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Abstract

Existing data mining algorithms on graphs look
for nodes satisfying specific properties, such as
specific notions of structural similarity or specific
measures of link-based importance. While such
analyses for predetermined properties can be ef-
fective in well-understood domains, sometimes
identifying an appropriate property for analysis
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can be a challenge, and focusing on a single prop-
erty may neglect other important aspects of the
data. In this paper, we develop a foundation for
mining the properties themselves. We present a
theoretical framework defining the space of graph
properties, a variety of mining queries enabled by
the framework, techniques to handle the enormous
size of the query space, and an experimental sys-
tem calledF-Miner that demonstrates the utility
and feasibility of property mining.

Figure 1: Graph example.

One possibility is to conclude th&rofl andProf2 are
similar because they are both pointed-tddnjiv , as in the
commonly usecto-citationmetric [21]. Analogously, we
may conclude thaStudentB and StudentC are sim-
ilar because they are both pointed-to Bgof2 . On the
other hand, we may argue th&tudentA , StudentB
and StudentC are all similar because they are pointed-
to by a node that is pointed-to byniv , as in the re-
cursive SimRankmetric introduced in 13]. Each or all
Graph analyses have been used for a variety of applicationsf these inferences may be valid, depending on the do-
to analyze interrelationships among entities. Some of thesgain and application. However, current methods require
analyses concern standard graph-theoretic properties, sugie user to fix one measure of similarity (e.g., co-citation
as the radius of the graph or embedded cliques. Other angly SimRank) and query for nodes found to be similar un-
yses yleld high-level, SUbjeCtive information about the datader this measure. |dea||y’ we would like to guery S|mp|y
For example, the web graph has been analyzed using thgr “similar” nodes and get as a result the s¢Brofl |
PageRanK20] and HITS [16] algorithms to identify web  prof2 }, {StudentB , StudentC }, and {StudentA ,
pages likely to be deemed “important” by the user. ThestydentB , StudentC } along with explanations for why
citation structure of scientific papers has been analyzed tfhey are similar. This functiona"ty is not Supported by any
find papers related to a given pap#8[15, 21]. current system we know of. It is supported ByMiner, an
These techniques have in common that they analyzgnplementation of the framework to be presented.
graph structures for predetermined properties. Although
such analyses can be very effective, coming up with a googer
property for analysis is often a challenge, especially Wheqre
little is known about the data to begin with. Moreover, by
fixing specific properties for analysis, other important as-

1 Introduction

In this paper, we develop a framework for mining “in-
esting” or “important” graph properties. Essentially, we
at the space of properties as a domain and perform data
mining on this domain. Our goal is to develop an appro-

; priate analysis for mining the space of properties, just as
pects of the data may be ignored. Thereforedpace of analyses have been developed for mining the graph data

propertiesitself should be explored. . ; o .
. : itself. An obvious challenge is in handling the enormous
As a concrete example, consider the simple case of look-: . , .
. o D . ; size of the space of properties, in which even the simplest
ing for intuitively “similar” nodes in the graph of Figurk

data mining operations seem hopelessly infeasible. We de-

This work was supported by the National Science Foundation under grarY€lOp techniques that a”()_W computational resources to be
11S-9817799 and by a Junglee Stanford Graduate Fellowship. focused on only the most important properties, allowing us
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Figure 2: A logical diagram of the property mining framework, as seen by the user.

to implement a practical mining system based on the frameA logical diagram of the framework, as seen by the user, is
work. shown in Figure. The property mining framework itself is

2

Before we can pose queries on the space of graph prop
ties, we first have to define precisely what this space is.

The main contributions of this paper are: enclosed in the dashed box. The framework enables query-

ing on properties of the input data (in our case a graph),

e A theoretical framework that defines the space offrom which a set of predicates representing basic relation-

graph properties to be queried. ships are derived. It is possible to derive predicates from
sources other than graphs, such as the less-than relationship
Several specific data mining query types enabled by a numeric data set, but for concreteness we limit our-
this framework, offering new capabilities not sup- selves in this paper to discussing predicates corresponding
ported by existing systems. to graph edges. The predicates form the basis of formulas,

) ) ) and the user’s queries posed are on the set of all formu-
Techniques for dramatically reducing the computa-jag and their extent8. Of courseF is only an abstraction
tional resources required to answer queries within theprovided to the user: in most casésvould never be mate-
framework. rialized by an implementation. We defifidormally in the

: T . . next section.
A simple and intuitive metric for calculating the “im-

portance” of properties.
2.1 The Query Space
TheF-Miner experimental system, an implementation Let G = (V, E) be a labeled directed graph, wheifeC

of the fr?”??‘”ork presented, demonstrating its u““tyv x V' x L, for an arbitrary set. of strings serving as edge
and feasibility. L . )
labels. For simplicity, we do not consider edge weights,
o although they can be added to the framework with slight
Framework for Property Mining modification. The fundamental relationships encoded in
eﬁ}je edges are building blocks for the properties we will
consider. In many domains there is an obvious canonical
representation of the data as a graph, although in some do-

e We begin with a labeled directed graph representind“ams the representation may require some consideration.

the objects and relationships in the domain we want\S @ €xample, consider the data shown in Figjnehich

to mine. Each edge represents a basic relationship pés a small fragment of a survey of members of the Stanford
tween two objects. Database Group. The obvious representation of the data

as a labeled graph is also shown in the figure. Many data
We encode properties dsrmulasin the syntax and  types can readily be modeled as a graph, including data in
semantics oDatalog [23]. Each property (formula) relational and XML format.

is composed of the basic relationshipsedicate$ in The next step is to represent properties of the domain
the domain. asformulas We use formulas in the language Data-

log [23], although arbitrary logic formulas, say of first or-

e We consider the sét of all formulas and theiextents  der logic, are also possible. Clearly, the more powerful the

the objects which satisfy the formula. Queries on thelogic, the greater the semantic and computational complex-
space of properties can be stated as querids on ity of the system. Datalog has expressive power far beyond
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Figure 3: Sample data and its graph representation.

what we can hope to support in practice. As we shall seeyhich we pose our queries. A fragmentlbfis shown in
even the very restricted subset of Datalog that we use aligure?2 as a relation. Of coursé is infinite, and is not
lows functionality well beyond what existing systems canmeant to be computed. It serves only as the logical relation
support. We will define the syntax and semantics of ourover which queries are posed.

formula language as we go along.
The constantgor objectd of the logic are the nodes in 2.2

Sample Query Types

G (i.e., objects of the domain), while predicates CorresponGrqe are many interesting data mining operations one can
to edges (i.e., relationships of the domain). We Cons'deberform oveil, and many common notions in data mining,

Datalogformulasf of the form:

f(A) =pi(ar, 1) & -+ &pr(ag, Br)

for £ > 1, wherep; € L, A is the head variable and
eachq;, 3; is either a variable or a constant (object). We
use capital letters to denote variables, lowercase letters to
denote constants, and Greek letters to denote either. Each
predicatep(«, 3) corresponds to the existence of an edge
with labelp between its two arguments: predicaie:, v),

for u,v € V, is true if and only if the edge(u, v, p)
exists inG. In the example of Figur®, the predicate
Food(Sriram, Indian) is true. A formulaf is satisfied

by thesatisfying assignment, a function that maps vari-
ables to constants, if all the predicatesfirare true when

all variablesX in f have been replaced ly X). In a for-
mula, at least one of the arguments of each predicate must
be a variable, for otherwise the predicate would have a con-
stant truth value. Two formulas that are identical except
for variables names and predicate ordering are considered
identical.

The most important aspect of a formufas its exteng
denotedE(f). It is the set of all objects for which there
exists a satisfying assignmemtsuch thata(A) = v (re-
call that A is always the head variable). Intuitively, each e
formula specifies a “property” of the domain, and the ex-
tent of the formula is the set of objects which satisfy the
property. For example, the formula

f(A) :=Advisor(B, A) &Food(B, Chinese)

encodes the property “being the advisor of someone who
likes Chinese food”, and its extent{Hector}.

We define the s = {(f,E(f)) | f is a formulg of all .
formulas and their extents as the space in the context of

such as thdrequent itemsetsomputation 8], have ana-
logues in the space of formulas. Here are some examples:

Object similarity . Two or more objects can be con-
sidered similar if they satisfy “many” formulas in
common. In contrast to previous approaches, now
similarity can be computed based on multiple aspects
(as in the example of Sectidk), with the system au-
tomatically identifying the more “important” aspects
(Sectiord).

Furthermore, similarity can bexplained Rather than
simply returning a score, the formula(s) which con-
tributed to the score can be returned as an explanation
of the results.

Finally, “find more” queries can be supported. Given a
set of objectd/ presumed to be similar in some ways,
we can query for objects similar to objectslinin the
same ways that objectsinare similar to one another.
The objects returned are those which occur frequently
in the formulas satisfied by membersiof

These features are supported in the F-Miner system
(Sectionb).

Frequent itemsets We can run drequent itemsets
computation on the set of all extents, identifying those
sets/ C V for whichU is a subset of “many” extents.
Each subsel/ represents a group of objects having “a
lot” in common. For example, in the survey data to be
discussed in Sectidp) the set of all professors may be

a frequent itemset because they all have advisees and
have written many papers.

Frequent substructures Many graph structures cor-
respond to formulas, and vice versa. We can find fre-



guent substructures in the graph by finding formulas Y .
which have large extents. For example, the formula .
FOXSports.com

F(A) —e(A, B)&e(B,C) & e(C, D) Uy .

corresponds to a path of length 3 (with edge lalegls s
If the extent of f is large, the graph contains many Vi .\. MLB.com

paths of lengtls.
. / ESPN.com

e Association rules We can look forassociation rules Vm.
of the formf — g, wheref andg are formulas
whose extents have “a lot” of overlap. The rule says Figure 4. Graph example.
that objects which satisfy also satisfyg, or at least
with a high probability. of our computational resources as possible on the most im-

portant formulas. This poses a dilemma, since one of the
goals of our mining is to identify these important formulas!
At a high level, our solution is to construct formulas
m basic building blocks callegseudopredicates We
analyze these building blocks for importance instead of an-
alyzing the actual formulas. This allows us to determine the

These are but some examples of the kinds of queries thamportance of the formulas that can be constructed from the
can be posed off. We use the examples as motivation building blocks, so that only the most important formulas
for some of the techniques we develop, but it is importanf’® ever created. Hence much of the mining actually takes
to remember that these queries are end-applications of tHdace in the space of pseudopredicates. Our approach can
framework, which itself consists only of the logical relation b€ broken into 3 steps:

F. Other queries are possible in the framework and some 1 - A set ofpseudopredicateis computed to serve as ba-
may be more application-specific. In contrast to traditional sic building blocks for formulas.

data mining, the queries here generally focus on the prop-

erties themselves, rather than the objects which satisfy the 2. Importance scores are computed for the pseudopredi-
properties. cates, identifying those from which important formu-

As a reminder, it is not possible (nor necessary) to ma-  las can be constructed.
terialize F in order to query it. Rather, once a specific
application has been determined (e.g., finding similar ob-
jects), we can solve the end-to-end problem without explic-
itly constructinglF. In this section we present steps (1) and (3). Step (2) is

presented in Sectioh

e Explanations. Given a set of object§, we can “ex-
plain” what the objects i/ have in common with
one another by considering the formulas they satisfyf
. . ) L . ro
in common. This functionality is demonstrated in F-
Miner (Sectiorb).

3. Important formulas are constructed from the pseudo-
predicates.

2.3 Challenges

) ) 3.1 Example
There are two major technical challenges to answering

queries within our framework. The first is in dealing with e motivate our approach using an example. Consider the
the enormous size of the query space. We develop tecoP half of the structure shown in Figu#e a hypothetical
niques to handle this problem in Secti@n The second fragment of the web graph. The web pages. .., u; all
challenge is in determining the “importance” of formulas. Point toFOXSports.com , so they satisfy the formula

This is a major component of property mining: just as we A) —e(A. FOXSports.com 1

look for important (interesting) objects in traditional data f(A)—el4, ports. ) @
mining, here we look for important properties. Moreover, wheree is taken to be the label of every edge in the (un-
identifying important formulas is intertwined with reduc- labeled) graphFOXSports.com in turn points to base-
ing the space considered, since we would like as much asall's MLB.com, so FOXSports.com satisfies the for-
possible to restrict ourselves to considering only the mosmula

important formulas. Computing importance of formulas is g(A) :—e(A,MLB.com) (2)
discussed in Sectioh Finally, u1, ..., us all satisfy

3 Building Blocks Approach h(A) —e(A, B) & e(B,MLB.com) 3)

The query spac# is infinite, and it is impossible to con- It seems redundant to record this fact, however, since it fol-
sider all formulas irff. Instead, we want to focus as much lows immediately from the facts that, forall 1 < i < k,



satisfies formulak) and thatFOXSports.com satisfies A head pseudopredicats a pseudopredicate whose two
formula @). More generally, for any formula satisfied by — arguments are the head variableand a set-argumerst C
FOXSports.com , eachu; points to a node that satisfies V. These pseudopredicates can be treated as 1-predicate

g. That is,u; satisfies the formula pseudoformulas. In the coming sections, we will talk about
extents of head pseudopredicates as though they were 1-
h(A) —e(A, B) & g(B) predicate pseudoformulas, and omit the “head” qualifica-

tion when the meaning is clear.
From this base set of head pseudopredicates we can
compose a large class of more complex pseudoformulas

whereg(B) is g with head variabled replaced by a variable
B not appearing already in'

Now we consider the entire Figudewhereu, ..., vm  and thus formulas, which as noted before are a subset of
all_pomt to the sports sitESPN.com. SinceESPN.com pseudoformulas. The two composition steps @gjoin-
points toMLB.com, ug, ..., u; andvy, ..., v, are all re-

ing andchaining

Conjoining two formulasf andg creates a new formula
h whose predicates are a conjunction of the predicatgs in
andg, with appropriate renaming of non-head variables to
avoid conflict. For example:

lated by their common satisfaction of formulg),(a conse-

guence of the fact that the’'s andv;’s all point to either

FOXSports.com or ESPN.com. We record this by say-
ing thatu,’s andv;’s satisfy thepseudoformula

f(A) —e(A, {FOXSports.com , ESPN.com}) f(A) = Advisor(B, A)&Food(B,Chinese)

i g(A) = Advisor(B,A)& Home(B,India)
3.2 Pseudopredicates and Pseudoformulas h(A) — Advisor(B,A)& Food(B, Chinese)
A pseudopredicatés a predicate that may have as an & Advisor(C, A) & Home(C, India)

argument a nonempty set of objects, as well as vari-

ables. It is a generalization of a regular predicate, which Chaining is a formalization of the example in Section
can be thought of as the special case when the onlg.1 of deriving formula’ from f andg. Suppose we
set-arguments of a pseudopredicate are singleton setdave a 1-predicate pseudoformyied) :—p(A4,S). Then
We have already seen one example of a pseudopredicafer any pseudoformulg whose extent is a superset 8f

in Section3.1, e(A4, {FOXSports.com ,ESPN.com}),  any object satisfyingf also satisfies the pseudoformula
which represents the property of pointing to either(A) :—p(A,B)& g(B). We say thath is the result of
FOXSports.com or ESPN.com. We define gpseudo- chaining f and g. In the general case, if appears as
formulaas a formula consisting of pseudopredicates, and set-argument irf, andS C E(g;) for some formulas
define the extent of a pseudoformyflas the set of objects 91 - - - ; gk, then we can derive a new formuteby chaining

v for which there exists a satisfying assignmefar f such  f With g1, ..., g on S, as follows:

thata(A) = v, wherea assigns each set-argumentto oneof o | et 1, be f with S replaced by a new variabl& not
its members. For example, the extent of the pseudoformula  pnpearing iny.

f(A) = (A, {FOXSports.com , ESPN.com}) e Fori =1...k, append td: all predicates ofy;, with
_ non-head variables ig; renamed so as not to conflict
is {u1, ..o, Uk, VL U with those already appearing in and with head vari-

Note that the set of formulas can be thought of as asub-  able A in g; renamed toX.
set of the set of pseudoformulas, since we can replace ea?\?ote that the resulting has an exteri(h) that is a super-
constant argumentby {v} to get a pseudoformula having o ‘ .

. set ofE(f). Moreover, ifS = E(g;) forall 1 <14 < k, then
the same semantics. Conversely, some pseudoformulas C%I(%) —E(f)
be converted to formulas: if all set-arguments of a pseudo- A Ee coﬁce t here is that an obiect-€ V. when
formula f are either singleton sets or the set of all objects y P ) =

V, then f has the same semantics as the formyiilavhich it occurs as a set-argument in a pseudoformula, represents

is a copy of f except with singleton objects replaced b the set of pseudoformulas satisfied by all members'.of
+ copy P 9 ) P y Pseudoformulas (and formulas) are thus partitioned into
their sole members, and each set-argumémeplaced by

adanglingvariable not appearing anywhere elsefin classes according to their extents. In computation, we deal
giing PP g anyw with the set of object-sets (seen as both extents and set-

arguments), with each object-set representing a class of for-
mulas. There ar@” such sets, which although large is at
We take the set dfasic building blockso be(P,E(P)), the  |east finite.
set of all head pseudopredicaiesnd their extent&(P). Through chaining and conjoining, the base set of pseu-
Techni - dopredicatesP can be used to construct more complex
echnically, we do not allow formulas within formulas, gs pred-

icates must be substituted explicitly intowith appropriate variable re- pseUdOforr_nUlaS and formulas. For a form!jl,alet G(f)
naming. be the undirected, unlabeled gragdrrespondingo f:

3.3 Chaining Pseudoformulas




e The nodes of~ are the variables and constants appear- e ComputeP;; as:
ing in f, except that all instances of a constanf iare
treated as different nodes. Py ={p(A,S)|peL,Sel}

: : : U{p(S,4)[p€L,5 €L}
e For every predicatp(a, 3) in f there is a correspond-

ing edge between andg in G, so thatp, (A, X) and

) Each successive iteration considers formulas correspond-
p2(A, X) would yield two edges betweefiand X

ing to trees one level deeper. This idea is formalized by the

Then we can state the following theorem about the formufollowing theorem.

las that can be constructed. Theorem. A formula f whose corresponding graps( f)

Theorem. If G(f) is a tree, thenf can be constructed by IS @ tree of depth at mogt from A can be constructed by
chaining and conjoining pseudoformulas, starting flm  chaining and conjoining pseudoformulas starting frém

The theorem says that we can construct all formulas corNote that the sole .formula with &(f) depth of0 is the
responding to tree structures. In general, formulas that arivial formula f(A) :—p(A, A), which we do not consider.
not tree-structured cannot be constructed; however, itis imp oot The proof is by induction on the depth ff). As

portant to note that this does not mean the input graph musf,e pase case, the set of formulas with depi exactly

be tree-structured._ A strpnger version of this theorem i%he base seP, = ;. Now assume that the theorem is true
stated and proven in SectiGm. for somek > 1, and suppose that(f) is a tree of depth

k + 1 starting fromA. Each child ofA is the root of a sub-
treeT; having depth at most. Consider those subtre&s
The sefP has sizeD(2™|L|), which, although much smaller that have depth at least(i.e., not constants and dangling
than that of the set of all formulas (which is infinite), is variables). By the inductive hypothesis, the formgl&or-

still enormous. In practice, we have to restrict ourselvegesponding to each subtrég can be constructed froi#y,

to using only a subset dP, at the cost of restricting the after we rename the root variable of each subtree (and other
set of formulas that can be constructed. Ideally, we wouldnstances in the subtree) tb(note thatd cannot appear in
use only the most important pseudopredicates as buildinthe subtree already sinGéf) is acyclic).

blocks, from which the most important formulas can be We want to show that there is a pseudopredicate
constructed. But we cannot tell which pseudopredicates arg(A, S’) € P, such thaE(p(A4, S")) C E(g;). First let us
important in advance, so we start with an initial set of pseu-assume thag; has only one head predicaig,4, «) (anal-
dopredicate®; as seed, then iteratively expand (or refine)ogous arguments can be madegéw, A)). There are two
the set of pseudopredicates included. cases:

We maintain a series of head pseudopredicates and their
extents(P;,E(F;)), fori > 1. EachP; is the set of pseudo-
predicates created on iteratigrandE( P;) is the set of their
extents. We computeP;;1,E(P;1)) from (P;,E(P;)) on

3.4 Computing a Working Subset ofP

1. «ais a constant. In this case, all other predicateg; pf
if any, are irrelevant, and(p(A4, S")) = E(g;) where
S’ ={a}, andp(4,S5’) € P; C Py.

each iteratiori 4 1. Their successive unions: 2. ais avariable. Thep(A, o) was added tg, through
P - U P chaining, of a predicate(A,S’) € P, andg], for
v ok some formulagi, ..., g;. Sinceg; is the product of
tshsi chainingp(A4, S’) with other formulasg(p(4, S")) C
EP) = |J E(R) E(9:)-
1<k<i

In either caseE(p(4,S")) C E(g;), andE(p(A4,S5")) €

are the working (trimmed) sets of basic building blocks. E(P;). Now if g; has more than one head predicate, we
We takeP; to be the set of all head pseudopredicatescan apply the same argument as above on each of its head

whose set-argument is a singleton set or the set of all obpredicates to derive a correspondip@, S’) for each of

jects. On each iteration, we consider the extents of théts head predicates. Sindg is the intersection-closure of

pseudopredicates already created, as well as the extents’ iB(P;, ), the setS; = (; p(4, S7) is in I, andS; C E(g;).

tersections, and create new pseudopredicates having theSinceS; € I, all head predicates with set-arguméhtre

sets as set-arguments. More precisely, given that we hava Py, and thusPy.

(P;,E(F;)), we perform the following steps on iteration  We are finally ready to construg¢tfrom P, ;. Let f/ be

i+ 1toget(Pit1,E(Piy1)): the formula which has, for each head predigdtd, «) in f
e Computel;, the intersection-closure & P;) (i.e., the (()a;r:gea%a::.rc:gously for predicatpga, 4)), a head predicate
smallest set such thatP;) C I, andS; NS, € I; for '
all 51,55 € 1,). e p(A,«) if ais a constant or dangling variable



e p(A,S;) if ais a variable which is the root of some of importance for properties is fairly ad-hoc, although we
subtre€l’; corresponding to formulg; try as much as possible to develop upon known principles.
o ) . The ranking techniques presented in this section are largely
Then f” can be constructed by conjoining predicates iNpageq on empirical experimentation. We present these tech-
Pi+1, and f is the chain off” and gi,...,gx ON S€t-  piq 65 only as a concrete, viable example. In practice, the
argumentssy,, ... ., Sg. computation of importance should be specialized to the ap-

It follows immediately from the theorem that in the limit Plication.

wherek = oo, all formulas corresponding to tree struc-
tures can be constructed frdfy, (and hencé, a superset
of P..), from which follows the weaker version of the the- We start with some fundamental notions of importance for
orem, as stated in Secti@3. head pseudopredicates (simply “predicates” in the rest of
The larger the:, the more formulas can be constructed, this section), and then let the analysis compute importance
at the cost of using more computational resources. In th&ased on these notions. We borrow a technique from the
F-Miner system, we found th&t = 3 accounts for a wide field of web search. Th®ageRanK20] and HITS [16]
range of interesting formulas while having very manage-algorithms have been used to analyze web pages for impor-
able resource requirements (Secti)n tance to aid in web search. The idea behind PageRank is
There are many ways the sBf can be further pruned that a web page is important if it is pointed-to by important
or tailored for the class of formulas suitable for a specificweb pages. Similarly, the HITS algorithm identifies good
application. First, instead of takingto be the intersection- hubpages and gooaluthoritypages recursively: good hubs
closure ofE(F;) in the iterative step + 1, we can simply  are those which point to good authorities, and good author-
take! to beE(P;), or takel to be the (first-level) intersec- ities are those pointed-to by good hubs. Good authorities
tion of elements oE(P;). Thus conjunctions of pseudofor- are regarded as important pages. Common to these two al-
mulas are only formed when their extents are equal. Seayorithms is their recursive, mutually-reinforcing definition
ond, those pseudopredicatedfin and those sets iB(Py) of importance, and the iterative computation method (cor-
deemed unimportant (Sectidi) can be pruned away after responding to an eigenvector computation).
each iteration. By keeping only a fixed number of the most In the same spirit, we develop an iterative algorithm for
important pseudopredicates and their extents, we can limitanking the importance of sets and pseudopredicates. And
the growth of (P, E(P%)), while still allowing important  analogous to the definition of hubs and authorities in HITS,
formulas corresponding to deep tree structures to be corwe say that:
sidered.

4.1 Ranking Head Pseudopredicates and Sets

e A pseudopredicate is important if its set-argument is

4 Computing Importance important.

In Section3 we established a set of head pseudopredicates ® A Setis important if it satisfies important pseudopred-
and their extent§P, E(P)) as building blocks for formu- icates.

las. Formulas can be constructed fréthrough conjoin-
ing and chaining. Becauggis usually extremely large, we

showed how to iteratively compute a manageable subset ..o of the set-argument (for pseudopredicates).

OF . . . To compute importance scores, this intuition must be
The next step is to construct important formulas fromy, 1 5jized mathematically. We take importance scores to

Pi. We first analyzeP;, E(P;)) as to the importance of e i the intervalo, 1], with importance scores for all pseu-
the formulas that can be constructed. The problem of Comdopredicates summing to and importance scores for all
puting importance on formulas becomes that of computing,, tants of pseudopredicates summing t&or S € E(P})
importance on sets (representing classes of formulas sgf;, defineP,
isfied by these sets) and pseudopredicates. Just as in tradi-
tional data mining we look for interesting objects satisfying Pr(S) ={pecP,|S CE({)}
some predefined property, we now mine the space of prop-
erties for interesting properties satisfying some predefined\s a basis, we start with the core equations

N ;
notion= Accordingly, the development of a good measure I(p) = I(arg ()

2Now, we might mine the space of notions-on-properties to identify
the important notions, but obviously this just pushes the same problem ufor predicates, which says that the importad¢p) of a

a level. Instead, we settle for mining the space of properties using som redicaten is the importance of its set-ar umeargy
predefined notions. Note this does not mean that we are back to where mgend € P 9 (p),

started, since we can now mine for (first-level) properties instead of jus c
atomic objects. Extension to mining higher-level properties (i.e., proper- I1(S) = m +(1-¢ Z I(p)
ties of properties) is a possible direction for future work. k PEPL(S)

Thus, the basic notions from which we derive importance
are satisfaction of pseudopredicates (for sets), and impor-

(S) to be the set of predicates satisfied$ty




which says that the importance of a $ehas two compo-
nents: (1) a smalinherent importancqm (in our ex-
periments we used= 0.2), and (2) the sum of the impor-
tances of the predicatessatisfied by S. This “recursive”
equation is analogous to that used for PageRagk [

> gI(S) = 1. For equationg), the setP;(S) must be
precomputed for eacl¥, which in general is an expen-
sive operation. One way to alleviate the problem is to set
w1 (]S], |[E(p)|) to 0 when it is below a certain threshotgd

in which case we need not check whetle€ E(p) at all.

These two core equations provide a good starting pointn our experiments, we used= 0.01, which sped up the
in capturing the recursive intuition presented, but more specomputation with no noticeable effect on quality of results.

cific details of the analysis should be incorporated.

Note that an appropriate choice of equations is in gen-

First, instead of summing over the set of all predi- eral dependent on the data set and query type. However,
catesp satisfied byS, we should sum only over those we have found the above equations to work well on the two

that are notsubsumeddy another predicate satisfied by data sets and two query types we tried. Also note that inher-

S. We say that a pseudopredicatéA, S) subsumesn-
other pseudopredicafg A4, S") if S C ', in which case
E(p(4,S)) C E(p(A,S)). Intuitively, p(A, S) specifies
a property more specific than that specifiedid, S’).
For example, in Figurd, if we already know that; satis-
fiese(A,ESPN.com), it is pointless to also record that
satisfieee (A, {FOXSports.com , ESPN.com}).

Another aspect that can be improved is witea E(p),
but S is only a small fraction of the objects E(p). Then
I(p)’s contribution toI(S) should be weighed lower than
to I(S’), whereS’ = E(p). For example, in Figurd, we
have

E(e(A,ESPN.com)) = {vq,. ..

soe (A, ESPN.com)’s contribution to the importance of a
setS = {vy,v2} should be smaller than to that 6f =
{v1,v2,vs3,v4}. Thus we consider the term

s5.p) — —_W(SLIER))

Y sreree) w1197, [E(D)])
S'CE(p)

;U }

which assigns weights according to the relative sizes o

S andE(p), as compared with other sef§ satisfyingp.
For both data sets in our experiments we usef,y) =
(%) 3, which we found to work well empirically.

ent importances can be assigned nonuniformly to bias the
results when there are sets we know apriori to be impor-
tant. This is analogous to biasing web pages nonuniformly
in PageRank to enable a personalized web se&dH].

4.2 Selective Construction of Pseudopredicates

The importance rankings for the base set of pseudopredi-
cates and their extent®,,E(P;)) tell us the importance
of the formulas that can be constructed. Using the chaining
procedure as described in Sect®s, it is straightforward
to construct formulas fron®,. However, many queries,
such as those in Sectidh2, are computed based on the
importance scores of the extents, while the actual formulas
serve only as an explanation to the user. Thus an exhaus-
tive construction of all constructable formulas is usually not
necessary (nor feasible). Instead, we want to construct only
the most appropriate formulas, taking into account not only
the computed importance of the formulas but such human
aspects as the formulas’ brevity, comprehensibility, and va-
riety. Here we present the chaining operation from Section
.3as a procedure that allows us to take these factors into
ccount.
We define the functioohain (f), which takes a pseud-
oformulaf as argument and returns the resfilof chain-
ing f with some pseudopredicates. The result is a pseudo-

We may also attribute more importance to those sets that mu1a whose graphi(f') is one level deeper thaft
satisfy many pseudopredicates independently of the impor-

tance of the pseudopredicates. Let
o(S) = wa([Pu(5))

be the number of predicates satisfied$yyweighted by a
function wy(z). In our experiments, we founds(z) =
270 to work well empirically.

e Start off with f’ set equal tgf.

e For each pseudopredicate (not just head pseudopredi-
cates)p in f’ having a non-singleton set-argument:

1. Let S be the set-argument of and letP(S) C
P (S) be a set of pseudopredicates satisfied by

The equations we used in our experiments for scoring S.

predicates and sets are:

I(p) = I(arg (p))
1(8) = = +(1=co($) Y. (S.p)I()

2l pEP(S)

(4)
®)

[95)

As with the HITS equations, equationd) (and 6) can
be solved by iterating to a fixed-point.
tion, the scores are normalized so thdy, /(p) = 1 and

2. ReplaceS in p by a new variableX not appear-
ing anywhere inf’.

3. For eachy’ € P(S), appendy’ to f’ with head
variableA of p’ replaced byX.

e Returnf’.

On each itera-The functionP(.S) can be adjusted, based on the computed

importance of the pseudopredicates (and human factors,



. - it Formulas satisfied:
etc.), to suit the specific query types and end application.”, —>° f(A) :- Position(A, MS Student)

As a general rule, it should consist of themost impor- 2.08: f(A) - Advisor(A, Jennifer)
tant pseudopredicates satisfied $iyMost of the variabil- ~ Most similar objects:
ity is in choosingm properly so as to produce informative  [inputl: 79.5

formulas while minimizing complexity for the sake of user g?egr;, 210?;28
intelligibility. Specific rules for choosing. in the F-Miner Chris: 13.5
system are discussed in Sectmn Beverly: 13.4

Each call tochain results in a more complex formula. ~ Brian: 10.1
In theory, we couldchain some formulas indefinitely,
since the same set may be chained over and over again in
a cycle. In practice, users will want formulas to be simple, . . , _
so a maximum-depth or cycle-detection stopping criterion P {0 SPeed up the implementation without having any ef-

will be used anyway. fec_trﬁn semetm'ucs. " din E-Mi . ins
As an example, consider the pseudoformula € exact parameters used in F-Miner are given in sec-

tion 5.3

Figure 5: Results for querySteve .

f(A) :—Home({Glen, Beverly}, A) )
5.1 First Data Set: Database Group Survey

which represents the property of “being the hom&tén

or Beverly ”. If Glen andBeverly both like either
Chinese orIndian food, then the formula may be ex-
panded (through one call thain ) to

We ran F-Miner on two data sets. The first is based on
a survey of Stanford University’s Database Group, along

with publication data from the Database Group’s publica-
tion server 1]. The data is modeled as a graph where nodes
'(A) —Home(B, A) & Food(B, {Chinese, Indian}) represent all entities that participate in relationships, such
as people, food types, and publications. The edges repre-

which represents the property of “being the home of somesent relationships, including those that denote food pref-
one who likesChinese or Indian food”. Finally, this  erences, advisors, undergraduate institution, home coun-

formula may be expanded to try, research interests, and authorship for publications. The
graph consists of725 nodes and552 edges.
f"(A) :—Home(B, A) &Food(B, C) When the system is first run, the set of basic building
& Food(Jennifer, C) blocks (P, E(Px)) is precomputed as described in Section
3.4. A prompt is then presented to the user where a list of
if Jennifer  likes Chinese andindian food. objects can be entered as a query for both similarity and
) ) explanation. The precomputation takes less than a minute,
5 The F-Miner Experimental System and each query returns in milliseconds.

Based on the framework and algorithms presented in the We begin with a simple single-object query for
previous sections, we have implemented an experimentaSteve " The results of the query are shown in Figdre
system,F-Miner, that supports some of the data mining Scores in the query results for this data set have been scaled
queries discussed in Secti¢h2  Specifically, F-Miner by 10 for legibility. The top portion of the output shows

supports the following two query types on arbitrary inputthe_ m_ost import_ant formulgs (as determ_ined by the system)
graphs: satisfied by the input. We find th&teve is a Masters stu-

dent, and that his advisor dennifer . We chose to list

o Similarity. Given a set of input objects, return a these as separate formulas, although they can be printed as
ranked list of objects similar to members of that seta single conjunctive formula instead. Among the properties
in the same ways the objects in the set are similar taatisfied bySteve , including the foods he likes and where
one another. For example, given two professors in théne went as an undergrad, these two are found to be the
research group data described below, F-Miner returngnost important by the algorithm. The importance scores
a third professor. are listed next to the formulas. The bottom portion of the

. . . . output lists the 5 objects most similar$teve , along with

* Explan“atlon. .G_'V€,,n a set of nput objects,. return for- their similarity scores. The similarity scoséz) for an ob-
mulas “explaining” what the objects have in common.jectw is the weighted sum of the importance scores of the

This fupctlon can bg used Fo explain the answers raxtents satisfied by bothandSteve
turned in the similarity queries.

For efficiency, the user may assign types to each object s(x)= Y wi(2,|ENI(E)
to minimize redundant comparisons by the system. For ex- S;Eeig(f&

ample, a university would never be considered as an argu-
ment to arAdvisor predicate between two people. Types wherew, is the same weighting function used in Section



Formulas satisfied:

11.6: f(A) :- Undergrad(A, Stanford)

7.72: f(A) :- Home(A, California)
Most similar objects:

[input]: 107

John: 72.4

Brian: 66.2

Jing: 65.9

Glen: 60.5

Wang: 59.9

Figure 6: Results forSteve , Beverly

Formulas satisfied:
3.89: f(A) :- Undergrad(A, B)
& Undergrad(C, B) & Advisor(C, Jeff)
1.67: f(A) :- Undergrad(A,B)
& Undergrad(C, B) & Advisor(C, Hector)
Most similar objects:
[input]: 34.0
Chris: 32.0
Taher: 29.1
John: 26.0
Wang: 26.0
Calvin: 25.4

Figure 7: Results forGlen , Qi”.
4.1 The self-similaritys(Steve) is given as a reference

(listed as[input] ) for comparison. In effect, the pro-
gram finds those people who have “a lot” in common with

Formulas satisifed:

148: f(A) :- Undergrad(B, A)

& Home(B, California)

Most similar objects:

[input]: 543

Cal Poly: 223

IIT Madras: 217

MIT: 153

IIT Bombay: 137

University of Colorado: 137

Figure 8: Results forUC Berkeley , Stanford

Formulas satisfied:

0.182: f(A) :- Gender(A, Male)

0.169: f(A) :- Knows(A, B) & Knows(B, user-178)

& Knows(user-178, B)

0.152: f(A) :- Knows(B, A) & Knows(B, user-898)
Most similar objects:

user-2244: 21.8

user-500: 21.8

user-297: 21.7

user-1081: 21.7

user-2353: 21.7

Figure 9: Results foruser-8 , user-9 , user-10

schools that tend to be attended by people from California.
This is indeed the most intuitive result that can be inferred
from the dat&

Steve , taking into account the numerous properties theys.2 Second Data Set: Club Nexus

may share. The top matchdség , whom we know to be
the only other Masters student in the group. The following
are two ofJennifer s other students. The next match,
Beverly , is neither a Masters student ngennifer ’s
student.

To find out whyBeverly is listed, we can type in
“Steve , Beverly " as a new query. The results are
shown in Figure6. We find thatBeverly and Steve
both went to Stanford as undergrads and are from Califo
nia originally. Note that these attributes were not regarde
by the program to b&teve ’'s most important attributes,
but they are the most important of those attributes he shar
with Beverly . Appropriately, the top matches returned

are other students who went to Stanford as undergrads, for-

lowed by other students from California.

The next example illustrates more complex formulas for

the query Glen , Qi”. The results are in Figuré. Com-
paring the absolute magnitudes of the formula scores wit
those for the querySteve , Beverly ", we see that there
is relatively little in common betweeBlen andQi. The
first formula says that the two people both went to school
thatJeff ’s students tend to go as undergrads. The secon
formula is analogous. The two students do not share adv

sors or other preferences, and these formulas are the best3Note that theundergrad , Home andAdvisor

connection between them.

Of course, we can also query on objects other than pe
ple. The query results folJC Berkeley , Stanford ”
are shown in Figure8. The formula identifies these as

10

ré’; hours, and each query at the prompt takes about 2 sec-

S

To test F-Miner on a larger data set, we used data from
Club Nexuqd2], which contains various personal informa-
tion about2469 Stanford students. Attributes used include
the student’s academic standing, major, and a list of Club
Nexus members he knows. The data is modeled in F-Miner
analogously to the Database Group survey data. The result-

ing graph hag852 nodes and4197 edges. The precompu-
tation step, which needs to be done only once, takes about

onds. (Note that our system has not yet been optimized
or tuned for scalability.) Sample results for the random

es

queries tiser-8 , user-9 , user-10 ” and “user-7 ,
ser-98 ,user-178 " are shown in Figur® and Figure
0, respectively. Scores in the query results for this data set
have been scaled k' for legibility.

The results in Figur® say that the input students are

ﬁelated because they are all males, they all know someone

who knows and is known byser-178 , and they all know
someone who knowsser-898 . The results in Figur&0

say that the students are related because they are all under-
graduates and are known by a person who majors in inter-

IJt_h';ltional relations. These kinds of connections are found by

relationships tend
to be favored over, saffood because each person has a unique choice for

dbese attributes, whereas he usually has multiple food preferences. This

Is an effect of thej function (Sectiord.1), which causes a preference
for a particular food to be deemphasized when the person has other food
preferences.



Formulas satisifed:

0.102: f(A) - Academic(A, Undergrad) development is manifested in two key features of F-Miner:

0.101: f(A) :- Knows(B, A) the relationships between objects and formulas are used to
& Major(B, International Relations) support similarity queries, and the relationships among for-
Most similar objects: mulas are analyzed in the recursive computation of impor-
[input]: 6.45 tance
user-1503: 6.41 ’ L . .. I
user-188: 6.41 Along similar lines, the traditional association rules of
user-1854: 6.41 market basket analysis are generalized indleRMRsys-
user-304: 6.40 tem [6, 7] to association rules oRrolog formulas (similar
user-1735: 6.40 -
to our Datalog formulas) evaluated on a relational database.
Figure 10: Results for user-7 , user-98 |, The goal is to find association rules of the fofim— ¢
user-178 . where f andg are formulas. As discussed in Sectidr,
this extension of association rule mining can be formulated
the system for most random groups of people. as a query type in our framework.
The traditional data mining problem of finding frequent
5.3 Implementation Details itemsets in market basket dag has also been extended to

. . . graph structureslp, 17, 18, 24, 25]. The focus in graphs
Our experiments were run on a 2.4GHz Pentium with 1GBIS on finding frequent substructures, the graph equivalent

é)f frequent itemsets. Again, such queries are but one in-
. . tance of the query types supported in our framework, as
of the F-Miner system is implemented based on the teChaiscussed in Sectioh 2.

niques presgnted In the previous sections. The same pa- Other instances of property mining have been studied in
rameter settings were used for both data sets. We used

_ . . - Specific contexts. One is the problem of identifying “pat-
k = 3 when deriving the t.)aS'C building blockBy, E(Pf“))’ terns and relations” in the unstructured text of web pages,
and ranked pseudopredicates usiigsteps of the fixed- . .

S . > e.g., b, 22]. Patternsare essentially regular-expressions
point iteration process. In COMPUtIEFy,), we used and correspond to the formulas of this papelationscor-

I = E(Py), omitting the intersection step for speed, and P bap

; ; ) . “respond to extents. The sets of patterns and relations are ex-
found this to have little effect on the results (conjunctions . : . L
panded iteratively starting from a small initial set of known
were already accounted for).

A proper setting ofn for P(S), as discussed in Section relations. The process can be seen roughly as an exten-

. : . sion of the frequent itemsets problem in our framework:
4.2, is largely a user-interface issue. We have developed g ; . "

. : . . requent itemsets are used to discover additional frequent
heuristic to determinen. Letp; (1 = 1,2,...) be thei-

) . D itemsets.
th ranked predicate in order of decreasing importance. We - . L
- . Other graph mining algorithms to compute similarity of
takem to be the minimum of 10, the smallessuch that ; o
. . nodes based on graph structure incladecitation[21] and

Y <iciI(pj) = 10 x p; (i.e., when extra pseudopredi- . A oL

<j<i /7 ) its generalizatiorSimRank13]. Again, similarity is but
cates are trivial compared to those already included), an N

one application for our framework, and advantages of the

the smallest suchthad ®, ., I(p;) > 0.9% 3, . I(p;) L . )
(i.e., when at least 90% of pseudopredicates have been a:(sg_mﬂanty computation enabled by our framework over spe

counted for). We have found this heuristic to work well in cific measures of similarity were noted in Sectid

- . . . A particular feature of F-Miner is the ability to relate
most cases, providing the results illustrated in the previous : . . . )
figures. nodes in a graph through relationships beyond just a single

edge, as in the query of Figure This feature was also ex-
hibited in theproximity searctof [8], which finds nodesin a

6 Related Work graph that are nearby in terms of graph distance. However,
Our framework most resembles thatinductive databases there is no mechanism i8] for explaining query results,
[11], which are based on thaductive logic programming one of the strengths of our approach. A system was pre-
(ILP) framework [L9]. In inductive databases, rules (e.g., sented in 4] that, given keywords matching tuples across
association rules) about database objects are treated as firdifferent tables in a relational database, returns a tree de-
class objects of the database, so that queries (e.g., in SQbpting the schema relating the matching tuples, where the
may be posed on rules as well as objects. For example, iadges of the tree are foreign-key relationships. The tree
the MolFea[10] system for molecular databases, one canserves to explain how the tuples are related. However, these
query for “all structures (represented by formulas) occur-tree structures lack the expressive power of our formulas,
ring as substructures in more than 30 molecular structuresand there is no ranking of explanations.

While our framework also supports such queries (Section As discussed in Sectioh1, the recursive notion of im-
2.2), it further develops the treatment of formulas as first-portance of pseudopredicates is analogous to the notion of
class objects by considering the interrelationships betweeimportance computed by tiRageRank20] andHITS[16]
formulas and objects and among formulas themselves. Thialgorithms for web pages.
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The syntax and semantics of the formulas used in our[4] Gaurav Bhalotia, Arvind Hulgeri, Charuta, Soumen
framework are borrowed from the logic-programming lan- ~ Chakrabarti, and S. Sudarshan. Keyword searching and
guageDatalog[23]. browsing in databases using BANKS. Rroceedings of
the 18th International Conference on Data Engineering
(ICDE), San Jose, California, USA, February 2002.

[5] Sergey Brin. Extracting patterns and relations from the
The main contributions of this paper are summarized as fol- ~ World Wide Web. InProceedings of the WebDB Workshop
lows: at the 6th International Conference on Extending Database
Technology (EDBT)Valencia, Spain, March 1998.
* We presented a framework under which data m'n'ngAG] Luc Dehaspe and Hannu TT ToivoneBiscovery of Rela-

queries can be posed on graph properties. We showed " {jona| Association Rulespages 189-212. Springer-Verlag
that many common notions in data mining have ana- Heidelberg, Germany, 2001http:/citeseer.nj.

logues in the space of formulas that can be formulated  nec.com/486120.html
as query types in our framework. 7]

7 Conclusion

Bart Goethals and Jan Van den Bussche. Relational associ-
ation rules: getting WARMeR. IiProceedings of the ESF

* We developed techniques to deal with the enormous Exploratory Workshop on Pattern Detection and Discovery

size of the query space. Owbasic building blocks in Data Mining volume 2447 ot ecture Notes in Computer
approach partitions properties into classes, bypassing  science pages 125-139, Germany, 2002. Springer-Verlag
the prohibitive process of analyzing each property in- Heidelberg.

dividually. [8] Roy Goldman, Narayanan Shivakumar, Suresh Venkatasub-

We defined | fi " f ramanian, and Hector Garcia-Molina. Proximity search in
¢ VVE defined a general measure ol Importance for prop- databases. IProceedings of the 24th International Con-

erties by treating properties as first-class objects and  ¢orence on Very Large Databases (VLDB)ew York City,
applying known techniques. The measure was a vital  New York, USA, August 1998.

component of the experimental system. [9] Taher H. Haveliwala. Topic-sensitive PageRank. Pho-

; VT ; ceedings of the Eleventh International World Wide Web Con-
. We mplementgd thé=-Miner experlment{:ll_system ference (WWWXHonolulu, Hawaii, USA, May 2002.
supporting queries under the property mining frame-

molecular feature miner MolFea. IRroceedings of the

Our experiments to date have been with relatively small ~ Beilstein-Institut Worksho@Bozen, Italy, May 2002.
data sets. Much work is yet to be done in algorithms,[11] Tomasz Imielinski and Heikki Mannila. A database perspec-
approximations, tuning, and optimizations if we wish to tive on knowledge discoverfCommunications of the ACM
scale to the largest data sets, such as the web. Nonethe- 39(11):58-64, 1996.
less, many modest-sized data sets with acceptable precom2] Akihiro Inokuchi, Takashi Washio, and Hiroshi Motoda. An
putation and query response times pose interesting appli-  apriori-based algorithm for mining frequent substructures
cations for our framework already, such as the examplesin  from graph data. IfProceedings of the Principles of Data
our experiments. With the proliferation of XML and other Mining and Knowledge Discovery, 4th European Confer-
easy means of expressing and interlinking data, we expect ence (PKDD)Lyon, France, September 2000.
in the near future to see numerous graph-structured datasgt®] Glen Jeh and Jennifer Widom. SimRank: A measure
amenable to property mining. of structural-context similarity. InProceedings of the
The intent of this paper is mainly to provide a founda- Eighth International Conference on Knowledge Discovery
tion for the mining of (graph) properties. The emphasis has ~ and Data Mining (KDD) Edmonton, Alberta, Canada, July
been on demonstrating the utility and feasibility of this new ~ 2002.
kind of data mining. We have only scratched the surface irf14] Glen Jeh and Jennifer Widom. Scaling personalized web
terms of theory, algorithms, implementation, and applica- search. InProceedings of the Twelfth International World

tions; many aspects are open for further research. Wide Web Conference (WWWBudapest, Hungary, May
2003.
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