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Abstract

Following the availability of huge amounts of uncertain data, coming from
diverse ranges of applications such as sensors, machine learnimgiog ap-
proaches, information extraction and integration, etc. in recent yearsjave
seen a revival of interests in probabilistic databases. Queries overdhtshases
result in probabilistic answers. As the process of arriving at theseeasss based
on the underlying stored uncertain data, we argue that from the stahdp@in
end user, it is helpful for such a system to give an explanation on hawnies at
an answer and on which uncertainty assumptions the derived answased.bin
this way, the user with his/her own knowledge can decide how much cooéde
place in this probabilistic answer.

The aim of this paper is to design such an answer explanation modebiwor pr
abilistic database queries. We report our design principles and showetheds
to compute the answer explanations. One of the main contributions of alglmo
is that it fills the gap between giving only the answer probability, and givieg th
full derivation. Furthermore, we show how to balance verifiability andigrice of
explanation components through the concept of verifiable views. Thevime of
the model and its computational efficiency are demonstrated througktemsee
performance study.

1 Introduction

Since the pioneering work of Cavallo and Pittareli [4] resban probabilistic databases
has focussed on delivering a general method for managirgriaie data. The first mo-
tivations for probabilistic databases were storing réliighof suppliers and statistics
about customers. Nowadays, the availability of uncertaitadtoming from diverse
ranges of applications, such as sensors, machine learningning approaches, in-
formation extraction and integration has increased enostyo This, together with



advances in query processing, has led to a recent revivatexeist in applying proba-
bilistic datamanagement systems [15].

Research in probabilistic databases has produced frughullts, such as proba-
bilistic relational algebra [7] and probabilistic querysarering [15, 5], and recently
the first implemented systems [11, 1] started to appear.cBigia probabilistic rela-
tional database accommodates a set of relations, whosstang assigned probabilistic
weights, indicating the probability that the tuple belotgthe corresponding relation.
Queries over probabilistic databases will lead to prolisthilanswers, reflecting the
underlying uncertainty of tuples in their weights. An itemifg in the answer to a
query is no longer a boolean value, but a probabilistic event

Due to the lack of answer explanations and black-box styleshgengines in the
present-day probabilistic database systems, an inherehntep remains in the field.
Because the query engine works with uncertain data, whadgapility assumptions
may be wrong in certain circumstances for certain userggttoened query result may
contain incorrect answers, making the system questioraigl@einacceptable by its end
users.

As an example, suppose an information integrator poputatelsitionHASSTUDENT
(groupname, student) with two tuples: Utrecht, Harold) of probability 80% and
(Utrecht, Sander) of probability 20%. When a user asks fah& names of the groups
where Harold studies and not Santlethe query result will include answeltrecht
with the probability 80%*(100-20%)=64%. However, if thisar is completely sure
that Sander does work iitrecht, Utrecht is apparently a wrong answer.

To resolve this problem, user’s interaction with the sysiemmust. It is desirable
for the query system to open the black box and explain to tke husw it arrives at a
query result, and which uncertainty assumptions (prolies) form the basis of the
the derived query result, so that the user can decide how rwdidence to place in
the answer based on his or her own knowledge. A first stepsrditection is the work
on lineage in probabilistic databases [2]. Neverthelestita readers may argue that
the way of presenting all the base assumptions in the dagabksed to resulting tuples
may not be practical and user-friendly, particularly iuations where the user has (or
wants) limited amount of time to examine the result, and théeulying uncertainty
assumptions are overwhelming. In other words, the answaaeations provided by
the system must bmonciseandvital enough, so that users can quickly and easily justify
the query answer based on their own knowledge.

To fill the gap between giving only one answer probabilityop-explanation’),
and giving the full answer derivation proce$sver-explanation’), this paper presents
an answer explanation model for probabilistic databaseiegie

The remainder of the paper is organized as follows. Firstrevew some closely
related work on answer explanation in Section 2. The dedigm answer explanation
model for probabilistic database queries is detailed irti&e8. We show the ways to
compute an answer explanation in Section 4 and study therpeaihce in Section 5.
We address some challenges induced by answer explanatiarzoanlude the paper in
Section 6.



2 Related Work

Work on explanation of answers stems from the field of logit.the area of infor-
mation systems, explanation takes two roles. The systdmrgirovides knowledge
and explanations necessary for the user to carry out hisrdasle, or alternatively the
system carries out some action and then explains the neetkasdn for the action
that the system itself has taken to the user [9]. As a resustmof the explanation
facilities were offered by those expert systems that uskdbvased reasoning to arrive
at conclusions. MYCIN [3] is one of the most exemplary syses@amples. It outlined
five specific reasons for an explanation from an expert sygterspective, namely,
understanding, debugging, education, acceptance, aadgston, and provided expla-
nations by translating traces of rules followed from LISFEmylish. It implemented
several explanation options, of which the two most impdrtares were: why the ex-
pert system asked the user a certain question, and how ttersgeduced a certain
conclusion.

In the area of recommender systems [16], explanation mérharwere also ex-
ploited to achieve the following five main targets: Trangpay - explaining how the
system works; Scrutability - allowing users to tell the systit is wrong; Trust - in-
crease users’ confidence in the system; Effectiveness ukels make good decisions;
Persuasiveness - convince users to try or buy the recommiéiedes; Efficiency - help
users make decisions faster; Satisfaction - increase #edaisability or enjoyment
[16].

In addition, there have also been considerable studiesogaition, psychology,
and philosophy of questioning and question answering withdns and how it can be
applied to human-computer interaction [10, 8]. Johnson Jotthson [9] researched
into the components of a unified theory of explanation antbpered empirical exper-
iments to help determine the logical components of an exiam.

In the database field, answer explanations are traditipcalhcerned with query
plans and path selections. The purposes are mainly to typlieajons to take advan-
tage of indices, instead of explaining why an answer wagmetl Recently, we see
some interesting work done in the Trio system [11] on thedgeof an answer. Fur-
thermore, the work on ordering the attributes of query te46] can also be regarded
more or less related to explanation, since the proposedaaidtin determining which
attributes to show relates to the attributes that can bgsaiexthe score or rank for a
tuple.

3 An Answer Explanation Model for Probabilistic Database
Queries
In this section, we first discuss the general priciples thiiénce the design of our

answer explanation model, and then present the designedlrapdn probabilistic
databases.



3.1 Design Principles

Building an explanation facility can benefit systems andagevarious ways, as de-
scribed in the related work. The role of explanations deiesthe appropriate ex-
planation model and associated quality measurement. Ampilistic systems work
with probabilistic assumptions to derive probabilisticaers, both of which could be
wrong, the explanation facility to be investigated in thigdy is thus aiming ajus-
tification. This bears most similarity tanderstandinganddebuggingirom an expert
system perspective, as well s&rutabilityfrom a recommender system perspective.

Considering that a user usually is more likely to recognizstakes in basic as-
sumptions leading to an answer, than mistakes in the anssef; by revealing pos-
sibly wrong or correct assumptions used in answer derivatiee system can let the
user, based on his or her knowledge about these assumpmtamide how much confi-
dence to place in the final derived probabilistic answersExplanation can also help
enforce the acceptance of the system, since if the user stades why an answer is
wrong, s/he would not question much about the behavior o§yiseem.

For our purpose of justification, we defined the followingfaonsiderations dur-
ing the design of our answer explanation model for probstiilidatabase queries.

1. Verifiability. In response to the justification requirement, the contehénaeex-
planation provided must be verifiable by the users.

2. Concision. From a user’s viewpoint, a long list of explanation contentsan
answer is normally undesirable and overwhelming, pamitylwhen the user
has limited amount of time to examine the query result. Tioeee the expla-
nation provided must be concise enough, standing in bettesetnaditional no-
explanation and over-explanation.

3. Influenceability.Closely related to the above concision requirement, théaexp
nation contents offered must have the greatest influence tigpanswer. That
is, if these contents are changed, there is a high chanc¢hthanswer will be
affected and changed accordingly. There is no use to exptairething whose
change makes no difference for the answer.

4. Doubt. The contents of an explanation preferably exhibit a cedairee of un-
certainty. In other words, there is a relatively high chathes these contents may
be wrong under certain circumstances. It makes no senselairxsomething
to the user, while the system is pretty sure about its coresst

3.2 A Brief Review of Probabilistic Databases

In the literature, there exist two approaches for dealing wuerying in a probabilistic
database, namely, based@iensional semanti@ndintentional semantics

The extensional semantics approach is to modify the opwratiothe algebra to
compute probabilities. The problem of this approach isitighores most correlations
between intermediate results and may give different resiglpending on the query plan

[5].



The above problems are circumvented by the intentional sgosaapproach, which
keeps track of the basic probabilities that contribute terved fact and determine the
probability of this derived result [7]. The basis of an irtienal probabilistic relational
data model is to view each tuple as a probabilistic eventdfevent is true, the tuple
belongs to the relation, and otherwise not.

Furthermore, there is a distinction betwdeasic evenaandcomplex eventBasic
events are atomic events that do not depend on other evelms. probabilities (i.e.,
assumptions) are stored in the database. Relations thattefdes with basic events
are called base relations. Tuples in these base relatiercaliedbase tuples

From base relations, further relations can be derived bynseérelational oper-
ators. These derived relations are also called views indlational database field. A
relational view contains derived view tuples, each of whiolresponds to a complex
event. Here, views can be either virtual or materializedrotigh the basic events,
probabilities of complex events can be computed.eXant expressiocan be either a
basic event or a complex event.

The intentional semantics approach is sometimes consldi@gractical, since the
number of event expressions can become very large and atihguprobabilities of the
event expressions is an NP-complete problem. However, sff@etive optimization
techniques have already been developed, such as explaitiependency between
parts of the computation as suggested by Das Safnsd [13] and approximation
using Monte Carlo algorithms as suggested by Dalvi and J6¢iu

In this paper, we base our work on the well-established titeal probabilistic
data model and its probabilistic relational algebra, amthiced by Fuhr and Rolleke
[7]. Limited by space, we will not describe in detail the geielerivation procedure
from relational operators (SQL queries) to event expressibor the exact details, we
point to the work of Fuhr and Rolleke [7].

3.3 The Model

The answer to a probabilistic database query contains eflisise (or derived) tuples
originating from the base relations. Each resulting tuplatiached with a probability,
computed based on the probabilities of the base tuples.

It is common that a user can more easily recognize mistakaaderlying mean-
ingful assumptions that lead to an answer than mistakeseiratiswer itself. In this
study, we assume that a user is more likely to verify the tofitnbase tuple or a mean-
ingful view tuple than that of a derived answer. For the vieplés, we consider only
views that are explicitly defined by the user as being velliab

Furthermore, suppose that each such tuple is equally uadeeble. Following the
concision and influenceability considerations, the stilend the relationship between
an explanation and an answer should be maximal. For examplerfect tuple given
as explanation should be true if the answer is true, and fiatise answer is false.

Hence, we choose the base/view tuple which has the moshextiarelationwith
the answer as the explanation content. We measure theat@mnebetween an answer
tuple A and a base/view tupl& as follows.



Corr(A,T)=P(AANT)— P(A)« P(T) 1)

whereP(A) and P(T) are the probabilities of tupld and 7. The correlation is most
extreme wherll” and A are either identical or opposit€orr(A, T) = 0 implies that
A andT are independentCorr(A, T) > 0 implies that4 and T are positively corre-
lated, meaning that an increase in the probability of eittiémem will also increase the
probability of the other. SimilarlyCorr(A4, T) < 0 implies that they are negatively
correlated.

One might argue that even if a highly correlated tuple is \yrandoes not imply
that the answer is definitely wrong (this happens only folgwghereP(AA—T) = 0).
However, the tuples possessing the most extreme cornmelaiib the answer enforce
the most influence.

Another validation for using the correlation is that theléupwith the most extreme
correlation “improves the probability” the most. We defite fprobability improve-
mentasP(T)-(P(A|T)—P(A))+P(—T)-(P(A)—P(A|-T)). Inwords; either the
tuple is true or false. If the tuple is true, the confidencenges withP(A|T') — P(A).

If the tuple is false, the confidence changes witpd) — P(A|~T). Since the user
can verify whether the tuple is true or false and if we supphse evidences are
not conflicting (which is the best we can do), the probabitymproved with either
P(A|T)—P(A)or P(A)— P(A|-T), to the actual value which iB(Alall evidenceg.
We can show that the probability improvement is equal to twes the correlation as
can be seen in the following derivation:

P(T)- (P(A|T) — P(4))
+ P(=T) - (P(4) — P(A|=T))
P(AAT)

= P(T) (=5

- P(4))

+P(-T) - (P(4) - L

—HAAﬂ P(A)P(
P(A)P(-T) - P
—HAAn P(A)P(
P(A) (1= P(T
—PMAﬂ P(A)P(
P(4) — P(A)P(
:mAAﬂ—me(
+ —P(A)P(T) + P(AA

= 2. (P(AAT) - P(A)P(T)

Let'’s take a different angle to explicate why correlatioredtly addresses our con-



siderations on doubt of the tuple and influenceability:

Corr(A, T)=P(AANT)— P(A)P(T)

=—P(A)P(T)+P(ANT)

— P(A) — P(A)P(T) — P(A) + P(A A T)

= P(4) x (1 - P(T)) = (P(4) — P(AA T))
(A)* P(~T)— P(AN-T)

P(A/\ﬂT))

P(=T)
(=T)(P(A) = P(A]=T)) )

which is the multiplication of the doubt about the tuple, &nelinfluence the tuple has
on the answer.

In summary, our answer explanation model for probabilidatabase queries is
defined as follows.

Definition 3.1 Let.A denote an answer, containing a list of resulting tuples \pitiib-
abilities, i.e., A = ((A1, F1, P(A1)), ..., (An, E,, P(Ay))). WhereE; is the
event expression for the derivation of answer tupleaccording to the PRA-approach
[7]. The explanation for answer.A is a list of explanations for the result tuples,
ie,T(A) = (v(41, E1, P(Ay)), ..., v(An, En, P(Ay,))). Each explanation com-
ponenty(A4;, E,, P(4;)) (1 < i < n) is for a resulting tuple4; in A, equal to
(T;, Corr(A;, T;)), where T; is a base (view) tuple related td; satisfying7; =
argmaxp |Corr(A;, T)| O

3.4 Examples

To illustrate, we provide several answer explanation exasip a few representative
queries. Table 1 is a small probabilistic database with 2 akations, where the
probabilities of the base tuples are assumed to be independe

Example 3.1 A query “look for the group where both Sander and Harold aredgt
ing” leads to the answer:
Result | Complex Event Probability
Utrecht | HS(UT,HA)A HS(UT,SA)| 0.8*0.2=0.16
Intuitively, both tuples indicating that Sander and Haratlidy at Utrecht are
equally important for the result, since in case that eithan&er or Harold does not
study at Utrecht, this answer will not be returned. HoweYer, a conjunctive ex-
pression, the most influential one which could invalidate #mswer is HS(UT,SA),
the most uncertain one. This is evidenced from the cormatvhich is for Harold
P(—=HS(UT,HA) - (P(Utrecht) — P(Utrecht|-HS(UT, HA))) = 0.2-(0.16 —0.0) =
0.032, and for SandeP (—HS(UT,SA)-( P( Utrecht)— P( Utrecht|-HS(UT, SA))) =
0.8-(0.16 — 0.0) = 0.128. i

Example 3.2 A query “look for the group where either Sander or Harold iadying”
has the answer:



Basic Event| Pr. HASSTUDENT Basic Event| Pr. SUPERVISE

(groupname, student) (student, prof)
HS(UT,HA) | 0.8 (Utrecht, Harold) SU(HA,LI) | 1.0 | (Harold, Linda)
HS(UT,SA) | 0.2 (Utrecht, Sander) SU(SA,LI) | 1.0 | (Sander, Linda)
HS(UT,PA) | 0.6 (Utrecht, Pavel) SU(PA,LI) | 1.0 (Pavel, Linda)
HS(EI,PE) | 0.5 (Eiland, Peter) SU(PE,HE) | 1.0 (Peter, Henk)
HS(EILPU) | 0.8 (Eiland, Paul) SU(PU,HE) | 1.0 (Paul, Henk)

(a) Employ relation (b) Supervise relation
Basic Event | Pr. AWARD

(person, award)
AW(LI,AC) 0.9 | (Linda, ACM Fellow)
AW(LI,AS) 0.5 | (Linda, ACM Senior)
AW(HE,AX) | 0.7 (Henk, Award X)

(c) Award relation

Table 1: A small probabilistic database with 3 base relation

Result | Complex Event Probability

Utrecht | HS(UT,HA) (0.8 +0.2)

VHS(UT,SA) -(0.8*0.2)=0.84
The basic event HS(UT,HA) enforces a more influenceableupbs the result

than HS(UT,SA) in the disjunctive event expression, sfridarbld did not study at the

Utrecht, it says more about the system being false than ifi&agid not study at the

Utrecht. The correlations ar€orr( Utrecht, HS(UT,HA) = 0.64 and Corr( Utrecht, HS(UT,SA) =

0.04 O

Example 3.3 A query “look for the group where Harold is studying but notvie#

leads to the answer:
Result | Complex Event Probability

Utrecht | HS(UT,HA) 0.8 *(1-0.6) =0.32
A-HS(UT,PA)
The correlations are for HS(UT,HA).064, and for HS(UT,PA}-0.112. The abso-
lute value forCorr( Utrecht, HS(UT,PA) is the highest, so the explanation will focus
on—HS(UT, PA). Thatis, if HS(UT, PA) is wrong, the result tends to be correct
with high probability. ]

Example 3.4 A more complicated query “look for the database groups widizhtain
members that are supervised by an ACM fellow” will return arswaer:
Result | Complex Event Probability
Utrecht | AW(LI,ACK 0.9
((HS(UT,HA)A SUHALL) | (1 — (0.2
V(HS(UT,SAN SU(SALI) | -0.8-0.4))
V(HS(UT,PAA SUPALLI)) | = 0.8424
As tuples of the&d UPERVISE-relation are certain, their correlation with the an-
swer isO and they are not relevant for our explanation approach. Foe bther rel-
evant base tuples in the database the correlations@ser( Utrecht, HS(UT,HA) =
0.04608, Corr(Utrecht, HS(UT,SA) = 0.01152, Corr( Utrecht, HS(UT,PA) = 0.03456,
and Corr( Utrecht, AN(LI,AC) = 0.08424. From these results it can be seen that the




correlation of AW(LI,AC) with the answer is the highest. Blistem should therefore
explain that Linda is an ACM Fellow for the result tuple. Tingeresting part of this

example is that, in this case, the most important explandto a returned tuple is not

its direct attributes. a

Apart from incorporating base tuples into an answer exgianait is possible to
consider relevant view tuples as long as these view tupkesnare meaningful and
expressive, and thus more easily verified by users.

For example, a user may be able to verify the high-level conoga “GROUP-
SUPERVISOR” (a professor that supervises people for a gralp can derive such a
view table as:

GROUPSUP(group,prof) | Complex Event
(Utrecht,Linda) ((HS(UT,SA)A SU(SA,LI)

V(HS(UT,HA) A SU(HA,LI))
V(HS(UT,PA)A SU(PA,LI)))
(Eiland,Henk) ((HS(EI,PE)A SU(PE,HE)
V(HS(EI,PU)A SU(PU,HE))

The correlation between a view tuple and a result tuple caralmilated in a sim-
ilar way. To balance the influence, expressiveness, vdilifiakand the associated
computational complexity, it is reasonable to considehliiatse and view tuples as the
candidate explanation components.

4 Computation of an Answer Explanation

4.1 Basic Approach

Itis a challenge to compute the correlation between a badednd a result tuple, since
calculating the probability of an answer tuplg(i.e., a complex event expression) is of
exponential complexity, so does the calculatiorP¢fA A T') in E.q. (1).

To calculate the probability of an answer tuple, one can €iosivert its complex
event expression into an equivalent disjunctive normahfand then apply the follow-
ing inclusion-exclusion (IE) formula [7]:

P(A)=P(CyLV---V ()

:i:(_ni*l Y. P(CuA--AGy)

1<i<---<jis<n

For eachy, the formula picks all possible subsets lik€;1, . . ., Cj; }, each containing
number of different elements frofrC1, . . ., C,, }, and sums their probabilities together.
As base event expressions are assumed to be independeststutty, P(Cj; A --- A
Cin) = P(Cj1)*---x P(Cj,). At each iteration, the obtained total amount is affiliated
with a factor(—1)*~. Finally all the resultsi= 1. .., n) are summed together to get
P(A).



To reduce the overload due to result explanation, we profosgegrate the com-
putation of the answer probabilit(A) together with the correlation for each rel-
evant base tuplé’. Algorithm 1 details such a calculation procedure, wherés
conveyed through an event expression in a disjunctive niofome (Cy; A ... A
Ciz) V...V (Cphi1 A...N Cyy,), Whose conjunct subset SonjunctSubset =

{{01,17 ey Cl,z1}7 vy {Cn,h ceey Cn,zn}}

Algorithm 1: Calculation of P(A) and P(A) — P(A|—~T) for each related base
tuple T
input : An event expression (answet)
output: The probabilityP(A) and a dictionary storing’(4) — P(A|~T) for
each basic event expression (base tufile)
1 total_probability = 0
2 forall ConjunctSubset in CE do
3 | uniqueEE =0
4 forall conjunct € ConjunctSubset do
5 | uniqueEE = uniqueEE U conjunct

subsum = (_1)|Conjunct8ubset|—1 . HTeuniqueEE P(T)
forall T' € uniqueEE do
8 | dict =st or age_add( dict, 7' ,subsum)

9 total_probability = total_probability + subsum
10 return total_probability,dict

~N O

In the algorithm, by summing up treabsum for all subsets of conjuncts in which
a tuple appears (line 6), we get the probabilityd) — P(A|~T), which by multipli-
cation with P(—T) results in the correlation (see E.q. (2)). Functidror ageadd is
responsible for storing the (intermediate) resdt{sd) — P(A|—-T) for each relevant
base tuplel in a dictionary (line 8).

Example 4.1 Suppose we want to compute if Harold has Sander or Pavel asmna co
panion at Utrecht. This is equal to the expressidgHS(UT,HA)A HS(UT,SA) v
(HS(UT,HA)A HS(UT,PA)). In this case, we present the algorithm with the set:

{{HS(UT,HA)HS(UT,SA), {HS(UT,HA) HS(UT,PA} }
TheConjunctSubset now iterates over the following subsets:

{{HS(UT,HA) HS(UT,SA), {HS(UT,HA) HS(UT,PA}}
{{HS(UT,HA) HS(UT,PA}}, {{HS(UT,HA) HS(UT,SA) }, 0

For each subsetniqueEE is assigned the set of unique event expressions in the sub-
sets:

{HS(UT,HA) HS(UT,SA)HS(UT,PA}
{HS(UT,HA) HS(UT,PA}, {HS(UT,HA) HS(UT,SA),

10



Next, we calculate theubsum for each subset:

(71)1 - P(HS(UT,HA) - P(HS(UT,SA) - P(HS(UT,PA)
(=1)Y - (HS(UT,HA) - P(HS(UT,PA)

(=1)° - (HS(UT,HA) - P(HS(UT,SA)
0

o~ o~

Which added together results in the answer:
= —(0.8-0.2-0.6) 4+ (0.8-0.6) + (0.8-0.2) = 0.544

The difference between the initial probability of Haroldvitay Sander or Pavel as a
companion at Utrecht, and the probability of the answer ifkmew that Pavel did not
study at Utrecht P ( Companion) — P(Companion|-HS(UT,PA)) is equal to the sum
of all subsets in which Pavel appears, whicl9ig’8 — 0.096 = 0.384. And hence the
correlation between this tuple and the answe.izd84 x 0.4 = 0.1536. a

The provided algorithm can be easily modified to cater forcireelation between
the answer and a view tuple, by computing for each set of @n@munjuncts also the
view tuples it matches.

Because of the enumeration of possible conjuncts uSorgunctSubset in A, the
algorithm has an exponential time complexi®y(c - 2#%), whered is the number of
disjuncts in theA and ¢ is the average number of conjuncts for a disjunct. A naive
algorithm, that would for each tuple calcula®¢ A A T') would have an overall time
complexity of O(|uniqueEE| - ¢ - 2#4).

4.2 Optimization

The bottleneck of Algorithm 1 lies in its exponential natureomputing the probabil-
ity of a complex boolean event expression.

To optimize, we can first look at possible safe query planscivban guarantee the
correct computation of the probability. A safe plan can tealPTIME complexity for
computing the answer probability and correlations betwberanswer and base/view
tuples. However, when a safe query plan is impossible oagifide (e.g., too ineffec-
tive compared to an unsafe plan), in the database literaiuoetypes of optimization
techniques are used, i.e., exploiting independency in Ensp13], and approximation
[5, 12]. As this study focuses on exact answers, we expleitife of the independency
method, developed by Sarmaal. [13].

Take a complex queritook for the database groups which contain members that
are supervised by the person who gets some awfandExample. Here, we can identify
two independent parts of the query request, namely, whickimis supervised by
which person, and which person has which award (Figure 1).

Indentifying the independent parts is non-trivial, and teader is pointed to the
work of Sarmaet al. [13], for an approach based on lineage. In our example, iidcou
be determined that the underlying base-tuples ofttverd part and theSupervise part

11



Goodgroups

ST STy
Figure 1: Independent parts of a query

are non-overlapping, and therefore independéfit, and ST5 in Figure 1 constitutes
the two independent parts.

Exploiting the use of independent parts, we can optimizecthmputation (as
shown by [13]). First, applying the computation upon indegent parts, means that
the exponential (e.g., IE) part only has to be applied to Emsilibsets; e.g. the subtrees
and their combinations instead of the whole tree at onceutrerample, we can first
compute theSupervise part (which has 4 disjuncts in théand thus take® (2%)), and
then theAward part (2 disjuncts©(22)) instead of computing them during one time
(8 disjuncts,0(2%)). Second, we can cache the probabilities of intermediateltse
(S) from the independent subtrees. For exampld,itida also supervised members
in a another university, we do not have to recompute4herd-part for the resulting
probability.

The computation of correlation can be done similarly. Thatie not only store the
intermediate probabilities, but also the most correlatgdet together with the proba-
bility Corr(S|—T). The reason for this is that the tuple can be only correlaiati¢
answer througtb, and hence the tuple with the maximum correlation witishould
also have the maximum correlation wish

In our example, we combine the independent parts throughkithele ‘AND’ op-
erator. However, since such a combination can be arbitrapinplex, we use the IE-
formula for computing the final probability and explanat@emponent. When apply-
ing IE to the combination of the independent intermediaselte (in Algorithm 1), for
each intermediate resufit we storeP(A|-S). For example, for the intermediate result
Supervise(Linda, Utrecht), we storeP ( Goodgroup ( Utrecht)|—~Supervise( Linda, Utrecht)).

To calculate the correlation betweehand a relevant base tuplg, we can use
both the data stored per subset as well as the data stordetfiocombination. The key
observation here is that since the tuple and the answerdepémdent given eitherS
or S, we can transform the correlation formula to a formula ordpehdent orP(A),
P(A|=S), P(S), P(S|~T), andP(T), which are all stored in the system as can be
seen if we rewrite the expression f6brr (A, T') as follows:
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Corr(A, T) = P(~T)(P(A) — P(A|~T))

= p(-1)(P(4) - TANT)

“PeT) )
— p(~1)(P(4) - DANZTIS). P<S>P+(ﬁpj<1;4 A=TI=S): P(S))

and because of the independences:

A|S)- P(=T|S) - P(S)+ P(A|=S) - P(—~T|=S) - P(=S)

= p(-1)(P(4) - 1 e )

Where:

P(AlS) = =22

and

P(~T|S) =

and

P(=T A=S)
P(=5)
_ P(=T)—-P(=TAS)
B P(=5)
P(=T) - P(S|-T) - P(=T)
P(=S)
In comparison with a base tuple, a view tuple can be eithen fan independent

sub-tree like a base tuple or a combination of several sést(intermediate tuple).
For the latter, its correlation can be obtained by computingughP (A|—.5).

P(=T|-8) =

13



MOVIE(id, title,rating, year) ROMANCE(title, romance)
(M1, Shallow Grave, 7.4, 1994 (Shallow Grave, 0)
(M2, Shallow Hal, 6.1, 2001 ) (Shallow Hal, 1)
(a) Ground truth (b) Original romance relation
Event Probability | ROMANCE(id, romance)
RO(M1,RO) 0.73 (M1,1)
RO(M2,RO) 0.73 (M2,1)

(c) Generated romance relation

Table 2: Uncertain test data

5 Experiments

Two sets of experiments are conducted using Python (opiinveith psycd) on a
2.8Ghz Windows PC with 2GM RAM. The first experiment examittes behavior
of our answer explanation model upon a probabilistic datepand the second one
investigates the extra workload incurred by providing theveer explanation facility.

5.1 Experiment 1: The Behavior of the Model

1) Test Data

We take a subset of the IMDB movie databssntaining 1632 movie records,
each of which details the title, ranking, year, and romareerg of the movie. We
simulate the data uncertainty by first splitting the tablte imvo small tables. The first
table has attribute id, title, rating, and year, and the sé@me contains attribute title,
and romance genre, where value 1 indicates a romantic mawée0 otherwise. We
then integrate these two small tables by title matching. dthis, we use the tri-gram
distance and convert the distance into a posterior prababy assuming that it is
normally distributed with mean 0, and varianegleading to a match-probability of
e~ distance® /ox2 a5 described by Sen and Deshpande [14]. We further inteodoise
by assuming that titles always have a distance deviationtwikiat least one.

As a movie may be matched to multiple movies, we normalizeptiobabilities
for the romance genre per movie. This results in a targetdatof two relations.
One certain relation (Table 2a) , and one with probabilistatement about whether
the genre of a movie is romance’ (Table 2c¢).

Here, small values of lead to a certain database, while higher values ohply
more uncertain data but still having a high variance. Forrg large value ofr, the
variance drops as all movies are mapped to each other anddheljlity for them
being a romantic movie converges¥grar e iote?

2) Gain Measurement

http://psyco.sourceforge.net/
Zhttp://ww.imdb.com

14



We measure the benefit (i.e., probability gain) of buildihg answer explanation
facility as follows.

gain = (P(A|T) - P(T) + P(A'|=T) - P(~T)) — P(A)
=P(=T) - (P(A'|~T) — P(A|=T)) 3)

where A’ is the best answer if the query system knew that the mostlatetetupleT
was false.A’ can (or cannot) be equal té. In other words, the user is able to verify
the answerd based on the most correlat&4 which can be either true or false. If is
true, the user will place more confidencednBut if 7' is false, the user will favor the
answerA’.

The gain measure has the following properties. First, froendomparison of E.q.
(3) and the correlation in E.g. (2), and from the fact that tftis experiment each
tuple correlates either positively or negatively with alsaers,P(A’|—T) can never
be higher thanP(4), and therefore the gain is always bounded by the correlation
Furthermore, through the same comparison, as, in our erpatj tuples in the first
answer do not influence the second answer (unless the answer same), we can
see that, becaud®(A’|-T) is eitherP(A|-T) or P(A4"), for the maximal correlation,
also the gain is maximal.

3) Performance Results

We execute two sets of queries (disjunctive and conjunctiver the generated
probabilistic database (Table 2a, 2c) to investigate thHeawer of our explanation
model.

a) Disjunctive Queries

We first consider the disjunctive querytobk for the year after 1995 in which at
least one of the top 5 rated movies was a romantic movie. R#teryear of the highest
probability’. This query request is made up of 5 disjuncts.

Figure 2a shows the results of thraximal correlation(=P(A) — P(A)?, as stated
in Section 3.2), thecorrelation between the answer and the base/view tuple in the
explanation, and thgain under various values af.

For a year in which one or more movies were certainly romaritie answer
is always true and the correlation of base tuples with thevanss 0. Along with
the increase of, the answer gets more uncertain and the maximal correlases.
Eventually however the probabilities between the disjsibheicome more equally dis-
tributed. The correlation therefore drops and convergeslite- P.,,.) - ((1 — (1 —
pwm)#disjuncts) _ (1 _ (1 _ pwm)#disjunctsq))' whereP,,,,, is %m:§

The above query was chosen in such way that the number ohdtsjis small (i.e.,
5 disjuncts). How about increase the number of disjunctjueay request, e.glook
for the year after 1995 in which at least one of the top 15 ratemVies was romantic
movie”. Here the number of disjuncts is 15. From Figure 2b, we seeitasibehavior,
except for a much lower maximum possible correlation, dati@n for explanation,
and gain. This is because more disjuncts (15 in this casé)iloote to the probability of
answerA, resulting in a higheP(A). Accordingly, the maximal correlation X A) —
P(A)?) becomes lower. Furthermore, each of the disjuncts erdoadatively a lower
influence, leading to a lower tuple correlation bounded withHowever, when we
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Figure 3:0 versus best answer probability (+ gain).
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(a) Actual time (seconds, log-scale). (b) Relative to a system without expla-
nation.

Figure 4: # Disjuncts versus running times for calculatingbability and explanation.

shift to explain the answer via a view tuple instead of a bapket both the correlation
for explanation, as well as the gain, all increase (Figu)e Phe reason is obvious, as
a view tuple condenses a few base tuples together. As a witsoberrelation with the
answer is bounded more tightly than individual tuples.

b) Conjunctive Queries

Next, we the consider a conjunctive quenjodk for all the years in which no
romantic movie appeared in the top 5 (15) rated movies. Rahe result of the highest
probability”.

Figure 2d, 2e, and 2f exhibit a similar pattern as under tlsgudctive queries,
except that since an answer is wrong if only one of the cornguiscwrong, we get
an earlier rise in correlation when the database gets mareriain. The effects of
explainable views can be seen in Figure 2f, where we assunexg@ainable view
which contains the 5 of the Top-15 movies that were the Iéeslylto be romantic.

From the experiment, we are assured that presenting exjgasaoes help to im-
prove the confidence in query results, especially when thianee in data probabilities
is high.
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In the situations where there is either doubt about a few gomver options, or
where there is a high probability for an answer which is still absolutely sure about,
explanations can serve as a kind of support in helping usessléct the best answer
from among the answer options, or justify the answer of higibability. In these
cases, giving explanations to the user should be seriowsigidered. Furthermore,
apart from base tuples, using more meaningful and condenseduples can enable
the increase in both correlation and gain

5.2 Experiment 2: The Cost Incurred by the Model

To examine the performance loss incurred by providing angxglanations, we syn-
thetically generate the query workload as follows. Het (C1 1 A...ACi4) V...V
(Cpa A ... A Cyy) (Wheren varies from 1 to 22) be a returned answer in a normal
disjunctive form, whose probability is to be calculated,. . ., 2, = 3 in this test.

To provide an answer explanation, the most correlated hgde and view tuple is
returned based on the maximal correlation withHere, the view tuple is of the form
(Cia AN Ci2)V(Co1 A Coo)V (C51 A Cs9).

Figure 4a plots the times taken to compiite4d) with and without answer expla-
nation. The relative times of explanation methods to a systithout explanation is
shown in Figure 4b. The naive explanation curve indicatestimputing performance
without using the optimization technique described in trevjpus section. As shown,
the extra cost by adding answer explanation is small. Thieause our strategy of
integrating the probability calculation of the answer ahd explanation together in
one run.

6 Conclusion

While probabilistic databases serve as a good solution tageatie increasing amount
of uncertain data available, the answers to probabiligttaloase queries remain proba-
bilistic as well. We argue that building an answer explaatacility upon probabilistic
databases is desirable to help users decide how much caditieplace in an answer
according to their knowledge. In this study, we reviewetedént goals of explanations
in different areas, and decided a set of basic requirementsaiving answer explana-
tions upon a probabilistic database system, aiming at answtfication. Following
these requirements, we introduced an answer explanatidelrbased on the correla-
tion between an probabilistic answer to be explained an@éxipé&anation component,
balancing verifiability and concision through the introtioc of explainable view tu-
ples. We integrated the computation of both an answer arekjifanation together,
so that the extra cost incurred due to explanation is the,laasvidenced by the ex-
perimental results. Furthermore, as evidenced from theraxents, our explanation
method also lead to better query answers if a user takeséotmuat the explanation in
his/her choice.

Since answer explanation for probabilistic databaseslisastather new area of
research, many challenges remain. We think it is usefullategorize them in both
user-oriented and system oriented challenges.
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e The user sidein this paper, we chose justification as the goal for our exala
tions. This led to the use of using the most extreme cormelats an explanation
primitive. As we discussed in Section 2, explanations cdoadly serve many
other goals which may require different primitives. Furthere, for the same
goal, such as answer justification, the ideal explanationpaments could be
different for different answering methods such as rankexjvens [6]. Defining
motivated primitivedor different explanation goals is in our opinion a highly
relevant area for future research. Besides, defining pviesigoes hand-in-hand
with defining good answer presentations good explanation might be useless
if not presented adequately.

e The system siddifferent kinds of explanation primitives call for diffemekinds
of optimization techniques (e.g., answer approximatiengampute. Further-
more, primitives such as answer-feedback, might introghassibilities for pre-
computation of alternative results as well. In generakgla@e many possibilities
in using motivated primitives fobptimization of computing answer explana-
tions

We hope that we have convinced the readers of the benefit®wilprg explana-
tion, and that it might be useful to support explanation ftii@s, such as correlation,
at the system level. In this case, this research might be # step towards more
user-aware database systems.
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