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Enhancing Team Composition in Professional
Networks: Problem Definitions
and Fast Solutions

Liangyue Li, Hanghang Tong, Nan Cao, Kate Ehrlich, Yu-Ru Lin, and Norbou Buchler

Abstract—In this paper, we study ways to enhance the composition of teams based on new requirements in a collaborative
environment. We focus on recommending team members who can maintain the team’s performance by minimizing changes to the
team’s skills and social structure. Our recommendations are based on computing team-level similarity, which includes skill similarity,
structural similarity as well as the synergy between the two. Current heuristic approaches are one-dimensional and not comprehensive,
as they consider the two aspects independently. To formalize team-level similarity, we adopt the notion of graph kernel of attributed
graphs to encompass the two aspects and their interaction. To tackle the computational challenges, we propose a family of fast
algorithms by (a) designing effective pruning strategies, and (b) exploring the smoothness between the existing and the new team
structures. Extensive empirical evaluations on real world datasets validate the effectiveness and efficiency of our algorithms.

Index Terms—Graph kernel, scalability, team composition

1 INTRODUCTION

N defining the essence of professional teamwork, Hack-

man and Katz [1] stated that teams function as ‘purposive
social systems’, defined as people who are readily identifi-
able to each other by role and position and who work
interdependently to accomplish one or more collective
objectives. The responsibility for performing the various
tasks and sub-tasks necessary to accomplish the team’s goal
is divided and parceled-out among the team. Team effec-
tiveness often depends upon the appropriate team structure
and distribution of skills.

A promising algorithmic approach to team composition
treats a team as a subgraph embedded in a larger social net-
work. Prior research has focused on assembling a team from
scratch while satisfying the skill requirements at minimum
communication cost (e.g., diameter and minimum spanning
tree) [2]. If the tasks arrive in an online fashion, the workload
balance among the people needs to be considered [3]. In
practical scenarios, there are more realistic requirements in
the team formation, e.g., inclusion of a designated leader and
size of a team [4]. With the increasing constraints, the team
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formation problem is NP-complete. Prior work to formulate
automated ways of forming a team has used heuristic
approaches (e.g., RarestFirst and SteinerTree) but so far lacks
efficient solutions [2]. Our work differs from previous efforts
in three ways: (1) we alter the composition of an existing
team based on new requirements; (2) we solve the problem
in a principled approach with the notation of graph kernel;
and (3) we design a set of efficient algorithms.

Specifically, we address a family of problems under the
scope of TeaM ENHANCEMENT, namely, (1) TeamM MEMBER
REPLACEMENT, (2) TEAM REFINEMENT, (3) TEAM ExpaNsioN and (4)
TEAM SHRINKAGE. TEAM MEMBER REPLACEMENT was first defined
in [5], which concerns the churn of team members. For exam-
ple, an employee in a software or sales team might decide to
leave the organization and /or be assigned to a new task. The
loss of a key member might lead to severe consequences for
the team performance. The central question of TEAM MEMBER
REPLACEMENT is how to find the best alternative from the rest
network when a team member becomes unavailable. Differ-
ent from TEAM MEMBER REPLACEMENT, TEAM REFINEMENT consid-
ers refining a team by replacing one member with another
with the desired skill sets and communication connections.
In the above two problems, the team size remains the same.
In Team ExpansioN, we want to expand the team by adding a
member with certain skill sets and communication structure.
For instance, a software project team wants to develop a new
feature of natural language search and a new member with
Natural Language Processing (NLP) skill will be recruited.
On the contrary, in TEAM SHRINKAGE, the size of a team needs
to be reduced in response to new challenge such as a short-
age of the available resource (e.g., a budget cut). In all cases,
the resulting disruption [6] should be minimized.

By careful inspection, we identify the problem similarity
between TeaMm REFINEMENT, TEAM ExpaNsioN and TEaM MEMBER
RePLACEMENT and propose these problems can be formulated
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in a way to share common technical solutions. In Team
REFINEMENT, one team member is edited to a desired skill and
network structure configuration. Since such edited member
might not exist in the rest of the network, we call it a “virtual
member’. By replacing this ‘virtual member’ as in Team
MEMBER REPLACEMENT, we can solve TEAM REFINEMENT. Simi-
larly, in TEam ExpansioN, the desired new member might also
be a ‘virtual member’. After adding this ‘virtual member’ to
the current team and then replacing the ‘virtual member’, we
can solve Team ExpansioN. We propose to reduce the disrup-
tion induced by the team alteration by maintaining the team-
level similarity (between the original and the new teams),
which includes skill similarity as well as structural similarity.
The proposition is backed by some recent studies which show
that team members prefer to work with people they have
worked with before [7] and that distributed teams perform
better when members know each other [8]. Furthermore,
research has shown that specific communication patterns
amongst team members are critical for performance [9].

We adopt the notion of graph similarity/kernel to char-
acterize the team-level similarity for TEAM ENHANCEMENT.
Through the lens of labeled graph for modeling teams,
graph kernel can naturally capture the skill similarity and
the structural similarity simultaneously. However, to solve
TeaAM MEMBER REPLACEMENT, TEAM REFINEMENT and TEAM
ExpaNsION on a team of size ¢ in a network with n individu-
als and [ skills, the basic approach would take O(nir't?)
computations where 1’ is the effective rank of the Kronecker
product graph', which is computationally intractable. For
example, for the DBLP? dataset with almost 1M users (i.e.,
n ~ 1,000, 000), we found that it would take 6,388s to find
one replacement for a team of size 10. To address the
computational challenges, we propose a family of fast algo-
rithms by carefully designing the pruning strategies and
metric analyses for exploring the smoothness and corre-
spondences between the existing and the new teams. We
perform the extensive empirical evaluations to demonstrate
the effectiveness and efficiency of our methods. Specifically,
we find that (1) by encoding both the skill and structural
matching, we can achieve a much better replacement result.
Compared with the best alternative choices, we achieve
27 percent and 24 percent net increase in average recall and
precision, respectively (see Section 6.2 for details); (2) our
fast algorithms are orders of magnitude faster and scale sub-
linearly. For example, our pruning strategy alone leads up
to 1,709 x speed-up, without sacrificing any accuracy.

The main contributions of this paper are as follows.

1 Problem Formulation. We formally define a family
of problems under the scope of TEAM ENHANCEMENT,
to alter the composition of a team in the context of
networks where nodes carrying on multiple labels
(skills) and edges representing social structures.

2 Algorithms and Analysis. We solve the problem
by introducing graph kernels and propose a family of
effective and scalable algorithms for TEAM ENHANCE-
MENT; and analyze the correctness and complexity.

1. This can be achieved by using conjugate gradient method detailed
in Section 4.2 in [10], otherwise the complexity is O(nt®).
2. Please see Section 6.1 for details of DBLP.

TABLE 1
Table of Symbols
Symbols Definition
G:={A/L} the entire social network
. the adjacency matrix of G
L, skill indicator matrix

the team member index
the team network indexed by its members 7

T

G

d; the degree of the i node in A

l the total number of skills

t the team size, i.e., t = |7 |

n the total number of individuals in A
m the total number of connections in A

3 Experimental Evaluations. We perform extensive
experiments, including user studies and case studies,
on real world datasets, to validate the effectiveness
and efficiency of our methods.

The rest of the paper is organized as follows. Section 2
formally defines TEam ENHANCEMENT problem. Section 3
presents our basic solutions. Section 4 addresses the compu-
tational challenges. Section 5 discusses the solutions for
Team RerFINEMENT, TEaM ExpansioN and TEAM SHRINKAGE.
Section 6 presents the experimental results. Section 7
reviews some related work. Section 8 concludes the paper.

2 PROBLEM DEFINITIONS

In this section, we formally define the family of TEam ENHANCE-
MENT problems. Table 1 lists the main symbols used throughout
this paper. We describe the » individuals by a labelled social
network G := {A,L}, where A is an n x n adjacency matrix
characterizing the connectivity among different individuals;
and L is n x [ skill indicator matrix. The ith row vector of L
describes the skill set of the ith individual. For example, sup-
pose there are only three skills in total, including {data mining,
databases, information retrieval}. Then an individual with a skill
vector [1,1, 0] means that s/he has both data mining and data-
bases skills but no skill in terms of information retrieval. L could
be a binary matrix indicating the existence of a skill or a real
matrix reflecting the strength of the skill. Also, we represent the
elements in a matrix using a convention similar to Matlab, e.g.,
A(i,j) is the element at the ith row and jth column of the
matrix A, and A(:, j) is the jth column of A, etc. For the ith indi-
vidual, we define the associated skill vector as 1 = L(i,:) and
communication structure vector asa = A(3, :).

We use the calligraphic letter 7 to index the members of
a team, which includes a subset of ¢ = |7| out of n individu-
als. Correspondingly, we can represent the team by another
labelled team network G(7):={A(7,7),L(7,:)}. Note
that A(7,7) and L(7,:) are sub-matrices of A and L,
respectively. If we replace an existing member p € 7 of a
given team 7 by another individual ¢ ¢ 7, the new team
members are indexed by 7,_,:={7/p,q}; and the new
team is represented by the labelled network G(7 ,_.,). If we
lay off an existing member p € 7 of a given team 7, the new
team members are indexed by 7 ,, := {7 /p}; and the new
team is represented by the labelled network G(7 /,,).

With the above notations and assumptions, our problems
can be formally defined as follows:

Problem 1. TEAM MEMBER REPLACEMENT
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Given. (1) A labelled social network G := {A,L}, (2) a team
G(7),and (3) a team member p € T ;

Recommend: An alternate g ¢ T to replace the person p’s role
in the team G(7T).

Problem 2: TEAM REFINEMENT

Given: (1) A labelled social network G := {A,L}, (2) a team
G(7), (3) a team member p € T, and (4) desired skill 1
and communication structure a for p;
Recommend: A candidate q ¢ T with skill 1 and communica-
tion structure a to refine the person p’s role in the team
G(T).
Problem 3: Team EXPANSION

Given: (1) A labelled social network G := {A,L}, (2) a team
G(7), and (3) desired skill 1 and communication struc-
ture a for a new member;

Recommend: A new member q ¢ T with skill 1 and communi-
cation structure a to join the team G(T ).

Problem 4: TEAM SHRINKAGE

Given: (1) A labelled social network G := {A,L}, and (2) a
team G(7T);
Recommend: A member p € T to leave the team G(T).

Next, we will introduce our designed “goodness” metric
for ranking the candidates.

3 TeAm MEMBER REPLACEMENT: PROPOSED
SOLUTIONS

In this section, we present our solutions for TEAM MEMBER
RepLACEMENT. We start with the design objectives for the
TeaM MEMBER REPLACEMENT problem, present graph kernel as
the basic solution to fulfill such design objectives; and
finally analyze the main computational challenges. We
postpone the discussion on TeaM REFINEMENT, TEeaMm
ExpansioN and TEAM SHRINKAGE in Section 5.

3.1 Design Objectives

Generally speaking, we want to find a similar person ¢ to
replace the current team member p who is about to leave the
team. Natually, the replacement ¢ should have a similar skill
set as the current member ¢ in order to perform the (sub)
tasks ¢ is involved in. More importantly, as recent studies
show, team members prefer to work with people they have
developed strong working relationships in the past [7]. This
suggests a good replacement should also bring a similar
social relationships with the team members. That is, a good
replacement ¢ should not only have a similar skill set as team
member p; but also maintains team cohesion defined by simi-
lar social connectivity and fostering good chemistry among
the team members and/or being less disrupted. Defining the
team context is critical. In other words, the similarity
between individuals should be measured in the context of
the team itself. Often, the success of a team largely depends
on the successful execution of several sub-tasks, each of
which requires the cooperation among several team mem-
bers with certain skill configurations. For example, several
classic tactics often recurringly find themselves in a success-
ful NBA team, including (a) triangle offense (which is featured
by a sideline triangle created by the center, the forward, and the
guard), (b) pick and roll (which involves the cooperation

between two players - one plays as ‘pivot’ and the other
plays as ‘screen’, respectively), etc. Generally speaking, team
performance arises from the shared knowledge and experi-
ence amongst team members and their ability to share and
coordinate their work. As noted in the introduction, a spe-
cific pattern of communication is associated with higher
team performance. Maintaining that communication struc-
ture should therefore be less disruptive to the team.

If we translate these requirements into the notations
defined in Section 2, it naturally leads to the following two
design objectives for a good TEAM MEMBER REPLACEMENT:

e  Skill matching: the new member should bring a simi-
lar skill set as the current team member p to be
replaced that are required by the team.

e  Structural matching: the new member should have
similar connects to the rest of the team members as
team member p.

3.2 Basic Solutions

In order to fulfill the above two design objectives, we need a
similarity measure between two individuals in the context
of the team itself that captures both skill matching and the
structural matching as well as the interaction of both. We
refer to this kind of similarity as team context aware similarity.
Mathematically, the so-called graph kernel defined on the
current and new teams provides a natural tool for such a
team context aware similarity. That is, we want to find a
replacement person ¢ as

g = argmax Ker(G(7),G(T,-,))- (1)
B¢ T

InEq. (1), G(7) is the labelled team graph; and G(7 ,—.;) is the
labelled team graph after we replace a team member p by
another individual j; and Ker( . ) is the kernel between these
two labelled graphs. Generally speaking, the basic idea of var-
ious graph kernels is to compare the similarity of the sub-
graphs between the two input graphs and then aggregate
them as the overall similarity between the two graphs. As
such, the graph kernel is able to simultaneously capture both
the skill matching and the structure matching, beyond the
simple ad-hoc combination between the two (e.g., weighted
linear combination, multiplicative combination, sequential fil-
tering, etc). We would like to emphasize that this treatment is
important - as we will show in the experimental section, it
leads to much better performance over all the alternative
choices. Let us explain the intuition/rationality of why graph
kernel is a natural choice for team context aware similarity.
Here, each subgraph in a given team might reflect a specific
skill configuration among a sub-group of team members that
is required by a certain sub-task of that team. By comparing
the similarity between two subgraphs, we implicitly measure
the capability of the individual j to perform this specific sub-
task. Thus, by aggregating the similarities of all the possible
subgraphs between the two input graphs/teams, we get a
goodness measure of the overall capability of the individual j
to perform all the potential sub-tasks that team member p is
involved in the original team. Note that the team replacement
scenario is different from team formation [2], [3], [4]. This
existing work on team formation aims to build a team from
scratch by optimizing some pre-chosen metric (e.g.,
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compatibility, diversity, etc). In contrast, we aim to find a new
team member such that the new team resembles the original
team as much as possible. Team formation is typically an
effortful and prolonged process (weeks, months, years) and
team training is hugely resource intensive. For instance, teams
usually go through several stages - the most popular model
being “storming, forming, norming, performing”. Our
approach is focused on maintaining team cohesion and ide-
ally high-levels of performance by recommending the most
ideal candidate to minimize any disruption.

Having this in mind, many of the existing graph kernels
can be adopted in Eq. (1), such as random walk based graph
kernels, sub-tree based graph kernels (See Section 7 for a
review). In this paper, we focus on the random walk based
graph kernel [11] due to its mathematical elegancy and supe-
rior empirical performance. Given two labelled graphs
G; :={A;,L;}, i = 1,2, the random walk based graph kernel
between them can be formally computed as follows [11], [12]:

Ker(G1,Gy) =y (I—cA,) 'Lyux, 2

where A, =L, (A] ® A}) is the weight matrix of the two
graphs’ Kronecker product, ® represents the Kronecker
product between two matrices, ¢ is a decay factor,
y=Yy,®Yy, and x = x; ® x; are the so-called starting and
stopping vectors to indicate the weights of different nodes
and are set uniform in our case, L, is a diagonal matrix
where L, (i,4) = 0 if the ith row of (A] ® A)) is zeroed out
due to label inconsistency of two nodes of the two graphs. L,

canbe expressedas L, = Y., diag(Li(:, k) ® diag (La(:, k).

3.3 Computational Challenges
Eq.(2) naturally suggests the following procedure for solving
TeEAM MEMBER REPLACEMENT problem (referred to as TEAMREP-
Basio): for each individual j ¢ 7, we compute its score score()
by Eq.(2); and recommend the individual(s) with the highest
score(s). However, this strategy (TEAMREP-Basic) is computa-
tionally intensive since we need to compute many random
walk based graph kernels and each of such computations
could be expensive especially when the team size is large. To
be specific, for a team 7 of size t and a graph G with n individ-
uals and [ skills in total, its time complexity is O(nir't?) where
7’ is the effective rank of A since we need to compute a ran-
dom walk based graph kernel for each candidate who is notin
the current team, each of which could cost O(i7't) [11]. Even
if we allow some approximation in computing each of these
graph kernels, the best known algorithms (i.e., by [12]) would
still give an overall time complexity as O(n(lt*r? + mr + r%)),
where 7 is reduced rank after low rank approximation, which
is still too high. For example, on the DBLP dataset with
916,978 authors, for a team with 10 members, it would take
6,388s to find a best replacement.

In the next section, we present our solution to remedy
these computational challenges.

4 TeAM MEMBER REPLACEMENT: SCALE-UP AND
SPEED-UP
In this section, we address the computational challenges to

scale up and speed up TEAMREP-Basic. We start with an effi-
cient pruning strategy to reduce the number of graph kernel

computations, and then present three algorithms to speed-
up the computation of individual graph kernel.

4.1 Scale-Up: Candidate Filtering
Here, we propose an efficient pruning strategy to filter out
those unpromising candidates. Recall that one of our design
objectives for a good TEaAM MEMBER REPLACEMENT is structural
matching, i.e., the new member has a similar network struc-
ture as team member p in connecting the rest team mem-
bers. Since p is connected to at least some of the rest
members, it suggests that if an individual does not have any
connection to any of the rest team members, s/he might not
be a good candidate for replacement.

Pruning Strategy: Filter out all the candidates who do not
have any connections to any of the rest team members.

Lemma 1 (Effectiveness of Pruning). For any two persons i
and j not in T, if i is connected to at least one member in T /p
and j has no connections to any of the members in T /p, we
have that

Ker(G(T),G(T,.)) > Ker(G(T), G(T,, ).

Proof. Suppose that G(7):= {Ay,Lo}. Let G(7,_;) :=

{Al7 Ll}, and G(TT,A,]) = {AQ, LQ}

By Taylor expansion of Eq. (2), we have

Ker(G(7), G(T 1)) = 2% oy’ (L (Ag ® A})) X,
where L = Y7 diag(Lo(:, k) ® diag(Li (:, k)),

Ker(G(7), G(T ) = 22 oy (Lxa(A) © AY)) "X,
where L,y = S0, diag(Lo(:, k) ® diag(La(:, k).

Therefore, it is sufficient to show that (Lyi(Aj®
A)))" > (Lw2(Ay @ A}))” for any z > 0, where two matri-
ces A > B if A;; > B;; holds for all possible (i,j). We
prove this by induction.

(Base Case of Induction) When z = 1, we have

k=1 (3)
!
=> (dlag(Lo( L k)AL @ (diag(Ly (;, k))A’1>.
=1
Because (diag(Li(:, k))A]) > (diag(La(:, k))AY),  we

have Ly (Aj ® A]) > Lyo(A) @ A)).
(Induction Step) Assuming
(L.2(A) @ A}))*"!, we have that

(La(A) @A) >

(L1 (A) ® AY))* > (Lo (A @ A))™ (Lt (A ® AY))
> (Lea(Af ® AY)),

where the first inequality is due to the
induction assumption; and the second inequality is due
to the base case. This completes the proof. 0

Remarks. By Lemma 1, our pruning strategy is “safe”, i.e.,
it will not miss any potentially good replacements. In
the meanwhile, we can reduce the number of graph ker-
nel computations from O(n) to O(3 .7/, di), which is
sub-linear in n.
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4.2 Speedup Graph Kernel—Exact Approach
Here, we address the problem of speeding up the computa-
tion of an individual graph kernel. Let G(7) := {A;,L1}
and G(7,_,) := {As,Ly}, where A;, A, are symmetric adja-
cency matrices of the two graphs.® Without loss of general-
ity, let us assume that p is the last team member in 7.
Compare A; with Ay, it can be seen that the only difference
is their last columns and last rows. Therefore, we can
rewrite As as A, = A, + Ay, where A, is A; with its last
row and column being zeroed out, and the nonzero ele-
ments of Ay only appear in its last row and column reflect-
ing the connectivity of ¢ to the new team. Notice that Az
has a rank at most 2, so it can be factorized into two smaller
matrices as Ayp = E;oFoy;. '

Denote diag(L;(:, j)) as L(’ and diag(La(:, j)) as L
.,1. Compare L with L2 , the only difference is the

)asL(2>_

for
j=1,.
last d1agona1 element. Therefore, we can write ng
Lff) + L&Q, where Léj)
and Lfg ’s last element indicates ¢'s strength of having the

is L(lj> with last element zeroed out,

jth skill. Léj)’s rank is at most 1, so it can be factorized as

Léﬁ = egi)lf(ljzt. Therefore, the exact graph kernel for the
labelled graph can be computed as:

Ker(G(T), G(T p~,))
I , 4 1yl ,
=y (1— C<ZL§J) ®L(2])>(A’1 ®A’2)> <EL§J> ®L(2j)>x
j=1 j=1

! - .
=y (- c(ZLﬁ” ® LE@) (A1 @A)

Z: invariant w.r.t. ¢

l
S el ))(A1®AC)

(3
(3
(Z LY @ el) (1@ £ >)<A1®E><I®F>>*

=1

PQ(A;®A.)=PY;

MN

LY ¢ )(Al ®E)(I®F)

Il
—

X1 Yo

<.

X5Ys

(iL ®L(’>)

Jj=1

(4)

Each L(lj) ® el is a matrix of size t* by ¢t and I ® 9 is a
matrix of size ¢t by . We denote the matrix created by
concatenating all LY @ el
P= [Lgl) el ... ,Lgl) ® el!)]; denote the matrix created by
stacking all 1® £ vertically as Q, ie, Q= [I® f
12 £"). Obviously, (Y ,(LY @ el)(12 7)) is equal to

horizontally as P, ie,

3. Although we focus on the undirected graphs in this paper, our
proposed algorithms can be generalized to directed graphs.

PQ. We denote (Zl,:1 LY © LY)(A; ®E) by Xi; denote

(X (LY @e) (1@ £7))(A; ®E) by Xp; denote Q(A;®
A.) by Y, and denote (I ® F) by Ys. Let X be [P, X;,Xy] and Y
be [Yl; YQ; Yg]

With these additional notations, we can rewrite Eq. (4) as

Z — XY)~ (ZL ®L>

=y(Z '+ ZX(T - YZ'X)'YZ )

((iLﬁ-”@Ly))x+ <i(L()®e/))( ® £ )) )
(5)

where the second equation is due to the matrix inverse
lemma [13].

Remarks. In Eq. (5), Z=1-¢(Y\, LV @ LV)(A; ® A,)
does not depend on the candidate ¢. Thus, if we pre-com-
pute its inverse Z~!, we only need to update X(I — cYZ™*

Ker(G(T),G(Tp—y)) =

X)~'Y and PQx for every new candidate. Notice that com-
pared with the original graph kernel (the first equation in
Eq. @), (I-¢YZ'X) is a much smaller matrix of
(I+4)t x (I +4)t. In this way, we can accelerate the pro-
cess of computing its inverse without losing the accuracy
of graph kernel.

4.3 Speedup Graph Kernel—Approx Approach

Note that the graph kernel by Eq. (5) is exactly the same as
the original method by the first equation in Eq. (4). If we
allow some approximation error, we can further speed-up
the computation.

Note that A, is symmetric and its rank-r approximation can
be written as Ac = UV, where U is a matrix of size t by r and V
is a matrix of size r by ¢. A; can be approximated as
A=A, +A; =UV+EF =XY,, where X, =[UE],
Y, = [V;Fi],E; = [wy,s],F; = [s/;w]], s is a zero vector of
length t except that the last element is 1, and w; is the weight
vector from p to the members in 7. Similarly, after p is replaced
by a candidate g, the weight matrix of the new team can be
approximated as A, =X,Yy where X, = U, Es],Yy=
[V:Fs], Es = [wo,s],F, = [s'; w)] and wy is the weight vector
from ¢ to the members in the new team. The approximated
graph kernel for labeled graphs can be computed as:

Ker(G(T),G(T ) = y" (I - cL (A} @ A})) ' Lox
=y = L (X,Y1) ® (XoY3)) " Lux

¥ (I = Ly (X1 @ X2) (Y1 @ Ya)) 'Lyx
= ’(I+cLX(X1®X2) (Y1 ® Ya))Lyx

/

[ . .
= y/LXX+Cy/(ZL§])X1 (9 Lg)X2>M(Y1 ®Y2)LXX (6)

=1
l - -
- (Z<yaL§”xl><y’2L§”xz>) e
=1
l n R
(ZY&ng)Xl ®Y/2L;])X> (ZY1 %1 © Y,LS Xz)
=1

where M = (I - ¢(3\_, YiLYX; ® Y,LY'X,)) ™, the second
equation is due to the Kronecker product property; the third
equation is again due to the matrix inverse lemma, the fourth
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equation is by matrix multiplication distributivity and the last
equation is due to the Kronecker product property.

Remarks. The computation of M is much cheaper than the
original graph kernel since it is a matrix inverse of size
(r+2)% x (r 4 2)°. It was first proposed in [12] to explore
the low-rank structure of the input graphs to speed-up
graph kernel computations. However, in the context of
TeEam MEMBER REPLACEMENT, we would need to estimate
the low-rank approximation many times (O(3_,c7/, i)
when we directly apply the method in [12]. In contrast,
we only need to compute top-r approximation once by
Eq. (6). As our complexity analysis (Section 4.5) and
experimental evaluations (Section 6.3) show, this brings a
few times additional speed-up.

4.4 Speedup Graph Kernel—Approximation with
Correspondence

In the above approaches, the starting and ending probabilities
x and y are assumed to be uniform by default. This implicitly
implies that the starting points for random walks on the two
team graphs could be any combinations. However, the node
correspondences between the two teams are already known.
For example, suppose the members in the old team are
T = {a,b,c} and the new team after replacement becomes
T c—q = {a,b,d}. Then a,b,c in the original team correspond
to a,b,d respectively in the new team. With the correspon-
dence known, we can only consider those random walks start-
ing from the correspondent nodes only. In the above example,
only random walks starting from (a, a), (b,b), (¢, d) should be
considered. If we assign equal starting probabilities for the
correspondent starting nodes and zero for else, the starting
probability x can be written as:

,1]/. 7

1
x=-[1,0,0,...,0,0,1,0,...,0,...,0,0,0,...
t
t t t
Similarly, by the same reasoning, we get y = x. The com-
putations in Eq. (6) can be further simplified as follows:
to 1 )
LY(3,1)

1 R
yL.x=— LY (,1) -

~

YL(X; @Xo) =

The approximated graph kernel for labeled graphs with
node correspondence can be computed as:

Ker(G(7T),G(T,-,)) =y (I cL.(A] ® A}))”
= y'Lux + cy'Ly (X ® Xo)M(Y1 ® Y2)Lyx

L g Lo
—E Y a0 10 +g (X (L0156 )

1
L.x

9)

Remarks. As shown in Eq. (8), the savings from the corre-
spondences come from the way y'L,x, (Y; ® Ys)Lyx and
y'L«(X; ® Xp) are computed. For example, without corre-

L(IJ)X1®

YgLéj)xz will take O(It?r + Ir?) in Eq. (6), but it only takes

O(tl + tr?) in Eq. (9).

spondence, computing (Y; ® Yo)Lix by 2,2:1 Y;

4.5 Putting Everything Together

Putting everything together, we are ready to present our
algorithms for Team MEMBER REPLACEMENT. Depending on
the specific methods for computing the individual graph
kernels, we propose three variants.

4.5.1 Variant #1: TEAMREP-FAST-EXACT

We first present our algorithm using the exact graph kernel
computation in Eq. (5). The algorithm (TEAMREP-FasT-Exacr)
is summarized in Algorithm 1. We only need to pre-compute
and store Z™!, R, b and 1 for later use to compute each can-
didate’s score (step 2 and 3). In the loop, the key step is to
update M involving matrix inverse of size (I + 4)t x (I + 4)t
which is relatively cheaper to compute (step 17).

Algorithm 1. TeamRep-Fast-Exact

Input: (1) The entire social network G := {A,L}, (2) original
team members 7, (3) person p who will leave the
team, (4) starting and ending probability x and y(be
uniform by default), and (5) an integer k (the budget)

Output: Top k candidates to replace person p

1: Initialize A(,L(lj),L D i=1,...,1;
2: Pre-compute Z™! (I —c ZJ 1L ) ® LYY A @A)
3: SetR «— (Y, LY @ Li)x; b — y'Z'R;1— cy"Z";
4: foreach candzdate qin G after pruning do
5: Initialize s «— a zero vector of length ¢ except the last ele-
mentis 1;
6: Initialize w «— weight vector from ¢ to the new team’s
members;
7:  SetE «— [w,s|;F — [s/;w'];
8 Setel) —at by 1 zero vector except the last element is 1,
forj=1,...,d,;
9:  SetfY —al x tzero vector except the last element which
is label j assignment for ¢;
10: SetPand Q;
11:  Compute X;, X and Y, Ys;
12: Set X «— [P,Xl,XQLY(— [Yl;Yg;YQ]}
13:  UpdateM — (I—cYZ7'X)™!
14:  Computer — Z7'PQx;
15:  Computescore(q) = b +y'r + IXMY(Z~
16: end
17: Return the top k candidates with the highest scores.

'R +r)inEq. (5);

The effectiveness and efficiency of TEaMREP-Fast-Exact
are summarized in Lemma 2 and Lemma 3, respectively.
Compared with TEAMREP-Basic, Algorithm 1 is much faster
without losing any recommendation accuracy.

Lemma 2. Accuracy of TEAMREP-FasT-Exacr. Algorithm 1 out-
puts the same set of candidates as TEAMREP-BAsIcC.

Proof. (Sketch) First, according to Lemma 1, we will not
miss a promising candidate during the pruning stage.
Second, for each candidate after pruning, Algorithm 1
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calculates its graph kernel exactly the same as Eq. (5),
which is in turn the same as Eq. (4) and hence Eq. (2).
Therefore, after ranking the scores, Algorithm 1 outputs
the same set of candidates as TEAMREP-Basic. ]

Lemma 3. Time Complexity of TEAMREP-FasT-ExAcT Algo-
rithm 1 takes O((3 ez, i) (It° + I’?)) in time.

Proof. (Sketch) After pruning, the number of potential can-
didates (the number of loops in Algorithm 1) is
O jer/p di)- In every loop, computing X;, X, and Y; take
O(It*); computing M takes O(lt° + [*¢*) and computing
the score(q) takes O(It). Putting everything together, the
time complexity of Algorithm 1 is O((X 7/, di)
(It° + IPt%)). O

4.5.2 Variant #2: TEAMREP-FAST-APPROX

By using Eq. (6) to compute the graph kernel instead, we
propose an even faster algorithm (TEaMREP-FAST-APPROX),
which is summarized in Algorithm 2. In the algorithm, we
only need to compute the top r eigen-decomposition for A,
once (step 2), and use that to update the low rank approxi-
mation for every new team. Besides, when we update M, a
matrix inverse of size (r +2)% x (r + 2)? (step 14), the time
is independent of the team size.

Algorithm 2. TeamRep-Fast-Approx

Input: (1) The entire social network G := {A,L}, (2) original
team members 7, (3) person p who will leave the
team, (4) starting and ending probability x and y (be
uniform by default), and (5) an integer % (the budget)

Output: Top k candidates to replace person p

: Initialize A(,Lg ),LQ),j =1,...,1;

: Compute top r eigen- decomposmon for A.: UAU «— A_;

1 Set V— AU/;

: Initialize s « a zero vector of length ¢ except the last ele-

ment is 1;

: Initialize w; <« weight vector from p to 7;

: SetXjand Yy ;

: for each candidate q in G after pruning do

Initialize wy «— weight vector from ¢ to the new team’s

members ;

9:  SetX,and Ys;
10:  Compute S « Z] 1 yiL

=N =

® N o Ul

X1 ®y,L; Dx,;
11:  Compute T « 27 LY.L ( )xl ® Y2L( )x2)
12:  Update M «— (I— (3}, Y1L{X; ® YoL3 X)) ™'

13:  Set score(q) using Eq. (6)
14: end
15: Return the top k candidates with the highest scores.

The effectiveness and efficiency of TEAMREP-FAsT-APPROX
are summarized in Lemma 4 and Lemma 5, respectively.
Compared with TeEamMRer-Basic and TeaMREp-Fast-Exact,
Algorithm 2 is even faster; and the only place it introduces
the approximation error is the low-rank approximation of
A, (step 2).

Lemma 4. Accuracy of TEAMREP-FasT-Approx. If A. = UAU’
holds, Algorithm 2 outputs the same set of candidates as TEAM-
REep-Basic.

Proof. (Sketch) First, according to Lemma 1, we will not
miss a promising candidate during the pruning stage.
Second, for each candidate after pruning, if A, = UAU,
we have that A, = Ac, A, = A, and A, = A,. This means
when we compute the approximated graph kernel
using Eq. (6), the low rank approximations of A; and
A, is exactly the same as original A; and Aj. There-
fore, the scores calculated by Algorithm 2 are exactly
the same as Eq. (2), hence outputting the same set of
candidates. O

Lemma 5. Time Complexity of TEAMREP-FasT-ApPrOX Algo-
rithm 2 takes O((X,cz , di) (It°7 + 1°)) in time.

Proof. (Sketch) After pruning, the number of potential can-
didates (the number of loops in Algorithm 2) is
O(Xier), di)- In every loop, computing T takes O(It*r+

Ir?); computing M takes O(It*r + ir* 4 r%) and computing
the score(q) takes O(It* 4 r'). Putting everything together,
we have that the time complexity of Algorithm 2 is

O((Xierp di) (27 +1°)). O

Remarks. Considering that L] and L} are diagonal matrices,
computing M can be further reduced to O(ltr? + Ir'+ r9).

4.5.3 Variant #3: TEAMREP-FAST-APPROXCORR

The algorithm for computing the approximated graph ker-
nel with node correspondences as in Eq. (9) is summarized
in Algorithm 3. Compared with TEAMREP-FasT-APPROX, the
difference is that the starting and ending probabilities take
form in Eq. (7), which will allow simplified computation in
Eq. (8) (step 12-14).

Algorithm 3. TeamRep-Fast-ApproxCorr

Input: (1) The entire social network G := {A,L}, (2) original
team members 7, (3) person p who will leave the
team, and (4) an integer k (the budget)

Output Top k candidates to replace person p

: Initialize AL,L(lj),L( J) gJg=1...10;

: Compute top r elgen—decomp051tlon for A UAU — A, ;

Set V «— AU’;

: Initialize s < a zero vector of length ¢ except the last ele-

mentis 1;

: Initialize w; «— weight vector from p to 7;

: SetX; and Y;

: for each candidate q in G after pruning do

Initialize wy < weight vector from ¢ to the new team’s

members ;

9:  SetX,andYs; _ v

10:  Computeb — 371, Zé-:l LY (i,i) - LY (3,4);

11: (Cor)npute S Yl (X L) LY (0,0)Xa (i) @ Xo
i,:);

12: Compute T 2221(2221
(1);

13:  Update M — (I—c(3)_ YiL{X; ® YoL3X)) ™'

14:  Setscore(q) = b + 5SMT;

15: end

16: Return the top k candidates with the highest scores.

B~ W =

® N o Ul

LY, )- LY (4,0)Y1 (1) © Yo

The effectiveness and efficiency of TeamRep-Fasr-
APPROXCORR are summarized in Lemma 6 and Lemma 7,
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TABLE 2
Comparison of Proposed Algorithms

Algorithm Time Complexity

Remark

TEAMREP-Basic
TeEaMREP-FasT-ExacT

TeEAMREP-FAST-APPROX

O(nlr't?)
O((Xier ), i) (187 + 1Pt%))
O((Xier )y di)(It2r +1°))

Direct graph computations
Pruning + smoothness

Pruning + smoothness + low-rank approximation

TeAMREP-FasT-APPROXCORR — O((3,c7/, d;)(Itr? + %))  Pruning + smoothness + low-rank approximation + node correspondence

respectively. Compared with TeamREepP-Fast-Aprrox, Algo-
rithm 3 is much faster and outputs the same set of candi-
dates if the starting and ending probabilities take form in
Eq. (7).

Lemma 6. Accuracy of TeAMREP-FasT-ArprOXCORR. If the
starting and ending probabilities take form in Eq. (7), Algo-
rithm 3 outputs the same set of candidates as Algorithm 2.

Proof. (Sketch) Note the only difference between TEAMREP-
Fast-ArPROXCORR and TEAMREP-FasT-APPrOX is that the
starting and ending probabilities take form in Eq. (7) in
TEAMREP-FAsT-APPROXCORR.  According to Eq. (9), the
approximated graph kernel score is the same as output
by Eq. (6). O

Lemma 7. Time Complexity of TEAMREP-FAST-APPROXCORR
Algorithm 3 takes O((Xcr , di)(Itr* + 1)) in time.

Proof. (Sketch) After pruning, the number of potential can-
didates (the number of loops in Algorithm 3) is
O jer/pdi). In every loop, computing T takes
O(tl + tr?); computing M takes O(ltr* + Ir* +75) and
computing the score(q) takes O(It? + r'). Putting every-
thing together, we have that the time complexity of Algo-
rithm 3 is O((X_ 7, di) (Itr* +1°)). o

We summarize and compare the proposed algorithms in
Table 2.

5 BEYOND TEAM MEMBER REPLACEMENT: TEAM
REFINEMENT, TEAM EXPANSION AND TEAM
SHRINKAGE

In this section, we discuss how the techniques for Team
MEMBER REPLACEMENT can be applied to the other team
enhancement scenarios, including TEam REFINEMENT, TEAM
ExpansioN and Team SHRINKAGE. We note that the fast sol-
utions developed in Section 4 also apply to these scenar-
ios, and thus omit the detailed discussions.

5.1 Team REFINEMENT

In Team REFINEMENT, we want to edit a current team
member p to have the desired skill 1 and communication
structure vector a. As the person with the exact skill and
communication requirements might not exist in the net-
work, we aim to find a best-effort match. We define a
‘virtual member’ v to be the person with skill 1 and net-
work structure a and a ‘virtual team’ 7’ to be 7, .
Using graph kernel, the best-effort match ¢ can be
found as:

q = argmax; ;7 Ker(G(7"),G(T",—;)). (10)

5.2 Team ExpAnsiON
In Team ExransioN, we want to add a team member with the
desired skill 1 and communication structure vector a. Again,
because the exact match might not exist, we instead find a
best-effort match. We define a ‘virtual member’ v to be the
person with skill I and network structure a and a ‘virtual
team’ 7' to be {7,v}. Using graph kernel, the best-effort
match ¢ can be found as:
q = argmax; ;s 7 Ker(G(T'),G(T",))) (11)
5.3 TEAM SHRINKAGE
In TEAM SHRINKAGE, we want to remove a current team mem-
ber with minimum disruption. Since graph kernel can char-
acterize the team-level similarity, it can also be applied to
TeAaM SHRINKAGE. The idea is to find a current team member
p so that the new team after p leaves is most similar to the
old team. That is, we want to find a member p € 7 such that:
p=argmax;c;r Ker(G(7),G(7 ), (12)
where G(7 /;) is the labelled team graph after a team mem-
ber j leaves. Note that in TEAM SHRINKAGE, the search space

is no longer the rest network but the team itself, which is
much smaller.

6 EXPERIMENTAL EVALUATIONS

In this section, we present the experimental evaluations.
The experiments are designed to answer the following
questions:

o  Effectiveness: How accurate are the proposed algo-
rithms for TEAM ENHANCEMENT?

e Efficiency: How  scalable
algorithms?

are the

proposed

6.1 Datasets

DBLP. DBLP dataset* provides bibliographic information on
major computer science journals and proceedings. We use it
to build a co-authorship network where each node is an
author and the weight of each edge stands for the number
of papers the two corresponding authors have co-authored.
The network constructed has n = 916,978 nodes and
m = 3,063,244 edges. We use the conferences (e.g., KDD,
SIGMOD, CVPR, etc) to reflect authors’ skills (e.g., data min-
ing, data base, computer vision, etc) and for a given author and
conference, we define his/her skill level as the percentage
of the papers s/he publishes in that conference. For a given
paper, we treat all of its co-authors as a team. Alternatively,

4. http:/ /arnetminer.org/citation
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TABLE 3
Summary of Datasets
Data n m # of teams
DBLP 916,978 3,063,244 1,572,278
Mouvie 95,321 3,661,679 10,197
NBA 3,924 126,994 1,398

if a set of authors co-organize an event (such as a confer-
ence), we also treat them as a team.

Movie. This dataset’ is an extension of MovieLens dataset,
which links movies from MovieLens with their correspond-
ing IMDb webpage and Rotten Tomatoes review system. It
contains information of 10,197 movies, 95,321 actors/actress
and 20 movie genres (e.g., action, comedy, horror, etc.). Each
movie has on average 22.8 actors/actresses and 2.0 genres
assignments. We set up the social network of the actors/
actresses where each node represents one actor/actress and
the weight of each edge is the number of movies the two link-
ing actors/actresses have co-stared. We use the movie genres
that a person has played as his/her skills. For a given movie,
we treat all of its actors/actress as a team.

NBA. The NBA dataset® contains NBA and ABA statistics
from the year of 1946 to the year of 2009. It has information
of 3,924 players and 100 teams season by season. We use
players” positions as their skill labels, including guard, for-
ward and center. The edge weight of the player network
stands for the number of seasons that the two correspond-
ing nodes/individuals played in the same team.

The statistics of these three datasets are summarized in
Table 3. All the experiments are run on a Windows machine
with 16 GB memory and Intel i7-2760QM CPU.

Repeatability of Experimental Results. All the three datasets
are publicly available. We will release the code of the pro-
posed algorithms through authors’ websites.

6.2 Effectiveness Results
Recall that we have two design objectives for our TEaAM MEM-
BER REPLACEMENT problem, including both the skill match and
the structural match. Our effectiveness evaluations focus on
the following two aspects. First, we examine whether simul-
taneously considering both design objectives outperform
only considering one of them. Second, we evaluate to what
extent our graph kernel formulation outperforms other alter-
native choices, in order to fulfill both design objectives (i.e.,
the skill match and the structural match). To be specific, we
compare to the following alternative methods, including (a)
only with structure matching and not including L, in Eq. (2)
(Graph Only), (b) only with skill matching and using cosine
similarity of skill vectors as scores (Skill Only), (c) computing
the score from the euclidean distance of skill vectors (Skill
euclideanDist), (d) using the weighted sum of scores by ‘Skill
Only’ and ‘Graph Only’ (Linear Combination), (e) using the
multiplication of the two (Multiplicative Combination), and
(f) first picking those with high ‘Skill Only’ scores and then
ranking them by ‘Graph Only’ scores (Sequential Filtering).
A. Qualitative Evaluations. We first present some case
studies on the three datasets to gain some intuitions.

5. http://grouplens.org/datasets /hetrec-2011/
6. http:/ /www.databasebasketball.com

Case Studies on DBLP. Let us treat the organizing commit-
tee of KDD 2013 as a team. After filtering those not in DBLP,
we have 32 people in the committee team. We use their co-
authorship network as their social network. Suppose one of
the research track co-chairs Inderjit Dhillon becomes unavail-
able and we are searching for another researcher who can fill
in this critical role in organizing KDD 2013. The top five can-
didates our algorithm recommends are in Table 4. The
results are consistent with the intuitions - all of these recom-
mended researchers are highly qualified - not only have they
made remarkable contributions to the data mining field, but
also they have strong ties with the remaining organizers of
KDD 2013. For example, Liu is the current chair of KDD exec-
utive committee; Wang is one of the research track program
chairs for KDD 2014; and Faloutsos was the PC co-chair of
KDD 2003, etc. We also develop a prototype system to visual-
ize the teams before and after replacement. For details,
please refer to our conference version of the paper [5].

Case Studies on Movie. Assuming actor Matt Damon
became unavailable when filming the epic war movie Saving
Private Ryan (1998) and we need to find an alternative actor
who can play Ryan’s role in the movie. The top five recom-
mendations our algorithm gives are in Table 4. As we know,
Saving Private Ryan is a movie of action and drama genres.
Notice that both Damon and Jackson have participated in
many movies of drama, thriller and action genres, hence Jack-
son has the acting skills required to play the role in this
movie. Moreover, Jackson has co-played with Tom Sizemore,
Vin Diesel, Dale Dye, Dennis Farina, Giovanni Ribisi and Ryan
Hurst in the crew before. The familiarity might increase the
harmony of filming the movie with others.

Case Studies on NBA. Let us assume that Kobe Bryant in
Los Angeles Lakers was hurt during the regular season in
1996 and a bench player is badly wanted. The top five
replacements our algorithm recommends can be seen in
Table 4. As we know, Bryant is a guard in NBA. Among the
five recommendations, Kidd, Shaw and Lue all play as
guards. More importantly, Jason, Brian and Tyronn have
played with 9, 7 and 9 of the rest team members on the
same team in the same season for multiple times. Therefore,
it might be easier for them to maintain the moment and
chemistry of the team which is critical to winning the game.

Case Studies on Team ExpansiON. Suppose we want to
expand the organizing committee of KDD 2013 by hiring a
researcher with strong expertise in Artificial Intelligence,
and preferably who has collaborated with as many
researchers on the committee as possible. The top five can-
didates found by our algorithm are: Qiang Yang, Zoubin
Ghahramani, Eric Horvitz, Thomas G. Dietterich and Raymond
J. Mooney. All the candidates have made significant contri-
butions to the field of artificial intelligence and Yang, Hor-
vitz, Dietteirch and Mooney are the current AAAI fellows.
Among them, Yang has collaborated with some previous
KDD organizing committee members (e.g., Jian Pei, Ying Li,
Geoff Webb and Dou Shen).

B. Quantitative Evaluations. Besides the above case stud-
ies, we also perform quantitative evaluations.

User Studies. We perform a user study with 20 people as
follows. We choose 10 papers from various fields, replace
one author of each paper, run our method and the first two
comparison methods, and each of them recommends top
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TABLE 4
Case Studies Results
Dataset Method Recommendations
DBLP Ours Philip S. Yu, Jiawei Han, Christos Faloutsos, Bing Liu and Wei Wang
Graph Only Jian Wu, Ada Wai-Chee Fu, Ke Wang, Heikki Mannila, Daxin Jiang
Skill Only W. Nick Street, Kristin P. Bennett, David Gondek, Bianca Zadrozny, Katsuhiko Takabayashi
Multiplicative Combination  David Gondek, Katsuhiko Takabayashi, Jeremy Z. Kolter, Hung Hay Ho, Genady Grabarnik
Movie Ours Samuel L. Jackson, Steve Buscemi, Robert De Niro, Christopher Walken, Bruce Willis
Graph Only Tommy Lee Jones, Woody Harrelson, Stanley Tucci, Nicky Katt, Juliette Lewis
Skill Only Chris Cooper, Clive Owen, Gig Young, Stellan Skarsgrd, Brad Hunt
Multiplicative Combination  Gig Young, Brad Hunt, Adrien Brody, Danny Huston, Faye Dunaway
NBA Ours Rick Fox, A.c. Green, Jason Kidd, Brian Shaw and Tyronn Lue
Graph Only Rick Fox, A.c. Green, Chucky Brown, Michael Finley, Jason Kidd
Skill Only Mahmo Abdul-rauf, Tariqg Abdul-wahad, Forest Able, Alex Acker, Donald Ackerman
Multiplicative Combination Mahmo Abdul-rauf, Forest Able, Alex Acker, Donald Ackerman, Hassan Adams
0.9 wGraph Only 0.8 “Graph Only
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0.8 - = Skill Only 0.7 Our method
0.7 - Our method < 0.6
0.6 - o 0 5
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Fig. 1. The average recall, average precision and R@1 of the three com-
parison methods. Higher is better.
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Fig. 2. Recall for different papers. Higher is better.

five candidates. Then, we mix the outputs (15 recommenda-
tions in total) and ask users to (a) mark exactly one best
replacement; (b) mark all good replacements from the list of
15 recommended candidates. The results are presented in
Fig. 1, Fig. 2 and Fig. 3, respectively. As we can see from
these figures, the proposed method (the green bar) is best in
terms of both precision and recall. For example, the average
recalls by our method, by ‘Graph Only” and by ‘Skill Only’
are 55, 28, 17 percent, respectively. As for different papers,
our method wins 9 out of 10 cases, except for ‘paper 2’
where ‘Skill Only’ is best. One possible reason for the excep-
tion is that in ‘paper 2’ [14], all the authors are primarily in
computer vision while the person leaving (Prof. Han) is
mostly focused in data mining. As a result, using our

Fig. 3. Precision for different papers. Higher is better.
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Fig. 4. Average accuracy versus budget k. Higher is better.

method and Graph Only will bias towards those candidates
in computer vision; while the recommendations made by
Skill Only are more preferred by the users.

Author Alias Prediction. In DBLP, some researchers might
have multiple name identities/alias. For example, in some
papers, Alexander |. Smola might be listed as Alex |. Smola,
Zhongfei (Mark) Zhang might be listed as Zhongfei Zhang, etc.
For such an author, we run the team replacement algorithm
on those papers s/he was involved to find top-k replace-
ment. If his/her other alias appears in the top-k recom-
mended list, we treat it as a hit. The average accuracy of
different methods is shown in Fig. 4. Again, our method
performs best. It outperforms both the methods that
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Fig. 5. Time Comparisons before and after pruning on three datasets.
Notice time is in log-scale.

consider only one design objective (‘Skill Only’, ‘Graph
Only’ and ‘Skill euclideanDist’); and also those that use
alternative ad-hoc methods to combine both skill and struc-
tural match (‘linear combination’, ‘multiplicative
combination” and ‘sequential filtering’).

Team Shrinkage. In DBLP, we select teams with over 10
members and manually inject a “noisy” individual to the
team such that the individual is connected with all the team
members with random edge weights and has randomly
generated skill vectors. Recall that, in team shrinkage we
want to find the “best” member to leave the team without
much disruption to the team. In our setting, we treat the
“noisy” individual as the “best” candidate. For “Skill Only”,
we first compute the similarity matrix among all team mem-
bers using inner product of their skill vectors and then
apply max-pooling as their score. Fig. 6 shows the result of
our method, “Graph Only” as well as “Skill Only”. Our
method achieves the best Precision@1, Recall@1 and F@1.

6.3 Efficiency Results

A. The Speed-Up by Pruning. To demonstrate the benefit of
our pruning strategy, we run TEAMREP-Basic with and with-
out pruning on the three datasets and compare their run-
ning time. For DBLP, we choose the authors of paper [15] (6
authors); for Movie, we select the film crew of Titanic (1997)
(22 actors/actresses); for NBA, we pick the players on the
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Fig. 6. Precision@1, Recall@1 and F@1 of the three comparison meth-
ods for TEam SHRINKAGE. Higher is better.
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Fig. 7. Time Comparison between TeamRer-Basic and TeavRep-FasT-
ExacTt. TeamREP-FAST-ExacT is on average 3x faster. TEamREeP-Basic
takes more than 10 hours when team size = 70.

Los Angeles Lakers in year 1996 (17 players). The result is
presented in Fig. 5. As we can see, the pruning step itself
brings significant savings in terms of running time, espe-
cially for larger graphs (e.g., DBLP and Movie). Notice that
according to Lemma 1, we do not sacrifice any recommen-
dation accuracy by pruning.

B. Further Speedup. Next, we vary the team sizes and com-
pare the running time of TEAMREP-Basic with TEAMREP-Fast-
Exact(exact methods); and Ark-L [12] with TeamRep-Fasrt-
Arprox and TEAMREP-Fast-ApprOXCORR(approximate meth-
ods). For TEAMREP-Basic and Ark-L, we apply the same prun-
ing step as their pre-processing step. The results on DBLP are
presented in Fig. 7 and Fig. 8, respectively. We can see that the
proposed TEAMREP-FasT-ExacT and TEAMREP-FAST-APPROX are
much faster than their alternative choices, especially when
team size is large. Besides, knowing the node correspond-
ences, TEAMREP-FAsT-APPROXCORR can achieve additional
speed-up compared to TeamREep-Fast-Approx. Notice that
Ark-L is the best known method for approximating random
walk based graph kernel.

C. Scalability. To test the scalability of our TEAMREP-FasT-
Exact, TEAMREP-FasT-AprPrOX and TEAMREP-FAST-APPROXCORR
algorithms, we sample a certain percentage of edges from
the entire DBLP network and run the two proposed algo-
rithms on teams with different sizes. The results are pre-
sented in Figs. 9, 10 and 11, respectively. As we can seen, all
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Fig. 8. Time Comparisons between Ark-L [20] and TeamRep-FasT-

AprpPROX, TEAMREP-FAST-APPROXCORR.
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graph.

algorithms enjoy a sub-linear scalability w.r.t. the total num-
ber of edges of the input graph (m).

7 RELATED WORK

In this section, we review the related work in terms of (a)
team formation, (b) recommendation and expert finding,
and (c) graph kernel.

Team Formation. Team formation studies the problem of
assembling a team of people to work on a project. To ensure
success, the selected team members should possess the
desired skills and have strong team cohesion, which is first
studied in [2]. As follow-up work, Anagnostopoulos et
al [3] studies forming teams to accommodate a sequence of
tasks arriving in an online fashion and Rangapuram et al [4]
allows incorporating many realistic requirements into team
formation based on a generalization of the densest subgraph
problem. With the presence of the underlying social net-
work, the set cover problem is complicated by the goal of
lowering the communication cost at the same time. Cao et
al [16] develop an interactive group mining system that
allows users to efficiently explore the network data and
from which to progressively select and replace candidate
members to form a team. Bogdanov et al [17] studies how to
extract a diversified group pulled from strong cliques given
a network; this ensures that the group is both comprehen-
sive and representative of the whole network. Cummings
and Kiesler [8] find that prior working experience is the best
predictor of collaborative tie strength. To provide insights
into designs of online communities and organizations, the
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Fig. 10. Running time versus graph size. TEamMReP-FAsT-APPROX Scales
sub-linearly w.r.t. the number of edges of the input graph.
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scales sub-linearly w.r.t. the number of edges of the input graph.

systematic differences in appropriating social softwares
among different online enterprise communities is analyzed
in [18]. The patterns of informal networks and communica-
tion in distributed global software teams using social net-
work analysis is also investigated in [19]. Specific
communication structures are proven critical to new prod-
uct development delivery performance and quality [9]. To
assess the skills of players and teams in online multi-player
games and team-based sports, “team chemistry” is also
accounted for in [20], [21]. Along another line, recently
some work aim at predicting the long term performance of
a team [22], [23].

Recommendation and Expert Finding. Recommendation
and expert finding is a very active research topic in data
mining and information retrieval, either to recommend
products a user is mostly interested in or to identify the
most knowledgeable people in a field. Our work is related
to this in the sense that we aim to recommend top candi-
dates who are most suitable for the vacancy. A popular
method in recommendation (collaborative filtering) is latent
factor model [24], [25], [26]. The basic idea is to apply
matrix factorization to user-item rating data to identify the
latent factors. The factorization technique can be naturally
extended by adding biases, temporal dynamics and varying
confidence levels. In question-answering sites, e.g., Quora
and Stack Overflow, an important task is to route a newly
posted question to the ‘right” user with appropriate exper-
tise and several methods based on link analysis have been
proposed [27], [28], [29]. In academia, identifying experts in
a research field is of great value, e.g., assigning papers to
the right reviewers in a peer-review process [30], [31], which
can be done by either building the co-author network [15] or
using language model and topic-based model [32], [33]. For
enterprises, finding the desired specialist can greatly reduce
costs and facilitate the ongoing projects. Many methods
have been proposed to expert search through an organ-
ization’s document repository [34], [35].

Graph Kernel. Graph kernel measures the similarity
between two graphs. Typical applications include auto-
mated reasoning [36], bioinformatics/chemoinformatics
[37], [38]. Generally speaking, graph kernels can be catego-
rized into three classes: kernels based on walks [10], [11],
[39], [40], [41], kernels based on limited-sized sub-
graphs [42], [43], [44] and kernels based on subtree pat-
terns [45], [46], [47]. Graph kernels based on random walk is
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one of the most successful choices [48]. The idea is to per-
form simultaneous walks on the two graphs and count the
number of matching walks. One challenge of random walk
based graph kernel lies in computation. The straight-for-
ward method for labelled graphs take O(lr't?) time by
reducing to the problem of solving a linear system [10], [11].
With low rank approximation, the computation can be fur-
ther accelerated with high approximation accuracy [12].

8 CONCLUSION

In this paper, we study a family of problems under the
umbrella of Team ENHANCEMENT, namely, TEaM MEMBER
RePLACEMENT, TEAM REFINEMENT, TEAM ExransioN and TEaM
SHRINKAGE. To our best knowledge, we are the first to study
these problems related to teams in large-scale networks.
The basic idea of our method is to adopt graph kernel to
encode both skill matching and structural matching. To
address the computational challenges, we propose a suite of
fast and scalable algorithms. Extensive experiments on real
world datasets validate the effectiveness and efficiency of
our algorithms. To be specific, (a) by bringing skill matching
and structural matching together, our method is signifi-
cantly better than the alternative choices in terms of both
average precision (24 percent better) and recall (27 percent
better); and (b) our fast algorithms are orders of magnitude
faster while enjoying a sub-linear scalability.

This paper has presented an efficient technique in address-
ing the team enhancement challenge; however, the proposed
method can be applied to general graph mining problem
where the interaction of multiple objectives is critical, e.g.,
finding a similar multimedia object by considering both its
content and relationship with other objects. In the future, we
would like to expand team enhancement to team composition.
For instance, given the structure of a high-grossing movie
(e.g., Saving Private Ryan) of a particular genre, we want to
develop an effective algorithm to suggest a team of actors.

ACKNOWLEDGMENTS

This work is supported by DTRA under the grant number
HDTRA1-16-0017, by Army Research Office under the con-
tract number W911NF-16-1-0168, by the National Institutes
of Health under the grant number R0O1LM011986, Region II
University Transportation Center under the project number
49997-33 25 and a Baidu gift.

REFERENCES

[1] J. R. Hackman and N. Katz, Group Behavior and Performance. New
York, NY, USA: Wiley, 2010, pp. 1208-1251.

[2] T. Lappas, K. Liu, and E. Terzi, “Finding a team of experts in
social networks,” in Proc. 15th ACM SIGKDD Int. Conf. Knowl. Dis-
covery Data Mining, 2009, pp. 467-476.

[3] A. Anagnostopoulos, L. Becchetti, C. Castillo, A. Gionis, and S.
Leonardi, “Online team formation in social networks,” in Proc.
21st Int. Conf. World Wide Web, 2012, pp. 839-848.

[4] S. S. Rangapuram, T. Biihler, and M. Hein, “Towards realistic
team formation in social networks based on densest subgraphs,”
in Proc. 22nd Int. Conf. World Wide Web, 2013, pp. 1077-1088.

[5] L.Li, H.Tong, N. Cao, K. Ehrlich, Y. Lin, and N. Buchler, “Replacing
the irreplaceable: Fast algorithms for team member recommen-
dation,” in Proc. 24th Int. Conf. World Wide Web, 2015, pp. 636-646.

[6] R.Zadeh, A. D. Balakrishnan, S. B. Kiesler, and J. N. Cummings,
“What's in a move?: Normal disruption and a design challenge,” in
Proc. SIGCHI Conf. Human Factors Comput. Syst., 2011, pp. 2897-2906.

[7]

[8]

[9]

[10]

[11]

[12]
[13]
[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[271

[28]

[29]

[30]

[31]

625

P. J. Hinds, K. M. Carley, D. Krackhardt, and D. Wholey,
“Choosing work group members: Balancing similarity, compe-
tence, and familiarity,” in Organizational Behavior and Human Deci-
sion Processes, vol. 81, no. 2, pp. 226-251, 2000.

J. N. Cummings and S. B. Kiesler, “Who collaborates success-
fully?: Prior experience reduces collaboration barriers in distrib-
uted interdisciplinary research,” in Proc. ACM Conf. Comput.
Supported Cooperative Work, 2008, pp. 437-446.

M. Cataldo and K. Ehrlich, “The impact of communication struc-
ture on new product development outcomes,” in Proc. SIGCHI
Conf. Human Factors Comput. Syst., 2012, pp. 3081-3090.

S. V. N. Vishwanathan, N. N. Schraudolph, R. Kondor, and K. M.
Borgwardt, “Graph kernels,” J. Mach. Learn. Res., vol. 99,
pp- 1201-1242, 2010.

S. V. N. Vishwanathan, K. M. Borgwardt, and N. N. Schraudolph,
“Fast computation of graph kernels,” in Proc. Adv. Neural Inf. Pro-
cess. Syst., 2006, pp. 1449-1456.

U. Kang, H. Tong, and J. Sun, “Fast random walk graph kernel.”
in Proc. 12th SIAM Int. Conf. Data Mining, 2012, pp. 828-838.

G. Golub and C. Van Loan, Matrix Computations. Baltimore, MD,
USA: Johns Hopkins Univ. Press 1996.

L. Cao, et al., “Rankcompete: Simultaneous ranking and clustering
of information networks,” Neurocomputing, vol. 95, pp. 98-104, 2012.
J.-Z. Li, ]. Tang, J. Zhang, Q. Luo, Y. Liu, and M. Hong, “EOS:
Expertise oriented search using social networks,” in Proc. World
Wide Web, 2007, pp. 1271-1272.

N. Cao, Y.-R. Lin, L. Li, and H. Tong, “g-Miner: Interactive visual
group mining on multivariate graphs,” in Proc. 33rd Annu. ACM
Conf. Human Factors Comput. Syst., 2015, pp. 279-288.

P. Bogdanov, B. Baumer, P. Basu, A. Bar-Noy, and A. K. Singh,
“As strong as the weakest link: Mining diverse cliques in
weighted graphs,” in Proc. Eur. Conf. Mach. Learn. Knowl. Discovery
Databases, 2013, pp. 525-540.

M. Muller, K. Ehrlich, T. Matthews, A. Perer, I. Ronen, and I. Guy,
“Diversity among enterprise online communities: Collaborating,
teaming, and innovating through social media,” in Proc. SIGCHI
Conf. Human Factors Comput. Syst., 2012, pp. 2815-2824.

K. Chang and K. Ehrlich, “Out of sight but not out of mind?: Informal
networks, communication and media use in global software teams,”
in Proc. 2007 Conf. Center Adv. Studies Collaborative Res., 2007, pp. 86-97.
C. DeLong, L. G. Terveen, and ]. Srivastava, “Teamskill and the
NBA: Applying lessons from virtual worlds to the real-world,” in
Proc. IEEE/ACM Int. Conf. Adv. Soc. Netw. Anal. Mining, 2013,
pp- 156-161.

C. DeLong and ]J. Srivastava, “Teamskill evolved: Mixed classifica-
tion schemes for team-based multi-player games,” in Proc. 16th
Pacific-Asia Conf. Adv. Knowl. Discovery Data Mining, 2012, pp. 26-37.
L. Liand H. Tong, “The child is father of the man: Foresee the suc-
cess at the early stage,” in Proc. 21th ACM SIGKDD Int. Conf.
Knowl. Discovery Data Mining, 2015, pp. 655-664.

L. Li, H. Tong, J. Tang, and W. Fan, “ipath: Forecasting the path-
way to impact,” in Proc. SDM, 2016, pp. 468—-476.

Y. Koren, R. M. Bell, and C. Volinsky, “Matrix factorization techni-
ques for recommender systems,” IEEE Comput., vol. 42, no. §,
pp- 30-37, Aug. 2009.

G. Dror, N. Koenigstein, and Y. Koren, “Web-scale media recommen-
dation systems,” Proc. IEEE, vol. 100, no. 9, pp. 2722-2736, Sep. 2012.
C. Wang and D. M. Blei, “Collaborative topic modeling for recom-
mending scientific articles,” in Proc. 17th ACM SIGKDD Int. Conf.
Knowl. Discovery Data Mining, 2011, pp. 448-456.

J. Zhang, M. S. Ackerman, and L. A. Adamic, “Expertise networks
in online communities: Structure and algorithms,” in Proc. 16th
Int. Conf. World Wide Web, 2007, pp. 221-230.

M. Bouguessa, B. Dumoulin, and S. Wang, “Identifying authorita-
tive actors in question-answering forums: The case of yahoo!
answers,” in Proc. 14th ACM SIGKDD Int. Conf. Knowl. Discovery
Data Mining, 2008, pp. 866—874.

G. Zhou, S. Lai, K. Liu, and J. Zhao, “Topic-sensitive probabilistic
model for expert finding in question answer communities,” in
Proc. 21st ACM Int. Conf. Inf. Knowl. Manage., 2012, pp. 1662-1666.
D. M. Mimno and A. McCallum, “Expertise modeling for match-
ing papers with reviewers,” in Proc. 13th ACM SIGKDD Int. Conf.
Knowl. Discovery Data Mining, 2007, pp. 500-509.

M. Karimzadehgan and C. Zhai, “Constrained multi-aspect exper-
tise matching for committee review assignment,” in Proc. 18th
ACM Conf. Inf. Knowl. Manage., 2009, pp. 1697-1700.



626 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL.29, NO.3, MARCH 2017

[32] H. Deng, I. King, and M. R. Lyu, “Formal models for expert find-
ing on DBLP bibliography data,” in Proc. 8th IEEE Int. Conf. Data
Mining, 2008, pp. 163-172.

S. H. Hashemi, M. Neshati, and H. Beigy, “Expertise retrieval in
bibliographic network: A topic dominance learning approach,” in
Proc. 22nd ACM Int. Conf. Inf. Knowl. Manage., 2013, pp. 1117-1126.
K. Balog, L. Azzopardi, and M. de Rijke, “Formal models for
expert finding in enterprise corpora,” in Proc. 29th Annu. Int. ACM
SIGIR Conf. Res. Develop. Inf. Retrieval, 2006, pp. 43-50.

S. Wu, J. Sun, and ]. Tang, “Patent partner recommendation in
enterprise social networks,” in Proc. 6th ACM Int. Conf. Web Search
Data Mining, 2013, pp. 43-52.

E. Tsivtsivadze, J. Urban, H. Geuvers, and T. Heskes, “Semantic
graph kernels for automated reasoning,” in Proc. SIAM Int. Conf.
Data Mining, 2011, pp. 795-803.

A.Feragen, N. Kasenburg, J. Petersen, M. de Bruijne, and K. M. Borg-
wardt, “Scalable kernels for graphs with continuous attributes,” in
Proc. 26th Int. Conf. Neural Inf. Process. Syst., 2013, pp. 216-224.

N. Shervashidze, P. Schweitzer, E. ]J. van Leeuwen, K. Mehlhorn,
and K. M. Borgwardt, “Weisfeiler-lehman graph kernels,” J. Mach.
Learn. Res., vol. 12, pp. 2539-2561, 2011.

T. Gartner, P. A. Flach, and S. Wrobel, “On graph kernels: Hard-
ness results and efficient alternatives,” in Proc. 16th Annu. Conf.
Learn. Theory, 2003, pp. 129-143.

T. Gartner, J. W. Lloyd, and P. A. Flach, “Kernels and distances for
structured data,” Mach. Learn., vol. 57, no. 3, pp. 205-232, 2004.

K. M. Borgwardt and H.-P. Kriegel, “Shortest-path kernels on
graphs,” in Proc. IEEE Int. Conf. Data Mining, 2005, pp. 74-81.

T. Horvath, T. Gartner, and S. Wrobel, “Cyclic pattern kernels for
predictive graph mining,” in Proc. 10th ACM SIGKDD Int. Conf.
Knowl. Discovery Data Mining, 2004, pp. 158-167.

N. Shervashidze, S. V. N. Vishwanathan, T. Petri, K. Mehlhorn, and K.
M. Borgwardt, “Efficient graphlet kernels for large graph
comparison,” |. Mach. Learn. Res. - Proc. Track, vol. 5, pp. 488495, 2009.
R. I. Kondor, N. Shervashidze, and K. M. Borgwardt, “The graphlet
spectrum,” in Proc. 26th Annu. Int. Conf. Mach. Learn., 2009, pp. 529-536.
P.Mahé, N. Ueda, T. Akutsu, J.-L. Perret, and J.-P. Vert, “Graph kernels
for molecular structure-activity relationship analysis with support vec-
tor machines,” . Chemical Inf. Modeling, vol. 45, no. 4, pp. 939-951, 2005.
N. Shervashidze and K. M. Borgwardt, “Fast subtree kernels on
graphs,” in Proc. NIPS, 2009, pp. 1660-1668.

S. Hido and H. Kashima, “A linear-time graph kernel,” in Proc. 9th
IEEE Int. Conf. Data Mining, 2009, pp. 179-188.

K. M. Borgwardt, H.-P. Kriegel, S. V. N. Vishwanathan, and N.
Schraudolph, “Graph kernels for disease outcome prediction
from protein-protein interaction networks,” in Pacific Symp. Bio-
comput., 2007, pp. 4-15.

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]
[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Liangyue Li received the BEng degree in com-
puter science from Tongji University, in 2011. He is
working toward the PhD degree in the School of
Computing, Informatics and Decision System Engi-
neering, Arizona State University. His current
research interests include large scale data mining
and machine learning, especially for large graph
data with application to social network analysis.

Hanghang Tong received the MSc and PhD
degrees from Carnegie Mellon University, in 2008
and 2009, respectively, both in machine learning.
He is currently an assistant professor in the
School of Computing, Informatics and Decision
Systems Engineering, Arizona State University.
Before that, he was an assistant professor in the
Computer Science Department, City College, City
University of New York, a research staff member
at the IBM T.J. Watson Research Center and a
post-doctoral fellow at Carnegie Mellon Univer-
sity. His research interest includes large-scale data mining for graphs and
multimedia. He has received several awards, including a 10-year highest
impact paper award in ICDM 2015, four best paper awards, and ‘four
bests of conference’. He has published over 100 referred articles and
more than 20 patents. He has served as a program committee member in
top data mining, databases and artificial intelligence venues (e.g.,
SIGKDD, SIGMOD, AAAI, WWW, CIKM, etc).

Nan Cao received the PhD degree from the Hong
Kong University of Science and Technology in Aug.
2012. He is a full professor in the College of Design
and Innovation at Tongji University in Shanghai,
China. He is also the founder and director of Tongji
Intelligent Big Data Visualisation Lab. Before join-
ing Tongji, he was a research staff member at IBM
T.J. Watson Research Center and he worked for
IBM for 10 years during 2005 - 2015. His primary
research interests are information visualization and
visual analysis.

Kate Ehrlich received the BSc degree in psy-
chology from the University of London and the
PhD degree in cognitive science from the Univer-
sity of Sussex, United Kingdom. She was a senior
technical staff member in the Cognitive User
Experience Lab at IBM Research where she
used social network analysis (SNA) and other
methods to gain insights into patterns of collabo-
ration, information flow, and decision-making in
teams and communities that led to recommenda-
tions and analytics for improved performance.

Yu-Ru Lin is an assistant professor in the School
of Information Sciences, University of Pittsburgh.
Her research interests include human mobility,
social and political network dynamics, and
computational social science. She has developed
computational approaches for mining and visual-
izing large-scale, time-varying, heterogeneous,
multi-relational, and semi-structured data.

Norbou Buchler received the PhD degree in
experimental psychology from Syracuse Univer-
sity. He is a cognitive scientist in the Human
Research & Engineering Directorate of the Army
Research Laboratory. His basic research inter-
ests include understanding human cognition and
decision-making at network levels of interaction
using multi-disciplinary approaches including
.. ) . social network analysis, cognitive modeling,
Ui multi-agent simulation, and behavioral laboratory
experimentation. His applied research focuses
on human system integration and developing agent-based decision-sup-
port technologies for application in both cybersecurity and Mission Com-
mand environments. He did two post-doctoral fellowships, first at
Carnegie Mellon University examining computational and behavioral
approaches to cognition, and second at the Center for Cognitive Neuro-
science at Duke University.

> For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


