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Abstract

In general, the prediction capability of classification ratsdcan be enhanced by
acquiring additional relevant features for instances. elmy, in many cases, there
is a significant cost associated with this additional infation — driving the need
for an intelligent acquisition strategy. Motivated by rearld customer targeting
domains, we consider the setting where a fixed set of additi@atures can be
acquired for a subset of the instances at test time. We stifféyetht acquisition
strategies of selecting instances for which to acquire nmdm¥mation, so as to
obtain the most improvement in prediction performance péraost. We apply
our methods to various targeting datasets and show that waatdeve a better
prediction performance by actively acquiring featuresdoly a small subset of
instances, compared to a random-sampling baseline.

1 Introduction

In many data mining domains, one is not presented with campled definitive training data for
modeling. Instead, several sources exists from which daiabe acquired, usually incurring some
acquisition or processing costs. The cost-effective aitijom of such selected data for modeling has
been an emerging area of study which, in the most generglisagéerred to as Active Information
Acquisition [13]. Actively selecting feature values to ag@ results in building effective models
at a lower cost than randomly acquiring features. Fig. 1 desimates this on one such domain,
where we see that the models built using Active FeatureevAkquisition (AFA) perform better
compared to models build using the same amount of informaibguired through uniform random
sampling. In addition to reducing the cost of building maglattively selecting the most informative
features to learn from can also avoid noise and lead to arbatidel than training on more data.
This phenomenon can also be observed in Figure 1, where tHelruoilt using feature values for
100 selected training instances, performs better thargusimplete features information for 500
instances.

In previous work [10], we have studied the general task of Aé¥cost-effective data acquisition
for classifier induction. We have also examined the spec#fge®f this problem, where a set of
features maybe missing and all missing feature values catdpeaired for a selected instance[9].
This Instance-completion setting allows for computatiyneheap yet very effective heuristic ap-
proaches to feature-acquisition. In these previous studie have focused on the acquisition of
features during model induction, i.e. at training time. hder to measure the generalization per-
formance of these methods, we use complete test data tcagwahodels built on actively acquired
training data. However, it is realistic to assume that itdiees are missing and can be acquired at
training time, they may also be acquired at a cost during rreygigication. In this paper, we focus
on this complementary problem of Active Feature-value Asitjon at prediction/test time.
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Figure 1: Comparing active acquisition of complete feaduisr instances to random sampling,
during induction. The arrow corresponds to the performarfice model using all features for all
500 instances.

We study prediction-time AFA in the context of different tursier targeting domains. These do-
mains exhibit a natural dichotomy of features, where onefdfeiatures is available for all instances,
and the remaining features can be acquired, as a set, fotestiastances. As such, these domains
lend themselves to AFA in the Instance-completion settangl in the past they have been used in
studies of feature-acquisition during induction. At thmei of induction, class labels are available
for all instances — including the incomplete instances.sThformation can be used effectively
to estimate the potential value of acquiring more informmafior the incomplete instances. How-
ever, this label information is obviously not present dgnimediction on test instances, and as such
leads us to explore alternative acquisition strategiegalticular, we explore methods to estimate
the expected benefit of acquiring additional features foimanmplete instance, versus making a
prediction using only incomplete feature information. éhdive experimental results confirm that
our approaches can effectively select instances for whistbeneficial to acquire more information
to classify them better, as compared to acquiring additiorfarmation for the same number of
randomly sampled instances.

2 Redated work

The problem setting as well as some of the approaches propogbkis paper are influenced by
previous work [9, 8, 11], which explores the problem of léagmodels from incomplete instances
by acquiring additional features at induction time. Oth&eresting induction time settings are
budgeted learning and active learning. Under the budgeteding scenario [7], the total cost to be
spent towards acquisitions is determined a priori and thieiato identify the best set of acquisitions
for this cost. Traditionahctive learning[2] assumes access to unlabeled instances with complete
feature values and attempts to select the most useful resdar which to acquire class labels while
training. In contrast to these works, we focus here on Adteature-value Acquisition at the time
of model application or prediction. There has also been saork on prediction-time AFA, but
the focus has been on selecting a subset of features to acagatiher than selecting a subset of
instances for which to acquire the features. For examplgidet al. [1] exploit the conditional
independence between features in a Bayesian network fts®] a subset of features. Similarly,
Sheng et al. [14] aim to reduce acquisition cost and misifieatson under different settings, but
their approach also focuses on selecting a subset of fsatiirause et al. [5] apply the theory of
value of information, but their method is mostly restrictecchain graphical models. The general
case of acquiring randomly-missing values in the instaeegdre matrix is the most interesting,
and in previous work [10], we have addressed this problenmfiuction time. This general setting
needs to be explored further for prediction time. The onheotexample of instance-selection for
prediction-time AFA is [3]; but in their case, the test instas are not independent of each other,
and the impact of acquisition is studied in the context opgrpartitioning. Finally, Kapoor et al. [4]
provide a theoretical analysis of budgeted learning wherighrner is aware of cost constraints at
prediction-time. We differ from this approach, because @i on the Instance-completion setting,
which leads to alternative and computationally efficieritigon.



3 Prediction-time active feature-value acquisition for instance-completion

Assume that we are given a classifier induced from a traingt@ansisting of: features and the
class labels. We are also given a test setidghstances, where each instance is representedmwith
feature values. This test set can be represented by thexmhatwhereF; ; corresponds to the value
of the i*" feature of thej*” instance. The matri¥’ may initially be incomplete, i.e., it contains
missing values. At prediction time, we may acquire the valLig; ; at the costC; ;. We usey; ; to
refer to the query for the value df; ;. The general task of prediction-time AFA is the selection of
these instance-feature queries that will result in the raostirate prediction over the entire test set
at the lowest cost.

As noted earlier, the generalized AFA setting has beenetiyglieviously for induction-time. Under
the induction-time AFA setting, the training instanceséavissing features values, which can be
acquired at a cost and the goal is to learn the most accuratelwih the lowest cost. This modelis
usually tested on a test-set of complete instances. Herareniaterested in the complementary task
of Active Feature-value Acquisition at the time of predicti The fundamental difference between
these two settings is that for induction-time AFA, our gaald learn a model that would make most
accurate predictions on a test set with complete instandesteas, for prediction-time AFA, the
model is trained from a set of complete instances, and thkeigtmselect queries that will lead to
most accurate prediction on incomplete test instances.ird fitenario is when the feature values
are missing at both induction and prediction time, and thenler is aware of the cost constraints at
prediction-time. Hence, the goal of the learner is to leAmmost accurate model that optimizes
cost at both train and test time. In future, we would like tplexe this third scenario.

Here, we consider a special case of the prediction-time ARfblem mentioned above; where
feature values for an instance may naturally be availabterinsets — one set of features is given
for all instances, and the second set can be acquired fromt@mal source at a cost. The task is to
select a subset of instances for which the additional featshould be acquired to achieve the best
cost-benefit ratio.

The two sets of features can be combined in several ways lit dunodel (or make a prediction at
test time). The features from the two sets can be mergedédbtoilding a model, which is referred
to asearly fusion Alternatively, two separate models are built using the ssts of features and
their outputs are combined in some way to make the final ptiedie— known adate fusion The
alternative strategy we employ in our work is callddsting[8] — in which we incorporate the
output of a model using the second setdflitionalfeatures (inner model) as an input to the model
using the first set ofivenfeatures (outer model). Specifically, we add another fedatuthe outer
model, corresponding to the predicted probability scorétfe target variable, as given by the inner
model.

The general framework for performing prediction-time ARgY fnstance-completion setting is de-
scribed in Algorithm 1. We assume that we are given two moaels induced only from the given
features and another one induced from both given and additfeatures. At prediction time, we
are given a set of incomplete instances. We compute a scoeabéh of the incomplete instances
based on some acquisition strategy. We sort all instancglan this score and acquire additional
features in the sorted order until some stopping critersomét. The final prediction is made using
the appropriate model on the entire set of instances. Nateirtiduction-time AFA has a similar
framework, but the main difference is that at inductiondjrafter each batch of feature acquisition,
we need to relearn the model, and hence, recompute the §@othe other hand, at prediction-time,
acquiring additional features for one instance has no efiethe prediction of another instance, and
as such we can generate the score on the entire set once stefbireg the acquisition process. This
makes large scale, prediction-time AFA feasible on a vaoétlomains.

4 Acquisition strategies

In this section we describe alternative approaches to tiggeinstances for which to acquire addi-
tional feature values.



Algorithm 1 Prediction-time AFA for Instance-completion using Negtin
Given:
1 - Set of incomplete instances, which contain only giventfesg
C - Set of complete instances, which contain both given andtiaddl features
T - Set of instances for predictioh U C
M, - Model induced from only given features
M. - Model induced from both given and additional features
1: Va; € I, compute the scoré = Score(My, x;), based on the AFA strategy
2: Sortinstances i by score, S.
3: Repeat until stopping criterion is met
4:  Letx; be the instance i with the next highest score
5
6

ModelM = M, if x; € T andM = M. if x; € C
: return Predictions off” using the appropriate model M

4.1 Uncertainty Sampling

The first AFA policy we explore is based on the uncertaintyngple that has been extensively
applied in the traditional active learning literature [ well as previous work on AFA [9]. In
Uncertainty Sampling we acquire more information for a tastance if the current model cannot
make a confident prediction of its class membership. Therelidfierent ways in which one could
measure uncertainty. In our study, we use unlabeled mafgjres our measure; which gives us
the same ranking of instances as entropy, in the case ofyhitessification. The unlabeled margin
captures the model’s ability to distinguish between instsof different classes. For a probabilistic
model, the absence of discriminative patterns in the daaltein the model assigning similar
likelihoods for class membership of different classes. d¢éerthe Uncertainty score is calculated
as the absolute difference between the estimated clasalglities of the two most likely classes.
Formally, for an instance;, let P,(x) be the estimated probability thatbelongs to clasg as
predicted by the model. Then the Uncertainty score is giveBJ (z) — Py2(x), whereP,; (x) and
P,»(x) are the first-highest and second-highest predicted priitysdsitimates respectively. Here, a
lower score for an instance corresponds to a higher expbeteefit of acquiring additional features.

4.2 Expected Utility

Uncertainty Samplingas described above, is a heuristic approach that prefgqtsrany additional
information for instances that are currently not possiblelassify with certainty. However, it is
possible that additional information may still not redube uncertainty of the selected instance.
The decision theoretic alternative is to measure the eggaetduction in uncertainty for all possible
outcomes of a potential acquisition. According to an optisteategy, the next best instance, for
which we should acquire features is the one that will resuthe greatest reduction in uncertainty
per unit cost, in expectation. Since true values of misséagures are unknown prior to acquisition,
it is necessary to estimate the potential impact of everyiadopn for all possible outcomes. Ideally,
this requires exhaustively evaluating all possible coratiams of values that the additional (missing)
features can take for each instance. However, in our Nesfipgoach to combining feature sets,
we reduce the additional features into a single score, wikiaked as a feature along with the other
given features. This allows us to dramatically simplify t@mplexity of this approach, by only
treating this score as a single missing feature, and estightte utility of possible values it can
take. Of course, calculating expectation over this singteesdoes not give us the true utility of the
additional features, but it makes the utility computatieadible, especially when we have a very
large number of additional features. As such, the expedtlty gan be computed as:

EU(g;) = / U(S; = x,C;)P(S; = 7) 1)

Where, P(S; = z) is the probability thatS; has the value: andU (S; = z,Cj) is the utility of
knowing thatS; has valuer. In other words, it is the benefit arising from obtaining acfievalue
x for scoreS;, at costC;. In practice, in order to compute the expected utility, wsctktize the
values ofS and replace the integration in Eq. 1 with piece-wise sunmmnafi he two termsl/ and
P in Eg. 1 must be estimated only from available data. We dstwsv we empirically estimate
these quantities below.



Estimating utility: The utility measurel/, can be defined in one of several different ways. In
the absence of class labels, we resort to using measurese@ftaimty of the model prediction as a

proxy for prediction accuracy. One obvious choice here iméasure the reduction in entropy of the
classifier after obtaining value— similar to what is done in traditional active learning [12¢.,

U(s; = z,C;) = - HE N5 ij) —HX) @)

Where, H(X N S; = x) is the entropy of the classifier on the instance with featifeaugmented

with S; = z, H(X) is the entropy of the classifier on the instance with featesndC; is the
cost of feature scor§;.

However, using reduction in entropy may not be ideal. WesiHate this through Fig. 2, which
compares entropy and unlabeled margins as a function of éltligbed class membership probability,
p(y|x). Note that it does not matter which clagsve choose here. We see from the figure, that for
the sameAz difference in class membership probability, the correslirnreductions in entropy
are different. In particular, the further we are from theidien boundary the higher the change
in entropy, i.e. Ays > Ay;. All else being equal, this measure would prefer acquisgtithat
would reduce entropy further from the classification boumgdavhich is less likely to affect the
resulting classification. Alternatively, one could usealmdled margins, which is a linear function of
the probability estimate on either side of the decision lolaup This gives the followingxpected
unlabeled marginutility measure:

U(S, = 2.C;) = UM(XNS; ij) —UM(X) @)

Where,U M (X) is the unlabeled margin as described in Sec. 4.1.

Furthermore, one might choose to prefer a differencg ahoser to the decision boundary; since
this is more likely to result in an alternative classificatifor an instance. We can capture this
relationship, by using the log of the unlabeled margins,civtgives us the followingxpected log
marginmeasure of utility:

In(UM(X N S; =) — In(UM(X))

U(Sj =, Cj) = 4)
Cj
h
1.0
’,’ \\\ Ay,
’I \\ A
g ,{4 \_\\ Y,
@ ’
a -’ ~
2 o054 .
=
£
T
= Entropy
§ Unlabeled
_ — __Unia
= Margin
Q 0. e Av 1.0
B(yIx)

Figure 2: Comparison of unlabeled margin and entropy as unea®f uncertainty.

Estimating feature-value distributions: Since the true distribution of the scofg is unknown,
we estimateP(S; = z) in Eqg.1 using a probabilistic learner. We use a model tramdy on the
additional features and the class to predict the valug;aind discretize it. We then usg as the
target variable and all given features as the predictorsamla classified/. When evaluating the

queryg;, the classifiedV/ is applied to incomplete instancg; to produce the estimaTIé(Sj = z).



5 Empirical evaluation

We tested our proposed feature-acquisition approacheswndatasets from customer targeting
applications, as described below.

5.1 Datadescription

Our first datasetRational comes from a system developed at IBM to help identify pad¢ous-
tomers and business partners. The system formerly usedtabtured firmographic data to predict
the propensity of a company to buy a product. Recently, itdeesr shown that incorporating in-
formation from company websites can significantly imprdvese targeting models. However, in
practice, processing websites for millions of companiemisdesirable due to the processing costs
and noisy web data. Hence we would like to select only a sudfseimpanies for which to acquire
web-content, to add to the firmographic data, to aid in ptaxtic This is a case of the instance-
completion setting, where firmographic features are abksltor all instances, and the web features
are missing and can be acquired at a cost. Instance-coorpletiristics have been applied to this
data during induction [8]; and, here, we study the compleargriask of prediction-time AFA. The
remaining three web-usage dataseqis;, bmgandexpediacome from a study by Zheng and Pad-
manabhan [15]. These datasets contain information abooitusers and their visits to retail web
sites. The given features describe a visitor’s surfing biehaat a particular site, and the additional
features, which can be purchased at a cost from an extemabrgrovides aggregated information
about the same visitor’s surfing behavior on other e-comensites. The target variable indicates
whether or not the user made a purchase during a given seSgiissetting also fits naturally in
the Instance-completion setting of AFA.

5.2 Comparison of acquisition strategies

For all datasets, we use Nesting to combining the two sepégature sets. We experimented with
different combinations of base classifiers in Nesting, am¢hél that using decision trees for the
additional features and logistic regression for the coritpasodel is most effective for the web-
usage datasets. FBxational we use multinomial naive Bayes for the web features, anistiog

regression for the composite model. Since there is a smaigotion of instances from the target
class inRational and it is a ranking problem, we use AUC instead of accuracy psrformance

metric (as done in [8]). For all other datasets, we use acgwa done in their previous usage [15].

We ran experiments to compare Random Sampling and the ABfegtes described in Sec. 4. The
performance of each method was averaged over 10 runs ofld @+fmss-validation. In each fold,
we generated acquisition curves as follows. After acqgigdditional features for each actively-
selected test instance, we measure accuracy (or AUC, ir&stiona) on the entire test set using
the appropriate model (see Algorithm 1). In the case of Ran8ampling, instances are selected
uniformly at random from the pool of incomplete instancesr, Fhe expected utility approaches
described in Sec. 4.2, we used 10 equal-width bins for treretization of the scors; in Eq. 1.

Fig. 3 shows the effectiveness of each strategy in ordehiagnistances so as to get the most benefit
with the least cost of data acquisition. We assume, for tegperiments, that there is a unit cost of
acquiring additional features for each instance. In alesaactive acquisition clearly out-performs
Random Sampling, resulting in improved prediction perfance for the same amount of feature
information acquired for the test instances. Also, a lang@ant of improvement in accuracy is
achieved by acquiring complete feature sets for only a sfration of instances. Which suggests
that it is not critical to have complete feature informationall instances to correctly classify them.

Even with the gross approximations and estimations done@n 42, théexpected Utilityapproach
still manages to perform quite well compared to random sangpFurthermore, using reduction in
log margins tends to slightly outperform the alternativiitutmeasures, for the reasons discussed
in Sec. 4.2. However, in general, tRgpected Utilitymethods still do not exceed the performance
of Uncertainty Samplingas one would expect. Itis possible that the estimations dtothe compu-
tation of Expected Utilityare too crude and need to be improved. One source of impraveraeld

be through better estimation of the probability distribatdf missing feature values. Currently this
is being reduced to estimating the probability of a singkeitized score, representing the output
of a model built using the additional features. In order taleate the room for improvement in



bmg expedia

90 T T T T 96
ss | 95 |
94 |
86
93
> >
g sar g 92}
3 3
g 82t g 9r
90
80
Expected Entropy ——— 8ot Expected Entropy —— |
Expected Unlabeled Margin Expected Unlabeled Margin
78 | Expected Log Margin - Expected Log Margin -
Uncertainty Sampling 88 I Uncertainty Sampling
Random Random
76 L L L ) 87 L L L L L L
0 50 100 150 200 250 0 50 100 150 200 250 300 350
Number of complete instances Number of complete instances
qvc rat-weka.filters.uns
90 T T T T 0.84
2 ////’ 1
88 [ . ]
87 E
> >
S 86 4 g
5 =1
84 / 1
83 | Expected Entropy —— | 0.78 Expected Entropy —— 1
¢ Expected Unlabeled Margin Expected Unlabeled Margin
i Expected Log Margin - 077 Expected Log Margin -
821 Uncertainty Sampling 1 ! Uncertainty Sampling
Random Random
81 L L L L 0.76 L L L L A
0 50 100 150 200 250 0 10 20 30 40 50 60
Number of complete instances Number of complete instances

Figure 3: Comparison of acquisition strategies

this estimation, we use the true value of the discretizedesadile calculating the expectation in
Eq. 1. ThisExpected Log Marginwith Oracle approach is shown in Fig. 4, in comparison to the
estimatedExpected Log Marginapproach. We see that, indeed, if we had the true probabaity
timate P(S; = z), we can perform much better than using the estimation apprdascribed in
Sec. 4.2. However, this by itself is still insufficient to patformUncertainty SamplingWe may
be losing too much information by compressing the additiéeeture set into a single score. Using
alternative feature-reduction techniques may lead to e&muganingful estimation of the missing
value distribution, without too much increase in compuatadil complexity brought about by having
to estimate the joint distribution of features. Perhapsttebestimate of utility/ is also required to
make theExpected Utilityapproach more effective. We are exploring these avenuesprbvement
in future work.
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6 Conclusion

In many domains we can acquire additional information fdected test instances that may help
improve our classification performance on the test set. Whisradditional information comes at
a cost, or is potentially noisy, it is best to actively selbet instances that are most likely to benefit
from acquiring additional information. We study this prefnl of prediction-time Active Feature-
value Acquisition in the context of several customer tangedata sets that naturally lend themselves
to this setting. We demonstrate that our approaches of magdine uncertainty of predictions,
and the expected reduction of uncertainty through additiéeature-acquisition, are much more
effective than the baseline approach of uniformly sampghistances for acquiring more information.
Empirical results show that estimating the expected rédudéh uncertainty of a prediction is an
effective acquisition strategy. However, it is not as dffexas just selecting instances based on the
uncertainty of their prediction using incomplete inforinat We suggest methods for improving the
proposedExpected Utilityapproach as directions for future work.
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