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Abstract

In this paper we analyze the problem of opinion pooling. We introduceeagince minimization
framework to solve the problem of standard opinion pooling. Our resuti shat various existing
pooling mechanisms like LinOp and LogOp are an special case of this frakeWas framework is
then extended to address the problem of generalized opinion poolinghMiethat this framework
does satisfies various desiderata and we give an EM algorithm for sahi;groblem. Finally we
present some results on synthetic and real world data and the resultedld@egrencouraging.

1 Introduction

The recent explosion on the web has resulted in the availabflvaluable customer feedback. Ranging
from movies to various products such feedback is often abhilin the form of explicit user ratings.
Alternatively, such ratings can also be extracted from iopis expressed in text. Several recent efforts in
statistical NLP on extracting such opinions from text isie@de [4]. The distributed nature of the internet
implies that information regarding users feedback andiopsis often available from multiple sources.
Further, individual experts possessing relevant inforomatnay use different models to make predictions
or to generate estimates while expressing opinions. To idseence on all available information, it
is necessary to combine the information from all these @ffe experts. In this paper we consider the
problem of aggregating information from multiple experfypically, opinions are represented in terms
of probability distribution and the aim is to arrive at a dengrobability distribution which represents the
consensus behavior. This is accomplished using a poolicgrsensus operator. Studied formally under
the name of opinion pooling this problem has primarily begdrassed under an axiomatic framework. In
such approaches a consensus operator is chosen to sagsfyieed set of axioms.

This paper tackles a problem that is more complex than theecdional opinion pooling problem.
Each expert opinion is characterized by some dimensiona andsensus opinion might be desired across
any subset of these dimensions. Further, various simpidetasa are defined to be required of the consen-
sus opinions. Moving away from the traditional axiomatipagach, a model-based solution is proposed
to tackle the problems of consistency and sparsity intreduny this generalization. A formal analysis of
the model-based consensus results in a derivation of thgitawrs for which the desiderata are satisfied.

The remainder of the paper begins by first revisiting the l@mbof conventional opinion pooling.
Section 2, motivates and formally introduces the genezdliapinion pooling (GOP) problem followed
by a discussion on the various desiderata (Section 2.1)rderdo motivate our model-based approach,
in Section 3, we first cast conventional opinion pooling asvargence minimization problem. Here it is
shown that current, popular, aggregation operators asis®lations to special cases of this formulation.
In Section 4, we extend this optimization framework to GOBbbem where we propose a model-based



solution. Section 5 provides an empirical study of the psgabmodel using opinions collected from the
Web. Section 6 describes the results of our experimenselll by discussion.

2 Preliminaries and Problem Definition

Opinions about products and services can be expresseddratdifferent ways; as ratings on a scale, or
as preferences expressed via a probability distributiony.; everHigh and Low!. The premise of this
paper is that a decision maker (DM) would be interested imegagion of opinions from different sources.
Consider, for example, the following quetWhat is the opinion of Thinkpad T30 as expressed at differen
sources ?” Assuming two sources, the answer to this query is some nsansef Thinkpad T30 reviews
at these sources. Note that scale over which ratings aredeeboften vary across sources and therefore
need to be normalized somehow. Also, other opinions mayegesentable over a rating scal®ue
to these issues it is preferable to express opinions as alpitity distribution over preference values. A
detailed discussion on the conversion of scale ratingsdbaility distributions is beyond the scope of
this paper. However, the simple model used in this paperssrdeed in a later section.

The following notations will be used throughout the paperpiGa lettersX, Y will be used to refer
to random variables and the corresponding small lettegswill denote the particular instantiation (value
taken) by thesePy (X = z) will refer to the probability that a random variabletakes on value. When
the context is clear, we will denote this quantity simply ByX = x) or P(z). Given a set of empirical
distributions{ P, P, . . ., Py}, (we will reserve the “hat” notation exclusively for emjgii distributions),
we will refer to P, for eachi, as the distribution of the opinion random variablgiven by expert;.

The (conventional) opinion pooling problem can be statefdi®nys:

Definition 1 (Opinion Pooling). Experts{e;,es,...,en} provide opinions{ﬁl,ﬁg,.. ]3N} respec-
tively, about a particular topic. The opinion poollng preph is to provide a consensus opinigrabout
that topic. In other words, we seek a pooling operatosuch thatP = F(Pl, PQ, . PN)

We now introduce a more elaborate framework where the oglsttips between the experts is captured
while respecting certain constraints. The experts, esprgsopinions, are characterized using various
dimension®finterest. Assume that there aredlmen3|onsD1, Ds, ..., D,, ofinterest. Suppose there are
N expertsey, es, ..., ey Who provide oplnlonsPl, PQ, .. PN, respectively. Each expert is associated
with some assignment of (legal) values to an arbltrary ledrfsﬁmensionsCi is called thecharacteristic
of experte;. LetT" denote the topic variable about which opinions can be espres

Given such empirical distributions from several expeittg, DM may request opinions about topics
across arbitrary characteristics. Note that the desiradacieristic need not agree with the characteristic
of any of the experts. In addition to this reporting probléhne DM may wish to analyze the relationships
across different characteristics. To address such isshés ansuring consistent answers, we propose
a framework in which the consensus opinion for all charasties is obtained via a single distribution
P such that the conditional probability distributid®(S|T" = ¢, C) is well-defined for every topi¢ and
every characteristi¢'. Furthermore, the DM may also wish to impose additional trairgs that need to
be satisfied. These constraints can be incorporated intwahreework by placing suitable restrictions on
P. In Section 5, such constraints are naturally expressex) @sstatistical model.

1At Epinions.com reviews of products are expressed as sting scale of — 5.
2As an example consider a study being conducted on the ld@difof a customer coming back — and the responses are
either Likely, Not Likely and Undecided. Such responsesatesasily expressed on a scale.



Definition 2 (Generalized Opinion Pooling). Suppose there ar/ expertses, ey, . .., ey Who provide
opinionsP;, P, ..., Py, respectively. Le€’; andt; denote the characteristic and topic of expert The
generalized opinion pooling problem (GOP) is to find a dtition P that can be conditioned on every
topic and every characteristic, subject to the constraintposed by the DM. In other words, we seek a
pooling operatorf’ such thatP = F'(P,, ..., P,), and thatP(S|T = t, C) is well defined for every topic

t and every characteristiC'.

Note that the distribution” can potentially contain a larger set of random variablestdpam the
dimensions, topics and opinion, e.g. it may contain lataniables. The solutionP provides opinions for
all distinct characteristics thus addressing the appamtilem of sparsity - i.e., empirical distributions
may not be available for all characteristics or may need tedtenated with very little data. Moreover,
the imposition of a single joint distribution ensures tregiarting is consistent across all characteristics.

2.1 Desiderata for Pooling Operators

In the literature on opinion pooling, there has been a canalule study of the many properties satisfied by
the various pooling operators [2]. For the generalizediopipooling problem, particularly in the context
of business and market intelligence, the opinions areibligions over some set of preference values. For
this domain, we have identified three simple and naturalentags that are desired of any solution—

1. Unanimity: If all the experts agree on the opinion of a topic, then theregmfed opinion agrees
with the experts.

2. Boundedness:The aggregated opinion is bounded by the extremes of thetexgpaions.

3. Monotonicity: When a certain expert changes his opinion in a particulactine with all other
expert opinions remaining unchanged, the aggregatedarpafianges in the direction of this expert.

3 Opinion Pooling

In order to motivate our approach to GOP, we first present alsirbut powerful framework for the
conventional opinion pooling problem. We will show that ptgr operators LinOp and LogOp arise as
special cases of this formulation. Later, we extend thisnatarral way to the GOP problem.

The basic intuition is that in any solution to the opinion |dg problem, we expect the aggregate
distribution to be as “close” as possible to the individugherts. To formalize this, we will consider
distance measures between distributions and cast coamahtipinion pooling as a minimization problem.
To the best of our knowledge this formulation and the assediderivations have not appeared in literature.

Let D(P, Q) denote a divergence measure between probability distiai and(), whereD satisfies
(1) D(P,Q) > 0and (2)D(P,Q) = 0 if and only if P = ). We are givem expert distributions?;, and
their respective non-negative weightswhich sum to one. The goal is to obtain an aggregate disiibbut
P via the following minimization problem:

P = argmin ¥ _w;D(P;, Q) 1)
Q

The choice of weights is governed by various criteria [3]L.0\., in the absence of any knowledge, all
experts will be assumed equal. Thereforeuglare equal and hence ignored in the remainder of the paper.

3Operators such as LinOp dramatically restrict the consisahat can be imposed on the solution[5].

3



DivergenceD (P, Q) Consensus opiniofR(s)

D,(P,Q) = FElEIOOT | L (3w [P(s)])
Drr(P,Q) =), P(s)log 515 P(S) > wili(s)
Drr(Q,P)=>,Q 3)10gp S [LIP(s)]™
Ly(P,Q) = 3,(P(s) — Q(5))? >, wib(s)
X2(P,Q) =Y, LELCCE LY wz/P<>>1
Q. P) =y, Pl LY wilP

Figure 1: Different divergences and the corresponding consensus pogieigtor. The quantity denotes the
normalization constant.

Table 1 gives a summary of different divergences and theesmus distributions that arise by solving the
associated minimization problems. Derivations are domggustandard analytical methods and omitted in
the interest of space. Two interesting cases are

1. LinOp: F'is calledLinOpif P can be expressed as a linear combination of the empiricaibuis
tions. Choosing either KL-distance @ norm as the divergence measure in Equation 1 leads to
this solution for the consensus distribution.

2. LogOp: F' is calledLogOpif P is the weighted geometric mean of the empirical distrigio
under consideration. Choice of reverse KL-distance (seer€it)) leads to LogOp as the consensus
distribution.

Having a closed form solution allows us to directly evaluhtedifferent divergence measures via the
desiderata stated earlier. First, we observe that LinOgfieatunanimity, — for any fixes, if P,(s) = cfor
all i, thenP(S = s) = ¢ and boundedness — for everymin; P;(s) < P(s) < max; P;(s) which follows
easily by its definition. LinOp also satisfies a strong monatity property: suppose expertchanges his
opinion F; to (Q; and suppose that all other experts’ opinions are unchargsad? and( be the LinOp
solutions before and aftef’s opinion has changed. Then for everyQ(s) > P(s) (respectively<, =) if
and only ifQ;(s) > P,(s) (respectively<,=).

For the pooling operators arising from other divergendes, possible to construct easy counterex-
amples showing that none of them satisfy unanimity or bodndss. However, they all satisfy a weak
form of monotonicity. This is shown below for the case whea divergence measure I3,. For other
divergence measures, a similar result can be shown usirgathe technique.

Theorem 3. Suppose exper; changes his opiniorﬁ- to @Z such thatﬁi(s) < @i(s), for somes, while
E—(s’) > C/Q\i(s') for everys’ # s.* Suppose that all the other experts’ opinions are unchan@djij =P
forall j # «. If P and( are the solutions using., as a divergence before and after expgf$ opinion
has changed, the@(s) > P(s).

Proof. Define P(x) = (32, [P;(x)]), andQ(x) = (3,[Qi(x)])"/", for all 2. SinceP;(s) < Qi(s), we
haveQ(s) = P(s) + ¢,, for somee, > 0. Similarly, for everys’ # s we haveP;(s') > Q;(s') implying

4A dual situation is when the opinion fardecreases while the opinion for the remainifig# s is non-increasing, which
can be handled similarly.
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Figure 2: Bayesian network for Generalized opinion pooling.

Q(s') = P(s') — e, for somee, > 0. Moreovery, is strictly greater thaf for at least one’ s because
P,(s) < Qy(s) implies thatP,(s') > Q;(s') for at least one’ + s. Therefore ey > 0.

From Table 1, we note thdt(z) = P(z)/Z andQ(z) = Q(z)/Z’, for all z, whereZ = Yo P(z)
andZ' = >, @(x) denote the normalization constants f8rand (), respectively, From the previous
paragraph, it follows that’ = Z + ¢, — >, €. Now, sinceZ = 3, P(z) > P(s), we have

@(s) ]3(3) + €5 ]5(3) + € 13(3)
A Z—l—es—zs,#ses/ Z + €

4 A Model Based Solution to Generalized Opinion Pooling

The previous section presented a divergence minimizataondwork for opinion pooling together with an
analysis of the conditions under which the various destdeaee satisfied. In this section, the framework
is extended to the GOP problem. Recall that the solution t&3®® problem is a single distributiaf
such that the consensus opinion for every characteristiccaary topic can be obtained as a conditional
probability distribution, subject to the constraints inspd by the DM. LetP denote the feasible set of
solutions such that constraints imposed by the DM are sadisfFor each expet;, let P, denote the
distribution P conditioned on the topic and the characteristic of that exgda other words, if the topic
and characteristic of; aret; andC; respectively, the®;(s) = P(s|T = t;,C;). A natural generalization
of the optimization approach considered for conventiopation pooling (Equation 1) is that the empirical
distribution P; of experte; be close to the distributioR;, for eachi:

minimize} " w;D(P,,P)  suchthat Pe7P )

We now address whether this solutions to the GOP problersfigstihe desiderata described in Sec-
tion 2.1. We will show that under suitable conditions, indi¢kee minimization problem of Equation 2
satisfies unanimity, boundedness and monotonicity. Fogirove a monotonicity result fab.,, we con-
sider the following setup where we have two sets of empidgsttibutions as inputs to the minimization
problem of Equation 2. We show that the difference betweeriwio empirical distributions is positively
correlated with the difference between their correspapdimima.



Lemma 4. Let ]31, e ,]3”, and@l, e @n be two sets of empirical distributions and suppdésand @)
are the corresponding distributions, obtained by solvingé&ion 2 using the divergende,. Then,

Z > [(Pi(s)” = (Qi(s)] - [(Pals)' ™ = (Qi(s)' 7] 2 0.

Proof. Let D = D.. SinceP is a minima forl31, . ,Z3n, we haveZ,D(ﬁi,Pi) < ZiD(:,Qi) and
> D(Qi, Qi) <. D(Q, P;). Adding the two equations gives,, D(F;, P;) + D(Q;, Qi) — D(P;, Q;) —
D(Q;, P;) < 0. Substituting the definition ab proves the theorem. O

Theorem 5. Suppose expett; changes his opinionﬁ» to @Z such thatP; #+ @z and all other experts’
opinions are unchanged i.€); = P; for j # i. Let P and() be the solution obtained vil, before and
after experte;'s opinion has changed. Let = {s : Q;(s) > P(s)} and B = {s : Qi(s) < P(s)} Then,
either for at least one € A we have));(s) > Pi(s), or for at least ones € B we have));(s) < Pi(s).

Proof. Note that the setd and B are nhonempty becauge + @l Suppose the theorem does not hold i.e.
Qi(s) < Py(s) forall s € AandQ;(s) > P;(s) forall s € B. It follows that the LHS of the inequality of
Lemma 4 is strictly negative—a contradiction. O

For unanimity and boundedness we have the following refaultivergenceD k1, which assumes that
class of distribution® satisfies certain conditions.

Theorem 6. Let P be the distribution obtained by solving Equation 2 Vig:;. Then it satisfies the
following conditions: (1) Unanimity: For any fixed, if Pi(s) = ¢ for all i, then P,(S = s) = «c.
(2) Boundedness: For evesymin; P;(s) < P;(s) < max; P;(s).

Proof. We provide a constructive proof for the above theorem. Iwghthat under certain existential
conditions, unanimity condition is satisfied when the KLiaige is used as the divergence measure.
Define P’ such thatvi, P/(s) = cand Vs’ # s; P/(s') = %H(s’). We assume’;(s) # 1 as
otherwise the original KL divergence would be infinity whBis) = 1 andc # 1.
Now if P’ € P (this is the existential condition) then one can S@WDKL(E, P)>>". DKL(E, P)).
This proves the unanimity condition. A similar argument barused to prove the boundedness resdt.

5 Bayesian Network Aggregation

The details of the statistical model describiRg in equation 2, was conveniently ignored in the previous
section. Recall from the previous section that the distigoubf interest is the joint distribution over the
random variables. Moreover, the constraints of the DM,es@nted as conditional dependency between
the random variables, must also be modeled. A convenien¢septation is a Bayesian Network (BN)
that captures, intuitively, the essential aspects of tldblpm. By varying the conditional independence
relationships modeled and by the incorporation of hiddematées, the BN allows for a rich class of
constraints that DM would like to impose. Once the paramnsetérthe BN are learned it can then be
gueried by the DM to obtain aggregated opinions of interékiwever, the complexity of the problem
(learning and inference) will depend on the particular cbaf network structure.



5.1 Description Of the Model

We illustrate the Bayesian network approach using a sim@engke. Assume that the DM is interested
in opinions about laptops expressed at multiple sourcesrefbre, the topid’ equals laptops, and the
characteristic includes the dimension souttghich takes on valueg € G. To adequately explain the
power of the BN we will assume another dimension, Speed (psmtespeed)” which takes on values
f € F. User ratings can be interpreted as empirical distribstiB(s|¢, g, f). A BN instantiation of this
example, given below, sheds more light on the learning prabl The dependency structure of the BN
is assumed to be defined by a domain expert and representsribgaints of the underlying problem.
Figure 3(a) shows the BN under consideratioBesides the dimensions, togdi sourceG and speed
F there are latent variable$ and B which capture the behavioral similarities exhibited by plagions
across the different characteristics while tackling spars

Let © denote the set of all parameters of the network i.e. the (tondl) probability tables associated
with all the nodes of the network. It is assumed that the fudities P(G|©) and P(F|©) (the prior
probabilities for the individual characteristics) are Wwmoe.g., a simple estimate is the percentage of data
available for each of these variables. The remaining paierare to be learned using available empirical
distributions. These empirical distributions are ovemagms for different topics conditioned on different
dimensions. In particular, assume that the following erogirdistributions were observedA?(S|t, 9i, [i)
fori = 1,..., N whereN being the number of experts (empirical distributions obse) and(g;, f;) be
their corresponding characteristics. The parameterilegproblem for the Bayesian network can be cast
as the following optimization problem.

0= argéninz Dk r(P(SIt, gi, f:), P(S|t, gi, £, ©))

such that P(S|t, g;, fi,0) = ZP(S|a, b,t,0)P(algi;, ©)P(b|fi,©) (3)
a,b
Simply stated this objective function attempts to minintize divergence between the learned conditional
probability distribution and the observed conditionallgability distribution. Since the parameters of the
BN are estimated from available empirical distributions @bgective function above is different from the
usual maximum likelihood (ML) learning of Bayesian networkiwever, an EM algorithm [1] can still
be derived to obtain the estimatesf
Expanding equation 3 and ignoring the constant term thenigaition problem is given as

© = argmax Zp(s|ta i fz) IOgP(S’t, 9, fia 9)
©  Ts5i

The E-M algorithm for the above objective function can nownréten. Let©, denote the estimates
of © at thek-th step of the algorithm. We have —

E Step: ComputeQ(a, b|S, t, g;, fi) = P(a,b|S,t, g;, fi, Ok)
M Step: Maximize Z Q(CL, b|57 ta i fl)P(S‘ta i, fz) 10g P(S|CL, ba tv G)P(a‘gu @)P(b|f27 6)
S,t,i,a,b
Imposing appropriate constraints leads to the followindaip equation
> P(a,b]S.t, g, fi, Ox)P(S|t, 9i, i)
ZS Zz P(CL, b‘Sa tv.gia fia @k)P(S|ta i, fz)
The update equations for other parameters can be obtairsgdiiar fashion.

P(S|t,a,b,0541) =

5The analysis of model-based approaches to opinion pooliegepted in Section 4 do not depend on the structure of the
BN.



6 EXxperiments

In this section we describe some experiments to validateagipgoach presented in this paper. There
are two main tasks that one intends to solve by opinion pgolifreporting” and "analysis” of data.

In practice the obtained opinions - in the form of empiricedtigbutions - is often sparse (the space of
possible set of characteristics is huge and we may not haeefalaall possible combinations) and that

makes the use of model based approach both necessary amdtingg The evaluation of the presented

approach is primarily divided into two categories a) rohass to data sparsity, b) ability of the model to

capture behavioral similarities across dimensions. We gggults of experiments on both synthetic data —
as it provides a more controlled environment allowing foitérestudy, and on real data — using opinions
gathered from the Web. The model is validated against LinOp.

6.1 Synthetic Data

The BN model from which data was sampled is a joint distributwer 4 random variablesS, A, G, T'}
with the factorization?(S, A,G,T) = P(T)P(G)P(A|G)P(S|A,T). The synthetic data was generated
for a single topic 1) from 10 geographical locations - i.e(7) can take on one of 10 different values.
The opinion of the topic is represented by random varigblghich also (confusingly) can take on 10
different values [ — 10). The data was generated to reflect three hidden behavitirsisiic, pessimistic
and unbiased. For optimistic behavior there is a greatdygioitity mass over higher values of the opinion
while the converse is true for pessimistic behavior. A umifly distributed probability mass reflects an
unbiased behavior. Fig. 3(a) shows the distribution of thledviors from which the synthetic data was
sampled. A total of 10 experts were assumed (i.e., a totaDaipinions) - one from each geographical
location. Moreover, each geographical location is assediavith one of the behaviors. Specifically,
three geographical regions were assumed to have an optiétavior, 3 regions pessimistic and the
remaining 4 unbiased. For each expert, a 1000 data poiatsgi1l000 opinion values) were sampled from
the appropriate behavior (based on geography). The erajpdistribution of these 1000 points was taken
to be the expert’s opinion.

Learning was accomplished using the EM algorithm (c.f. ®act5 with all parameters initialized
randomly. To test the sensitivity of the algorithm (agaimtrfitting) the latent variablel was run with
a cardinality of4 ( recall that the ground truth has cardinaltythe distinct behaviors). Fig. 3(b) shows
the learned mixture coefficien8(a|g). Note that the algorithm did learn the existence of threenmai
behaviors indicated by overlap between the class 3 and 4eotigiht side. Upon examinatiafR(S|a = 3)
andP(S|a = 4) (not shown in interest of space) were found to be very similar

To test robustness to sparsity, opinions (empirical distion) were generated for 2 distinct topics (1
& 2), 10 geographical locations and identical behavior sasthe one in previous setting). The learning
algorithm was allowed only a portion of the opinions for paeder estimation. Specifically, for Topic 1,
opinions from all geographic locations were used, whileTiopic 2, from only 5 geographical locations
were used. Fig. 3(c) shows the learned distributions ofiopitaveraged over all locations) for each of the
two topics. Note that for Topic 1 the results of LinOp and mdaesed approach are identical. However,
for Topic 2 there is a difference in performance betweenwteapproaches. The model-based approach
generalizes significantly better than LinOp. This is evideom the resulting distribution for the model
based approach being closer to the one of Topic 1 (whose loehsidentical to Topic 2).
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Table 1: Prediction of queries not present in the training set.

Query | Source | Brand| Model | Speed | P(S|Query) | P(S|Query)
Query 1| Epinions| HP 266MHz [0.90.1] [0.89 0.11]
Query 2| ZDnet | Sony | Vaio | 667MHz [0.80.2] [0.81 0.19]
6.2 Real Data

The second set of experiments was conducted on the realategisting of opinions about differelaptops
collected from several sources on the Web nar&glyions, Cnet, ZDnet, and Cia&ach laptop in reality

is described by several dimensions (possibly tens). To rttekexperiments manageable only company
name, model and processor speed are considered here. Aft@tE80 opinionsP(-), with 108 distinct
characteristics, were collected from the different sosirCEhe structure of the BN was chosen based on
expert knowledge (details omitted in the interest of space)

Each opinion is expressed as a rating over a scale of eitbesrlt-7. These ratings were converted
into a distribution over the spadéigh and Low assuming the following simple probability model. Each
rating was converted into a corresponding percentage.i3mserpreted as the probability that a random
reader will classify the corresponding review dsgh. Note that more complicated probability models
can be used to convert ratings into more complex probaligiributions.

To evaluate model robustness to data sparsity, the datasetimided into 70-30 training/test split.
For each characteristic ground truth was defined by applyin@p over all opinions (ignoring the split)
sharing this characteristic. The BN was learned ugitg of the data. For comparison a LinOp based
consensus opinion was obtained for each characteristig wise appropriate opinions from the training
split. The average KL distance between the ground truth andefrbased approach wa$302 whereas
the KL distance between ground truth and LinOp wagl39. The average was taken over all possible
values of characteristics. This suggests that indeed thenéormation to be learnt from other opinions
while providing an aggregate opinion.

Sometimes the queries of the DM may involve characterifpicg/hich opinions may not be available
in the training set. To test the predictive ability of the rebthe BN was tested on opinions that do not
contain characteristics in the training set. Note that lpr@nnot provide an answer in such cases. Table 1
shows the results of this experiment.



Table 2: KL divergence between all pairs f( A|Source).

Epinions| Cnet | ZDnet | Caio

Epinions - 0.3425| 0.4030| 0.466
Cnet - - 0.111 | 0.3757
ZDnet - - - 0.0867

Table 2 shows the symmetric versfoof KL-divergences between all pairs &f(A|Source). The
divergence between sources Caio and ZDnet is the lowest -hagdite both based out of UK while the
remaining two operate out of US. This interesting, albe#aotal, observation might be interpreted as
sources exhibiting behavioral similarities.

7  Summary

In this paper we introduced a generalized opinion pooliagiwork for synthesizing unstructured data,
with an application to business intelligence reportinge dpinion pooling problem is cast in the form of a
constrained divergence minimization problem. In conttasonventional opinion pooling where a single
consensus opinion is sought from a collection of expertiops) our framework allows the consensus
opinion to take into account varying characteristics of ¢éxperts. The degree to which the differing
characteristics are taken into account can be controlletthéyonstraints. Under reasonable conditions
several desiderata are satisfied. The constraint can benmepited by some statistical models, such as
Bayesian networks. We explain the training of such netwardsfempirical data. Finally, we presented
experiments validating our approach using both synthetia end real data.
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