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ABSTRACT 1. INTRODUCTION

Interdisciplinary collaborations have generated huge impact to so-  Social network analysis focuses on modeling interactions be-
ciety. However, it is often hard for researchers to establish such tween people. Researchers have studied various issues in social
cross-domain collaborations. What are the patterns of cross-domainnetworks, such as network properties [6, 11] and generation pro-
collaborations? How do those collaborations form? Can we predict cesses [18], link predictions [19, 20, 21, 32] and recommenda-

this type of collaborations? tions [2, 7, 17]. Despite all the existing research in social networks,
Cross-domain collaborations exhibit very different patterns com- little has been done on analyzing collaborations across two differ-

pared to traditional collaborations in the same domainspgrse ent domains.

connection: cross-domain collaborations are rarec@mplemen- Interdisciplinary collaborations have generated huge impact to

tary expertise: cross-domain collaborators often have different ex- Society. For example, collaborations between biology and com-
pertise and interest; 3pic skewnesscross-domain collaboration puter science revolutionized the field of bioinformatics. Because of
topics are focused on a subset of topics. All these patterns violatethese cross-domain collaborations, originally extremely expensive
fundamental assumptions of traditional recommendation systems. tasks such DNA sequencing have become scalable and affordable

In this paper, we analyze the cross-domain collaboration data to @ much broader population. Now medicine and data mining are
from research publications and confirm the above patterns. We working together in the field of medical informatics, which is a big
propose the Cross-domain Topic Learning (CTL) model to address growth area that is expected to have huge impact on medicine [24].
these challenges. For handling sparse connections, CTL consoli-Indeed, cross-domain collaboration has become increasingly im-
dates the existing cross-domain collaborations through topic layersportant. Figure 1 shows the increasing trend of cross-domain col-
instead of at author layers, which alleviates the sparseness issuelaborations over the past fifteen years across different domains in a
For handling complementary expertise, CTL models topic distri- publication database (Cf. § 4 for details). In most of the cases, there
butions from source and target domains separately, as well as thegXists a clear increasing trend of the cross-domain collaborations.
correlation across domains. For handling topic skewness, CTLonly However, it is often hard for researchers to establish such cross-
models relevant topics to the cross-domain collaboration. domain collaborations. What are the patterns of cross-domain col-

We compare CTL with several baseline approaches on large pub-laborations? How do those collaborations form? Can we predict
lication datasets from different domains. CTL outperforms base- this type of collaborations? Cross-domain collaborations often ex-
lines significantly on multiple recommendation metrics. Beyond hibit very different challenges compared to traditional collabora-
accurate recommendation performance, CTL is also insensitive totions in the same domain:

parameter tuning as confirmed in the sensitivity analysis. First, sparse connection cross-domain collaborations are rare
) ] ) compared to traditional collaborations within a domain, partly be-
Categories and Subject Descriptors cause it is difficult for an outsider to find the right collaborator in

the field that one does not know. This also makes it challenging
to directly use a supervised learning approach due to the lack of
training samples.

H.3.3 [Information Search and Retrieval]: Text Mining; J.4 Social
Behavioral Sciences Miscellaneous

General Terms Secondpo_mplementary _expertis_e cross-domain collaborators _

) ) ] often have different expertise and interest; For example, data min-
Algorithms, Experimentation ing researchers can easily identify who they want to work with in
K d the data mining field, because the topics are known to them. How-

eyworads ever, for a cardiologist who wants to apply data mining techniques

Collaboration recommendation, Social network, Social influence to predict heart failures, it will be difficult for her to find the right
collaborators in data mining. Because these two fields (cardiology
and data mining) are completely different with different terminol-
ogy and problems. It is very difficult for one from cardiology to
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Figure 1. The comparison of existing collaboration and new collabordabn trends over years. DM - Data Mining domain; MI -
Medical Informatics domain; TH - Theory domain; VIS - Visualization d omain; DB - Database domain. The trends of cross-domain
collaborations in all but one case are growing (The exception betwaeDM and VIS remain roughly constant over time). Newly
formed cross-domain collaborations are significantly in all cases.

we should focus on better modeling those topics with high proba- research collaboration network, each user is associated with a set
bility of having cross-domain collaborations. of publication papers or a set of words appearing in those papers.
Despite of the above challenges, once such cross-domain col-Given this, we have the following definition:
laboration is successfully formed, its impact is usually tremen-
dous. In our study, cross-domain collaborations constitute a small  Definition 2. Domain-specific topic modelsA topic modeld;
portion of all possible collaborations as shown in Figure 1. The of a usew; is a multinomial distribution of attribute§P (z;(6;)};.
trends of cross-domain collaboration in many cases are growing. Then a domain is considered as a mixture of multiple user-specific
Newly formed cross-domain collaborations are significant in all topic models. The assumption behind is that attributes associated
cases, which confirmed the potential need for cross-domain col- with the user are sampled following a distribution corresponding to
laborations. each topic, i.e.P(z|6;).
Based on these observations, we propose the Cross-domain
Topic Learning (CTL) method that addresses all three challenges Such a definition is usually used in the LDA/PLSI style topic
including sparse connection, complementary expertise and topicmodels [4, 15]. According to the above definition, attributes with
skewness. CTL is a generative topic model that differentiates rele- the highest probability associated with each topic would suggest the
vant topics to cross-domain collaboration from other topics. semantics represented by the topic. For example, a “Data Mining”
We compare CTL with several baseline approaches on large pub-topic discovered from the publication data can be represented by
lication data sets of different domains. CTL outperforms others keywords “clustering”, “learning”, “classification”, etc.
significantly on recommendation metrics. Beyond accurate rec- The input of our problem consists of a source don@ihand a
ommendation performance, CTL is also insensitive to parameter target domairG”', each associated with topic models. Please note
tuning as confirmed in the sensitivity analysis. Finally, we inte- that the source domain and the target domain can be overlapping,
grate CTL into a large-scale web application for recommending i.e., VS N V7T # @. Given this, we can precisely define the fol-
cross-domain research collaborators, which further demonstratesiowing problem:
the scalability of CTL in handling real-time queries.
The rest of this paper is organized as follows: Section 2 for-  Problem 1. Cross-domain collaboration recommendation.
mulates the cross-domain recommendation problem formally; Sec- Given (1) a source domaif® and a target domai&”, (2) topic
tion 3 presents our proposed methods on cross-domain recommenmodels? andd’ associated with users in the two domains respec-
dation; Section 4 describes the experiments; Section 5 presents theively, the goal is to rank and recommend potential collaborators in
related work; then we conclude in Section 6. the target domain for a specific usgrfrom the source domain.

2. PROBLEM DEFINITION The fundamental challenge of this problem is how to capture the
¢ collaboration patterns across different domains. Within the same

cross-domain collaboration recommendation. Without loss of gen- doma'ﬂ' homophily is c_)ften cor_15|der_ed as t_he driven force for the
erality, we assume there are two domains, the source domain anJorma}tlon of po!labpratlve relat_lonshlps, which suggests tha_t peo-
the target domain. Our goal is to recommend potential collabora- ple with the similar interest (topic mode) tend to collaborate with

tors in the target domain for a specific user from the source domain, aCch other. However, in the cross-domain setting, the problem is
very different. Technically, it is challenging to extract and discrim-

Definition 1. Source/Target domain.The source (or target) do-  inate topics in the two domains. In particular, given a specific user
main can be represented as a social netwdek (V, E, X), where and her topic distribution from the source domainydrich topics
Visasetof V| = N usersands C V x V is a set of undirected  and withwhomshould she collaborate in the target domains?
(collaborative) relationships between useYsis anN x d attribute

matrix in which every row corresponds to a vector of attribute val- 3. CROSS-DOMAIN TOPIC LEARNING

ues of a user. We usg to denote thg*" attribute. . . . .
We begin by considering some baseline solutions and then pro-
We use superscript and” to differentiate the source domain  pose our cross-domain topic learning approach. A simple approach
and the target. If there is no ambiguity, we will onitfor the to the problem is to construct a collaboration graph connecting
source domain and use supersctifar the target, for brevity. Sup- users between source and target domains and then use a random
pose each user, is associated with attributes. For example, inthe  walk with restart algorithm [28] to rank collaborators in the target

We present required definitions and formulate the problem o
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Figure 2: Graphical representation of the three recommendatiormodels: author matching, topic matching, and CTL.

domain. We call this methoAuthor Matching The details of the walk, with elementS;; denoting the random walking probability
algorithm are described in Section 3.1. from nodev; to nodev;.

The problem with Author Matching is the sparse connections be- . .
tween authors across two domains. To alleviate this problem, the 3-2  TOpIC Matching
second model is to consolidate the correlation between the under- The author matching method only considers the network struc-
lying topics. Suppose each domain Haslifferent topics and each  ture information, but ignores the content (topic) information. How
user has a distribution over the topics. We can augment the collab-do people collaborate across different domains? And what are the
oration graph with two topic layers (as shown in Figure 2(b)). The hottest topics on which people from different domains tend to col-
links between the two topic layers indicate the alignment between laborate?
topics, which implicitly represents the complementary expertise  Recently, probabilistic topic models have been successfully ap-
between users. Based on this representation, a random walk withplied to multiple text mining tasks to extract topics from text [4,
restart algorithm can be again applied to the graph to rank (both 15, 27]. We employ an Author-Conference-Topic (ACT) model
topic and user) nodes in the target domain. We call this method [31], which utilizes the topic distribution to represent the inter-
Topic Matching and details are described in Section 3.2. dependencies among authors, papers, and publication vefihes.

Topic matching improves the cross domain connections through model simulates the process when people collaborate on a work,
a subset of topic pairs from source domain to target domain. How- e.g., writing a scientific paper, using a series of probabilistic steps.
ever, not all topic pairs are relevant for collaboration (topic skew- In essence, for each object it estimates a mixture of topic distribu-
ness). Therefore, blindly computing all topics from source and tar- tions which represent the probability of the object associated with
get domains are not necessary for collaboration recommendationevery topic. Such as for each authgive have a set of probabilities
and often lead to sub optimal results. One challenge here is how to{P(z;|v)}; or{0.., }:, respectively denoting how likely authoiis
differentiate relevant “collaboration” topics from other topics. We interested in topic;. Similarly, we have{ P(x;|z)}; of {¢zz; }5.
further design a Cross-domain Topic Learning (CTL) algorithm to the probability of attributer; (e.g., a keyword) given topie. We
address this challenge in Section 3.3. use Gibbs sampling to learn the probabilities. The interested reader

. ils.
31 Author Matchlng can refer to [31] for more details

Based on the historic cross-domain collaborations, we create aC0mbining topic model into random walk.  We now discuss
collaboration graph, as shown in Figure 2(a). The problem is to hpw to combine the topic model into the random walk framework.
rank relevant nodes in the target doméifi for a given query node  First, we apply the ACT model to the source and the target do-
v, in the source domai?®. Measuring the relatedness of two ~ Mains .respectlvely.and obtain two sets of topic distributions. Th.en
nodes in the graph can be achieved using the Random Walks withWe estimate the alignment between topics of these two domains.
Restarts (RWR) theory [22, 28]. Starting from nodg a RWR We calculgte the allg.n.ment according to the hlstquc cross-domain
is performed by following a link to another node according to the coII_aboratlons. Specifically, thg strength _of the alignment between
weight of the link at each stép.Also, in every step, there is a  [OPIC zi from the source domain and topi¢ from the target do-
probability ~ to return the node,. The relatedness score of node Main is estimated by:

v; Wrt nodev, is defined as the stationary probability that the
random walk will finally arrive node, i.e., S, == Z [P(ziv) + P()|v")] @)
('u,'u’)GEST
r ) — (1 —-7)s.r' 4 rq (1)
wherer is a normalization factor(v, v') € ET indicates a cross-
domain collaboration betweenandv’.

We augment the graph generated in the author matching method
with topic nodes{z} and {z'} extracted from the two domains.
Figure 2(b) shows the graphical structure, which suggests that a
random walk can be performed from a usdp a topicz and from

wherer ) is a vector with each elemerit denoting the probability
that the random walk at steparrives at node;; g is a vector of
zero with the element corresponding to the starting nodget to
1,i.e.,q,, = 1, Sdefines the transition probability of the random

1 . . . .
In. the author matching me_thod, Wwe use a unlf(_)rm we|lght, €. 2The ACT model can be considered as an extension of LDA [4],
weights of links of a node to its neighbors are defined gs; ;. but considers the collaborative relationships between users and
where N B(v) is the number of neighbors of node In §3.2, we the difference of various objects (e.g., author, paper, and confer

will introduce how to define the weight based on topic model. ence/journal).



Input : a source domait> and a target domai'”
Output: estimated parametefs’,¢, 9, and\

Initialize an ACT model inG*® by learning from documents written Q
authors only fronG'S;
Similarly, initialize an ACT model for target domai@™;
foreach collaborated document do
foreachword z4; € d do
Toss a coirsg; according thernoulli(sg;) ~ beta(vye, ),
wherebetal(.) is a Beta distribution, ang; and~ are two
parameters;
if s4; = 0then
Randomly select a paiw, v") from d's authors, where
is an author fronG*S andv’ from GT;
Draw a topiczgy; ~ multi(9,,) from the topic
mixtured,,,,, specific to(v, v’);
nd
sq; = 1then
Randomly select a user,
Draw a topiczy; ~ multi(6,) from the topic model of
userv;

=0

end

end
Draw a wordz g; ~ multi(¢.,, ) from zg;-specific word
distribution;

end
Algorithm 1: Probabilistic generative process in CTL.

source
domain

» @
@ G

Collaborated document d

Figure 3: Graphical representation of CTL model.

a topic z of the source domain to a topi¢ of the target domain
(and vice versa). The link weight between user nodend topic
nodez is defined as the probabilit}(z|v) obtained from the ACT
model. Then the relatedness of the query node to a target £bpic

Table 1: Notations in the CTL model.

SYMBOL | DESCRIPTION
T number of topics
d a collaborated document
Ay a set of authors of documedit
Tgi thesth attribute (word) in document
Zdi the topic assigned to attribuigy;
Sdi if z4; Is a word from a single domain or a cross domain
0y multinomial distribution over topics specific to author
[ multinomial distribution over topics specific to author
pair (w,v")
b2 multinomial distribution over words specific to topic
a, Dirichlet priors to multinomial distribution§, 8" and¢
A parameter for sampling the binary variakle
Y, Yt Beta parameters to generate

CTL model. (For simplicity, we omit the modeling part for single
domain and focus on the modeling of the collaborated documents.)
CTL models each cross-domain collaborated document using topic
models of authors from the source domain and the target domain.

Let us briefly introduce notationsl, is a set of authors of doc-
umentd; v is an author andv, v') is an author pair randomly sam-
pled to be responsible for word s is a binary variable indicating
whether the current word inherits the topic from a single domain
(s = 1) or by a cross-domain collaboratian= 0; § and¢’ are
topic models from the source domain and the target domain, re-
spectively; ¥, is a collaboration topic model specific to author
pair (v,v"); « is the Dirichlet hyperparametel; is a parameter
for sampling the binary variable; v and~; are Beta parameters
to generate\. Table 1 summarizes the notations used in the CTL
model.

Formally, the generative process is described in Algorithm 1:
first, documents of the two domair®® and G* are partitioned
into three clusters: documents written by authors only from the
source domain, documents written by authors only from the tar-
get domain, and documents collaborated by authors from both do-
mains. Then CTL respectively extracts topics of authors from the
first two document clusters (without cross-domain collaborations)
according to the distributigr{d,,|) andp(6.,|c), wherea is the
Dirichlet prior. For simplicity, we use the same priarfor both
source and target domains.

Second, CTL models the cross domain collaboration documents.

is defined by a similar formula as that in Eq. 1 and analogously we FOF €ach wordz,; in documentd, a coins is tossed according to
can define the relatedness between the query node and user nodd¥sld) ~ beta(y:,7), wherebeta(.) is a Beta distribution. When

in the target domain.

3.3 Cross-domain Topic Learning (CTL)

The topic matching method does not discriminate the “collabo-
ration” topics from those topics existing in only one domain. As
a result, the “irrelevant” topics (irrelevant to collaboration) may
hurt the collaboration recommendation performance. We develop a
new topic modeling approach called Cross-domain Topic Learning
(CTL) to model topics of the source domain and the target domain
simultaneously.

Model description. The basic idea here is to use two correlated
generative processes to model the source and the target domain
together. The first process is to model documents written by authors

s = 1, a single usew (or v’) is chosen according to a uniform
distribution, then the word4; is sampled from a selected topic
zq; specific to the usew, according tod, (therefore, this is not a
cross-domain collaboration). When= 0, a pair of cross-domain
collaboratorgv,v") are selected, and a new multinomial distribu-
tion 9, is constructed by combining, andé,, (therefore, cross-
domain collaboration is formed). More specifically, we first expand
the source and target topic spaces to be of the same dimension. For
example, if source domain has 10 topics and target domain 5 top-
ics, the expanded topic space will have 15 topics (10 from source
domain and 5 from target domain). The expanded source topic
distributiond,, =< 6,,0,...,0 >, where we set 0 on the target
topics. Similarly, we define the expanded target topic distribution
to bef, =< 0,...,0,6, >. The new distribution?,, is then

from single domain (either source or target). The second process isdefined as, + 6., a simple mixture of the two expanded multi-

to model collaborated documents. For each word in a collaborated
document, we use a Bernoulli distribution to determine whether
it is generated from a “collaboration” topic or a topic-specific to

one domain only. Figure 3 shows the graphical structure of the

nomials off,, andé, [5]. Finally the wordz4; is sampled from a
collaboration topicz4; according to the new distributiof,,,, .

Figure 4 illustrates an example of CTL learning. Before CTL
learning, each author only has topic distribution in either source or
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Figure 4: Intuitive explanation of the CTL learning. ¢ is a pa-
rameter to select collaboration topics.

target domain (zero probability on topics from the other domain).
Then, CTL smoothes topics distributions across the two domains.
Users from the source domain will also have a probability over top-
ics extracted from the target domain, and vice versa. After training
the CTL model, we also obtain a set of “collaboration topics” be-
tween the two domains, i.e., topics with the highest posterior prob-
abilities P(z|s = 0,) (or P(z|s = 0,-) > ¢) in the collaborated
documents. (Here,indicates all the other parameters we should
consider when calculating the probability.) For example in right
hand side of Figure 4, the box indicates those collaboration topics.

Model inference. We use Gibbs sampling to estimate unknown
parameters{d, 6’9, ¢, A} in the CTL model. In particular, we
evaluate (a) the posterior distribution eh (or z) for each word

in the document written by authors only from a single domain and
then use the results to inféf (or 6); (b) the posterior distribution
on s, and then use the sampling resultszadnd 2’ according tos

to updated, 6 andd’. Finally, A and¢ can be inferred from the

Tdi; Mo, 1S the number of times that topic has been sampled
from user paiv,v'). P(sq; = 1|-) can be analogously defined as
the above equation. The only difference is to replace the sum of the
two terms(n..,, + n..,,) with the number by a selected single
userv (orv’).

The posterior probability of topie is defined as:

—di
2diTdi

“di
Zm(mzdilz + Mzg;x + m/zdiz + 5)
—di

vv’lzdi + (nvzdi + nv/zdl) +a

X —di
> (S A (e + 1) + @)

/
m +m2di-73di +mzdiwd,i +,8

P(zgilsai = 0,%,2_qi,) =

(5)
wherem_® is the number of times that worghas been generated
by topic z in the collaborated documents;.,, andm., respec-
tively represents the number of times that wartias been gener-
ated by topicz in the source domain and that in the target domain.

During the parameter estimation, the algorithm keeps track of a
V x T (user by topic) count matrix for both domains,/a x 2
(collaborated document by coin),2ax T' (coin by topic) count
matrices, and alP x T (user pair by topic) count matrix4AP is
the number of user pairs). Given these matrices, we can estimate
the probabilities o), 8’, 9, ¢, and .

Cross-domain recommendation via random walk. We com-

bine the learned “collaboration” topics by CTL into the collabora-
tion graph (Cf. Figure 2(c)). In principle, there could be a link
between any user node and topic node (the difference is the link
weight). To control the density of the constructed network, we
define a parameterand add links between users and topics only
when P(z|s = 0,-) > e. A smallere results in a more dense
network. Random walk with restart is then performed on the topic
augmented graph to calculate the relatedness between users from
the target domain and the query user node in an analogous way as

obtained topic models. More specifically, we begin with the joint done in Eq. 1. Finally we rank users in the target domain accord-
probability of all documents in the two domains, and then using the ing to the estimated relatedness scores and recommend users with
chain rule, we obtain the posterior probability of sampling the topic the highest relatedness. One advantage of the CTL model is that
for each word. For (a) we use the same sampling algorithm as thatit js able to recommend “related” collaboration topics based on the

for the LDA model (or the ACT model) (cf. [13] or [31]), i.e. with
the posterior probability:

—di
Mzgizg; + 8

S (mzd )

—di
Nyzg; T &

P(ZdA|Zfd'7X7') = —di
’ t Zz(nvzdl +0£)

®

wheren,, . is the number of times that topic has been sampled
from the multinomial distribution specific to a randomly selected
authorv; m,. is the number of times that wordhas been gener-
ated by topicz; the numben =% with the superscript-di denotes

a quantity, excluding the current instance. We use a similar process

for both domains.

For parameter estimation in (b), we consider a two-step Gibbs
sampling. We first sample the coiaccording to the posterior
probability: (Detailed derivation is given in Appendix.)

—di
P + vt
+ n(;sdlz +v+
—di
WJ/Zdz + (Nozg; + nv’zd,;) + o

X :
Zz(n;ﬁl + (Nozg; +Nyrzy,) + @)

P(sqi =0[s_q4i,2,) =

—di

ndsg

4)

wherengs, is the number of times that= 0 has been sampled in
documentd; (v,v’) is the selected user pair to be responsible for

relatedness scores between the query node and the topic nodes. In
topic matching, we could also consider recommending topics based
on the relatedness scores; however, the recommended topics might
be irrelevant to collaboration. In CTL, the recommended topics
directly reflect existing collaborations across the two domains.

The CTL model can be also generalized to multiple domains.
The basic idea is to use a multinomial distribution to replace the
Bernoulli distribution. The multinomial represents collaboration
topics among multiple domains, between two specific domains, or
those in single domain. Based on the learned topics, we can con-
struct a topic-centered network (similar to Figure 2(c)). Then the
random walk with restart can be performed on the network to esti-
mate the relatedness scores of users from different domains.

4. EXPERIMENTAL RESULTS

In this section, we evaluate the proposed methods on large pub-
lication datasets of different domains. All data sets and codes are
publicly availablé.

4.1 Experimental Setup

Data sets. The data set is extracted from Arnetminer.org [31],
an academic search system, which contains 1,436,990 authors and

3http://arnetminer.org/collaboration



1,932,442 publications. The data we used in our experiments spans
from 1990 to 2005. We consider the following five sub-domains: ~ wherey is a balance parameter. We empirically set it as 0.5.
o ] ) Katz: Itis the best link predictor in [20]. It sums over all possi-
e Data Mining: We use papers of the following data min-  pje paths between the query user and a candidate user, and then use
ing conferences: KDD, SDM, ICDM, WSDM and PKDD  the summation score to rank all candidates.
as ground truth, which result in a network with 6,282 authors  aythor Matching: (Cf. §3.1) It makes recommendation by per-
and 22,862 co-author relationships. forming the random walk with restart on the collaboration graph.

Topic Matching: (Cf. §3.2) It makes recommendation by com-
bining the extracted topics into random walking algorithm.

CTL: (Cf. 83.3) It is the proposed method, which considers
topic skewness and extracts relevant topics to cross-domain collab-
oration. The relevant topics are then integrated into the random
walk framework for recommendatidh.

e Medical Informatics: We include the following journals:
Journal of the American Medical Informatics Association,
Journal of Biomedical Informatics, Artificial Intelligence in
Medicine, IEEE Trans. Med. Imaging and IEEE Transac-
tions on Information and Technology in Biomedicine, from
which we obtain a network of 9,150 authors and 31,851 co-

author relationships. Evaluation metrics.  To quantitatively evaluate the proposed

« Theory: We include the following conferences, i.e., STOC, methods, in each te'st'case, we use historic collaboration data (data

FOCS and SODA, from which we get 5,449 authors and bef_ore_2001) for tral_mng and the_ last four years (2001-2005) for
27,712 co-author relationships. validation. In evalgatlon, we cqn3|der those candldate§ who alre_ad_y
have cross-domain collaborations and then our task is to predict if

e Visualization: We include the following conferences and they will maintain the collaborations or expand new cross-domain
journals, CVPR, ICCV, VAST, TVCG, IEEE Visualization collaborations. If the system recommends a cross-domain collab-
and Information Visualization. The obtained coauthor net- oration and later the collaboration has been built, then we say the
work is comprised of 5,268 authors and 19,261 co-author re- system made a correct recommendation; otherwise we say the sys-
lationships. tem made a wrong recommendation. Based on this, we evaluate the

. ) . recommendation performance in terms of P@10 (Precision for the

e Database:We include the following conferences, i.e., SIG- top 10 recommended results), P@20, R@100 (Recall for the top

MOD, VLDB and ICDE. From those conferences, we extract 10g results), MAP (Mean Average Precision), and Average Recip-
7,590 authors and 37,592 co-author relationships. rocal Hit-Rank (ARHR) [9].

Based on the above five sub domains. we create four cross- All codes are implemented in C++, and all the experiments are
domain test case®ata Miningto Theory Medical Informaticso conducted on an x64 server with E7520 1.87GHz Intel Xeon CPU

Database Medical Informaticsto Data Mining andVisualization and 128G RAM. The operation system is Microsoft Windows Sever
to Data Mining 2008 R2 Enterprise. For training the ACT ar_1d the CTL mod'els, it
takes about 12 hours and 15 hours respectively on the entire data

Comparison methods. We compare the following methods for  set (1,436,990 authors and 1,932,442 publications). Recognizing

collaboration recommendation: the computation complexity of LDA style models, we are currently
Content Similarity (Content): It calculates similarity between  looking into developing more efficient computation mechanism to

authors based on papers published by them. Specifically, we con-speed up the process.

struct feature vectow, andw,. of words used in papers published . .

by query author and target authas’, respectively. Those feature 4.2 Recommendation Performance Analysis

vectors are normalized by TFIDF [1]. The similarity score is the  Table 2 lists the performance of cross-domain collaboration rec-

Cosine similarity betweew, andw, ommendation by the comparison methods on the four different test
cases. The proposed CTL method clearly outperforms the base-

Sim(vg,v') = _Wq - Wy (6) line methods (+2.2-30% in terms of MAP). Content only considers

([ W[ w | the content information, which leads to a bad performance. The

two methods (Hybrid and Topic Matching), combining the content
and the network information, improve the recommendation per-
formance compared to the simple baselines such as Content, CF
and Author Matching. Moreover, Topic Matching considers the
topic information extracted from the two domains, and thus per-
forms better than the Hybrid method adopting a simple combina-
tion. CTL differentiates “collaboration topics” from those irrele-
vant topics and obtains significant improvement over both Hybrid
and Topic Matching.

Collaborative Filtering (CF): It leverages the existing collab-
orations to make the recommendation. The basic idea is that if a
guery authog has the same or similar collaborators as a person
within the same domairy is then likely to have the same cross-
domain collaborators as. We employ a memory-based collabo-
rative filtering algorithm [8], in which recommendations are made
for a query usey using the following formula:

CF_score(q,v") = Z I(z,v")r(q, ) 7)
zeVS Cross-domain topics analysis. How many topics are enough
for the cross-domain recommendation? We perform an analysis by
wherer(q, z) is the similarity between authors in the source do- varying the number of cross-domain topics in the proposed CTL

main, e.g., Cosine similarity based on collaboration connections; method. Figure 5(a) shows its MAP performance with the num-
the indicator variable/(z,v’) is 1 if the authorz has a cross-

domain collaboration with’ and 0 otherwise. ‘As for the hyperparametets a:, andg, following LDA [4], we
Hybrid: It considers a linear combination of the scores obtained empirically take fixed values (i.eq = a4, = 50/7, andj =
by the Content and the CF methods, specifically, 0.01). v and+, are defined to represent our preference for cross-

domain collaborations (i.e, = 3.0 andvy = 0.1). We did try
different settings and found that the estimated topic models are not
Hybrid(vg,v') = pCF_score(vg, v")+(1—p)Sim(vq, v') (8) very sensitive to the hyperparameters.



Table 2: Recommendation performance by different methods 0% -

cF

on the four cross-domain test cases (%). Content— Content 03k ) ]
Similarity; CF — Collaborative Filtering; Author — Author Matching; 5 (= R
Topic— Topic Matching. 8 0%
Cross ARHR | ARHR T ool
domain ALG | P@10 P@20 MAP | R@100 10 20 %
Conten{ 10.3| 10.2| 10.9| 31.4 4.9 2.1 3 0151
CF 156 | 13.3| 23.1| 26.2 4.9 2.8 s |
Data - S o1
Mining (S) Hybrid| 17.4| 19.1| 20.0| 29.5 5.0 2.4 =
to Auth_or 272 223 | 25.7| 324 10.1 6.4 005
Theory (T) Topic | 28.0| 26.0| 32.4| 335 134 7.1 . |
Katz | 30.4| 29.8| 31.6| 27.4 11.2 5.9 DM-TH MI-DB MI-DM cv-DM
CTL 37.7| 36.4| 40.6| 35.6 14.3 7.5
Content 10.1| 10.9| 12.5| 45.9 3.6 2.1
. CF | 183 20.2| 21.4| 476 53 39 Figure 6: Performance on new collaboration prediction of all
I'\r’]';d'(cg; Hybrid| 25.0 | 265 284 59.1 | 64 | 42 algorithms.
t(') Author| 26.2| 29.6 | 32.2| 54.8 10.5 5.4

Topic | 29.4| 26.3| 34.7| 59.3 115 5.2
Katz | 27.5| 28.3| 30.7| 57.2 10.5 5.0
CTL | 325| 30.0| 36.9| 59.8 114 5.4
Content 5.8 5.7 9.5 19.8 1.9 0.9

Database (T| (within 5 iterations). This fast convergence on CTL model enable
real time query support that is crucial in the deployed system we

will discuss next.

Medical CF | 137 17.8] 18.9] 343 | 27 13 New Collaboration Prediction The collaboration network is dy-
Info. (S) | Hybrid| 180 | 190] 19.8] 36.7 | 34 | 13 namic in nature, with collaborative relationships created over time.
to Author| 20.1| 23.8| 29.3| 644 | 53 | 21

In general, there are two types of collaborative behaviors, maintain-
ing existing collaborations and building new collaborations. Can
we predict who will create a new collaboration in the future? This

Data Topic | 26.0| 25.0| 33.9| 48.1 10.7 5.6
Mining (T) Katz | 21.2| 23.8| 32.4| 481 10.2 4.8
CTL | 30.0| 24.0| 35.6| 49.6 12.2 6.0

Contenl 96 | 1181 1321 189 31 18 is a more difficult task. We conduct an experiment to evaluate the
_ CE [ 140 208 264 294 6.9 23 performance of the proposed method for new collaboration predic-
Visual. (S) FHrrd T 16,0 | 200 27.6] 301 | 63 | 44 tion. In particular, we still use the publication data before 2001 for
to Authorl 2201 2521 27.71 311 | 119 | 6.7 training and the data between 2001-2005 for test, and in the evalua-
. pata Topic | 26.3| 25.0| 32.3| 314 | 13.2 3.8 tion, we only consider new collaborations in the test data. Figure 6
Mining (T) 2t T 230 251 293 302 | 104 | 54 shows the performance of new collaboration prediction by the six
CTL | 28.3| 26.0| 328 363 | 140 | 91 comparison algorithms. On average, the performance of all algo-

rithms drops a bit, but all algorithms have similar behaviors as that
in Table 2. In particular, it is exciting to see that CTL can still main-
tain about 0.3 in terms of MAP which is significantly higher than

ber of cross-domain topics varied. We see, when the number is )
the baseline methods.

small (< 80), increasing the number often obtains a performance
improvement. The trend becomes stable when the number is up

to 150. This demonstrates the stability of the CTL method with 4.3 Prototype SyStem o
respect to the number of topics. We have developed and deployed a web application for cross-

domain recommendation based on the proposed CTL metfibe
Hyperparameter analysis. We usea as the example to ana-  system trained a CTL model offline using all the publication data
lyze how hyperparameter influences the performance of the CTL (about 1,932,442 publication papers) in Arnetminer.org. When a
method. Figure 5(b) shows the performance of CTL with the pa- user wants to find cross-domain collaborators, he first inputs his
rametera varied (all the other hyperparameters fixed and the num- profile (including organization and research interest) or use an ex-
ber of topics is set a8 = 120). We see although the performance isting author profile via the Arnetminer system, which includes
changes when varying the value @f the largest difference is less  more than 1 million researcher profiles. Then the user inputs the
than 0.03 This confirms CTL method is not sensitive to the partic- target domain (by keywords) in which he wants to find collabo-
ular choice ofo. rations. The system performs the random walk with restart algo-

rithm (Cf. 8§3.3) online against the CTL model to rank potential

Restart parameter analysis. We study how the parameteiinflu- topics/collaborators in the target domain.

ences the process of random walk with restart. Figure 5(c) plots the
performance of the CTL method on the four test cases with the pa-
rameterr varied. In general, the recommendation performance is 5. RELATED WORK

not sensitive to the restart parameterBy a careful investigation, Collaboration recommendation plays an important role in many

we find that a smal- makes the random walk diffuse too quickly fields and has attracted a lot of research interest. Chen et al. [7]
thus can hurt the precision, while a largéimits the diffusion pro- have developed a system called CollabSeer for discovering poten-
cess and thus can result in a lower recall. tial collaborators for a given author based on the structure of the

) . i coauthor network and the user’s research interests. This is the
Convergence analysis. We further investigate the convergence ot relevant paper to our work. However, it does not consider
of the random walk with restart algorithm. Figure 5(d) shows e ¢ross-domain problem. Konstas et al. [17] investigated how

the convergence analysis of different models on the test case ofgqcig) relationships can help recommendation. They developed a
Visualization-Data Mining. We see all the three models converge

within 10 iterations and CTL achieved even faster convergence °http://arnetminer.org/collaborator
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Figure 5: Parameter analysis. (a) Performance of cross-domain topic learning model by varing the number of topics T'; (b) Performance of
cross-domain topic learning (CTL) is stable when varyinga: parameter; (c) Performance of CTL is stable when varying therestart parameter 7 in
the random walk process on the four test cases; (d) Convergea analysis of different models on the test case of Visualitan-Data Mining.
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APPENDIX

the multinomial (Bernoulli) distributions, 6’, 9, A, ¢, because the
model only uses conjugate priors [10]. We use Eq. 4 as the example
to explain its derivation. First we write the joint probability:

PX 2.7 S0V [0, e, B A)
o</P(S|)\)P()\\'y,'yt)d)\/P(V|A)P(Z\V,S, 0)P(0|c)do
[ PVIRYPEI 5.0 )i’ [ Pixiz. o) P(@18)de

/P((v,v')\A)P(z\(v, V), s, 9)P(9]a)dd 9)

The conditional ofs; is obtained by dividing the joint distribu-
tion of all variables by the joint with all variables bst (denoted
by s_;) and canceling factors that do not dependson

p(si =0[s—i,z,.) =

P(x,x',z,Z,s,v,V' |, v, V¢, B, A)
P(x,x",2,2',S_;,V,V' |, v, 7t, B, A)
_ [ PENPALy, ye)dX

S P(s—s[N\)P(Aly, y¢)dX

[ P((v,V)|A)P(z|(v,V),s, ) P(F|a)dd
’ [ P((v,v)|A)P(z|(v,V"),5_;,9) P(I|a)dd

(10)

We now derive the first fraction of Eq. 10. As we assume that
is generated from a Bernoulli distributionwhose Beta parameters
are~,v:, then we can gep(s|A) = [T, A" - (1 — Ag)™de1,
wherengs, is the number of times that = 0 has been sampled
in documentd andngs, represents the number of times that=

1 has been sampled h Because Beta is the conjugate prior of
Bernoulli, we could solve the Bernoulli-Beta integral using Gibbs
sampling. Specifically,

[ PENPOR A

1 T nggy+re—1 .- _
:Hm/o A0 (1= xa)" 1™,
i )

_ H B(ndso + Ve, dsy +’Y)
d

B(ve,7)

“ 11 T(nasq +76)T(nas; +7)T(ve +7)
d T(nasq + nas; +ve +7)

1y

To yield the first fraction of Eq. 10, we apply the above equation
twice and obtain the following equation:

P(ngsg +7)0(ngsy + 0T (v¢+7)
F("d,so trgsy Tt +v)

C(n )P (n g S 4D ()

——
T(ngey tPauy 76+

[ PSPy, v)dx  Ha

T PGNP, vo)dx

d

—di
Mg TVt
= i dugdi 12
Ngsy T Mgy Tye+7Y

Here, we use the identity'(x + 1) = «I'(z); the super-
script —di denotes a quantity, excluding the current instance. The
second fraction of Eq. 10 can be derived analogously. Specifi-
cally, as P((v,V')|A) is a uniform distribution,P(z|(v, V', s,9)
and P(¥|«) are conjugate pair of Multinomial-Dirichlet, we can
obtain [14]:

[ POWPE ), ) P(3]a)ds

1 1 nyz+n s _4n. ,_ 4a—1
= —_— s — 19 vz vv'z d/ﬂ )
1;[ o(Aq) Al 1:[ volz v’

- 1 A(ng +a)
-0 2@

With 75 = {nuz + 1y, + 1yl (13)

whereo (A4) is the total number of cross-domain user pairs gener-
ated from authors of documedh{for a specific document, the num-

ber will be a constant)\ (a) = %; T, denotes the number
of times that topic: has been sampled by user pairv’); n.,, and
n,, are two numbers obtained when combining the two distribu-
tionsé, andé,; please note that though we write it as the sum of
the two numbers, in practice, when sampling a specific topic, we
will only consider one of them. This is because, for example, if
a topic z is from the source domain, the numbey . will be O.
Accordingly, the second fraction of Eq. 10 can be written as:

J P((v,V)|A)P(z|(v,V),s, ) P(I|a)dd
T P, V)IA) PV, V), 51, ) P(9]a)dd

1 Alrgto)
I[la o(Ag)  Aa)
- 1 A(Rg,—ita)
Iy a(Ag) A((xl)
D(ny / tnvztn, +o)

v’z

T, (gt ot 1y ot Ty 1 F2))
T(n

S Anuztn,, ta—1)
DS (0] 5 tny ot +e)]— 1)

vv'z vz
Vv

_ ";f’izdi + (Muzg; +1przy,) o 1)
S (g + sy, + Myrzg,) + Q)

Finally, by combining Egs. 12 and 14, we obtain Eq. 4.



