypected Utility-ESe-
formed at least better than majority class prediction. The gyt in petter models than those induced wstampled Ex-
batch size for the queries was selected based on the difﬁ'pected Utility Thevotedataset seems to be an exception,
culty of tr_le dataset. For problems that were harder to learn,iy \which Error Samplingcan at times perform even better
we acquired a larger number of feature-values and consehanExpected Utility so the combine&xpected Utility-ES

quently used larger batch sizes. method does not outperforirror Samplinghere. Error
Sampling inconsistent performance can also undermine
3.2 Results the Expected Utility-ESicquisition policy, so that whefr-

ror Samplingfails to improve upon random acquisitions,

Our results are presented in Figure 1. For all datasets,Expected Utility-E®roduces inferior models than those in-
Sampled Expected Utilifyuilds more accurate models than duced withSampled Expected Utilityrhese results suggest
random sampling for any given number of feature acquisi- that the use oError Samplingin our current AFA setting
tions. These results demonstrate that the estimation of thés a promising direction for future work, but is dependent
expected improvement in the current model’'s accuracy en-on improving theError Samplingstrategy such theError
ables effective ranking of potential queries. Conseqyentl Samplingconsistently performs better than random selec-
Sampled Expected Utiliselects queries that on average are tion. Note that, in thenstance-completiosetting of AFA
more informative for the learner than an average query se-for whichError Samplingwas originally designed, it always
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Figure 1. Comparing alternative active feature-value acqu

performs better than random [10].

In summaryExpected Utility-E®ften exhibits superior
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performance with respect ®ampled Expected Utilitgnd
random selection. However, it is susceptible to the incon- of binary features with randomly-selected values, so as to

sistent performance dError Samplingand thus may po-
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isition approaches.

lem setting more challenging, we constructed artificiahdat
in the following way. We took thdéymph dataset, which
is composed of 18 features, and added an equal number

provide no information about the class variable. In addi-

tentially perform worse than random sampling. On the tion, we experimented with different cost structures. For

other hand,Sampled Expected Utilitgxhibits consistent

improvements over random sampling on all datasets.

3.3 Artificial Data and Feature Costs

the sake of simplicity, instead of having a cost associated
with each instance-feature pair, we assume that the cost of
acquiring a particular feature is the same irrespectivaef t
instance. With each feature, we associate a cost selected
uniformly at random from 1 to 100. Experiments were run

As no feature-acquisition costs are provided for the do- as before for 5 different assignments of feature costs. ghlon
mains we employ here, we initially assumed uniform fea- with recording the accuracy after each batch acquisition of
ture costs. In addition, some of the features in the data arequeries, we also record the current model cost based on the
equally discriminative so that there may be little value in cost of the features acquired. Since random sampling does
selecting between them. In the extreme case, where feahot take feature costs into account, we also comGan-
ture costs are uniform and all features provide equal infor- pled Expected Utilitywith a simple baseline strategy that
mation about the target concept, random sampling is likely incorporates feature costs. This approach, which we call
to be a very effective strategy. In order to make the prob- Cheapest-firstselects feature values for acquisition in or-
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Figure 2. Comparing different algorithms on artificial data under different cost structures

der of increasing costs. Given the inconsistent performanc for inducing any classifier under a general acquisition cost
of Error SamplingandExpected Utility-ESwe do notapply  structure. In this section, we discuss alternate settiogs f
them to these datasets. the AFA task.

Figure 2 presents plots of accuracy versus model cost  Lizotte et al. [9] study AFA in thebudgeted learning
for two representative cost structures. The results for all scenario, in which the total cost to be spent towards acqui-
randomly assigned costs structures show that for the samgitions is determined priori and the task is to identify the
cost,Sampled Expected Utilityonsistently builds more ac-  pest set of acquisitions for this cost. In contrast, our set-
curate models than random sampling. The differences inting aims to enable the user to stop the acquisition process
performance between these two systems is more substantiadt any time, and as such theder in which acquisitions
than those observed for the UCI datasets with uniform costs.are made is important. Given this criterion, we attempt to
In contrast, the performance f@heapest-firsts quite var-  select the next acquisition that will result in the most ac-
ied for different cost assignments. When highly informative curate model per unit cost. Lizotte et al. also assume that
features are assigned low cosBheapest-firstan perform  feature values are independent given the class, and as such
quite well (Figure 2(a)). Since the underlying assumption consider queries of the form “Give me the value of feature
of the Cheapest-firsstrategy, that the cheapest features are j for any instance in class” However, our approach eval-
also informative, often holds in this case, it sometime per- yates feature-value acquisitions of specific instanceihwh
forms better tharSampled Expected Utilitwvhich imper-  allows us to 1) incorporate feature-value costs that vary pe
fectly estimates the expected improvement in accuracy frominstance; and 2) to better estimate the expected value of an
each acquisition. However, when many inexpensive fea-acquisition by capturing improvements from better mod-
tures are also uninformativ€heapest-firsperforms worse  eling of feature interactions. Note that a set of features
than a random acquisition policy (Figure 2(b)pampled  may exhibit different interactions for different instascén
Expected Utility however, estimates the tradeoff between which case evaluating potential acquisitions for indiaHu
cost and expected improvement in accuracy, and althoughinstances is critical.
the estimation is clearly imperfect, it consistently stdec In this paper, we explored the use of tEeror Sam-
better queries than random acquisitions for all cost struc—p”ng policy designed for thinstance-completiosetting, in
tures. which all missing feature values are acquired for a selected

training instance [17, 1055ampled Expected Utilitselects
4 Related Work individual features, and hence can be also employed in the
instance-completion setting, e.g., by selecting the itsta

To the best of our knowledge, the methods we proposeWith the highest sum of utilities of individual feature-uel
here are the first approaches designed for the general probacquisitions.
lem of incrementally ranking and selecting feature values  Some work orcost sensitivéearning [15] has addressed



the issue of inducing economical classifiers when there arepredictions and the error costs are speciftedhected Util-
costs associated with obtaining feature values. However,ity can be applied to identify acquisitions that result in the
most of this work assumes that ttraining data are com-  highest growth in benefits per unit cost. Experimenting with
plete and focuses on learning classifiers that minimize thesuch alternate measures of model performance is an avenue
cost of classifying incompleteestinstances. An exception, for future work.
CS-ID3 [13], also attempts to minimize the cost of acquir- ~ Our current study was restricted to datasets that are com-
ing features during training; however, it processes exam-posed of only nominal features. Since many interesting do-
ples incrementally and can only request additional inferma mains include both numeric and nominal features, we would
tion for the current training instance. CS-ID3 uses a sim- like to extend this study to datasets which also have nu-
ple greedy strategy that requests the value of the cheapesheric features. We could apply our currditpected Util-
unknown feature when the existing hypothesis is unable toity method after converting the numeric features to nominal
correctly classify the current instance. It does not abtive features using a discretization technique, as in [3].
select the most useful information to acquire from a pool
of incomplete training examples. The LAC* algorithm [5]
also addresses the issue of economical feature acquisitio
during both training and testing; however, it also adopts
a strategy that does not actively select the most informa-  In this paper, we propose an expected utility approach to
tive data to collect during training. Rather, LAC* simply active feature-value acquisition, that obtains featutaes
requests complete information on a random sample of in-based on the estimated expected improvement in model ac-
stances in repeategkplorationphases that are intermixed curacy per unit cost. We demonstrate how this computation-
with exploitationphases that use the current learned classi- ally intensive method can be made significantly faster, with
fier to economically classify instances. out much loss in performance, by constraining the search to
Traditionalactive learning2, 4] assumes access to unla- a sub-sample of potential feature-value acquisitions. Ex-
beled instances with complete feature data and attempts tgeriments with uniform feature costs show that t8sm-
select the most useful examples for which to acquire classpled Expected Utilityapproach consistently builds more ac-
labels. Active feature-value acquisition is a complemgnta curate models than random sampling for the same number
problem that assumes labeled data with incomplete featureof feature-value acquisitions, and exhibits consistemt pe
data and attempts to select the most useful additionalfeatu formances across domains as compared to policies employ-
values to acquire. ing an instance-based ranking of features. Additional ex-
periments on artificial datasets with different cost suues
demonstrate that for the same c&ampled Expected Util-
ity builds more accurate classifiers than the cost-agnostic
random feature acquisition approach. Its performance is
also more consistent than that of a simple cost-sensitive
method which acquires feature values in order of increas-
ing cost.

rgs Conclusion

5 Limitations and Future Work

In Sampled Expected Utilitwe used a random sample
of the pool of available queries to make tBepected Util-
ity estimation feasible; and iBxpected Utility-ESwe ex-
plored the possibility of limiting the set of candidate gesr
to only potentially informative instances. Alternativelye
can restrict the set of candidate queries to only the mostAcknowledgments
informative features. A subset of such features could be
picked using deature selectioiechnique that can capture Prem Melville and Raymond Mooney were supported by
the interactions among feature values, such as the wrappepaRPA grant HR0011-04-1-007.
approach of John et al. [6].
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