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ABSTRACT

A database contains rich, inter-related, multi-typed data
and information, forming one or a set of gigantic, intercon-
nected, heterogeneous information networks. Much knowl-
edge can be derived from such information networks if we
systematically develop an effective and scalable database-
oriented information network analysis technology. In this
system demo, we take a computer science research publica-
tion network as an example, which is an information net-
work derived from an integration of DBLP, other web-based
information about researchers, and partially available cita-
tion data, and construct a Research-Insight system in order
to demonstrate the power of database-oriented information
network analysis. We show that nontrivial research insight
can be obtained from such analysis, including (1) ranking,
clustering, classification and similarity search of researchers,
terms and venues for research subfields and themes, (2)
recommending good researchers and good research papers
to read or cite when conducting research on certain top-
ics, (3) predicting potential collaborators for certain theme-
oriented research, and (4) predicting advisor-advisee rela-
tionships and affiliation history based on historical research
publications. Although some of these functions have been
studied in recent research, effective and scalable realization
of such functions in large networks still poses challenging
research problems. Moreover, some function are our on-
going research tasks. By integrating these functionalities,
Research-Insight may not only provide with us insightful rec-
ommendations in CS research but also help us gain insight
on how to perform effective data mining in large databases.
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Figure 1: Academic Information Network Schema

1. INTRODUCTION
People usually treat a database as a data repository that

stores large sets of data and supports indexing, retrieval,
and various kinds of updating and complex query process-
ing. However, entities/objects in databases are not isolated
tuples; they contain rich, inter-related semantic information
that can and should be systematically explored. Objects
in databases are inter-related and linked (e.g., via foreign
keys, etc.) across multiple relations or entity sets, forming
gigantic information networks. Information network anal-
ysis methods can be systematically developed for in-depth
network-oriented data mining and analysis, which is far be-
yond the scope of traditional search functions provided in
database systems.

To gain this insight, we propose the Research-Insight demon-
stration system that takes an information network and turns
it into a useful information resource for effective clustering,
classification, recommendation, and prediction by database-
oriented information network analysis. We first briefly de-
scribe our data sets and outline the major functions being
implemented in this demonstration system.

As a starting point for a general system, we begin with
the well-known DBLP1 dataset, which can be viewed as
an information-rich computer science publication network.
Recent studies show that such databases can be extended
by mining the Web sites information within a dataset; in
the computer science domain, the Web can be mined semi-
automatically to recover and link affiliation information with
author-records in DBLP [10]. Moreover, a good (though in-
complete) set of citation information related to computer
science publications is available from Arnetminer and Cite-
seer. By integrating such multiple sources of information,
a Computer Science Research Information Network dataset
(we call CSR-Net) can be constructed to facilitate a system-

1http://www.informatik.uni-trier.de/∼ley/db/



atic study of information network analysis methods by our
Research-Insight system. In particular, the schema of this
integrated information network consists of a set of intercon-
nected node types, as shown in Figure 1. This particular
schema implies that the network consists of a set of papers,
which are linked by their authors, publication venues, and
terms contained in the title. Our analysis functions illus-
trated as follows are built and tested on CSR-Net.

2. MAJOR FUNCTIONAL MODULES
Research-Insight consists of the following functional mod-

ules: (1) similarity search in heterogeneous networks; (2)
ranking and clustering of research fields, authors, venues,
and terms; (3) ranking and classification of research fields,
authors, venues, and terms, (4) recommendation of research
papers to read or to cite; (5) prediction of potential research
collaborations; and (6) prediction of advisor-advisee rela-
tionships and historical affiliations. Here we introduce each
of these functional modules with some illustrative examples.

2.1 Similarity Search
Similarity search often plays an important role in the anal-

ysis of networks. However, it is challenging to define a good
measure of similarity between objects in a heterogeneous in-
formation network. By considering different linkage paths
in a network, one can derive various semantics on similar-
ity. A meta-path based similarity measure is introduced in
[6], where a meta-path is a structural path defined at the
meta level (i.e., relationships among object types). A new
similarity measure, PathSim [6], was introduced for finding
peer objects in the network (e.g., find authors sharing simi-
lar research fields and with similar reputation), which turns
out to be more meaningful in many scenarios compared with
random-walk based similarity measures and is also efficient
for top-k similarity search in heterogeneous networks. In
Research-Insight, we will demonstrate this similarity function
for finding top-k similar nodes for a given (query) node, and
compare the PathSim measure with other measures, such as
SimRank and Personalized-PageRank [4].

Example 1: Similarity Search in CSR-Net. Given an author
(e.g., Johannes Gehrke), find his/her top-k similar authors
and explain why (by showing the corresponding meta-path
and similarity measure). Do the same for a venue (e.g.,
EDBT), a term (e.g., SVM), and a research paper. Potential
extensions include finding top-k most related heterogeneous
typed objects (e.g., given an author (e.g., Christos Falout-
sos), find his/her top-k most related venues and terms).

2.2 Ranking-Based Clustering
Most methods perform clustering based on attribute val-

ues of the data. However, for link-based clustering of het-
erogeneous information networks, we need to explore links
across heterogeneous types of data. Our recent studies de-
velop a ranking-based clustering approach, represented by
RankClus [7] and NetClus [8], that generates interesting re-
sults for both clustering and ranking efficiently. This ap-
proach is based on the observation that ranking and cluster-
ing can mutually enhance each other because objects highly
ranked in each cluster may contribute more towards unam-
biguous clustering, and objects more dedicated to a cluster
will be more likely to be highly ranked in the same cluster.

Example 2: Rank-based clustering in CSR-Net. Given a sub-

network (e.g., network formed in the fields of DB, DM, IR
and ML) and a desired number of clusters (e.g., 4), perform
rank-based clustering and show top-k objects of each type
(i.e., authors, venue, terms) in each cluster. Do the same for
a more restricted network (e.g., DB) to find its m rank-based
multi-object-typed clusters for a given m.

2.3 Ranking-Based Classification
Classification can also take advantage of links in hetero-

geneous information networks. Knowledge can be effectively
propagated across a heterogeneous network because the nodes
that are close to similar objects via similar links are likely
to be similar. Moreover, following the idea of ranking-based
clustering, one can explore ranking-based classification since
objects highly ranked in a class are likely to play a more im-
portant role in classification. These ideas lead to effective
algorithms, such as GNetMine [2] and RankClass [1], for
model construction in heterogeneous networks.

Example 3: Rank-based classification in CSR-Net. Given a
subnetwork (e.g., network formed in the fields of DB, DM,
IR and ML) and a set of label data (e.g., authors and pa-
pers labeled by their fields), perform rank-based classifica-
tion and show classification accuracy and top-k objects of
each type (i.e., authors, venue, terms) in each class. Do the
same for a more restricted network (e.g., AI only) to find its
rank-based classes.

2.4 Literature Recommendation
Literature search is an essential task in scientific research.

Traditional key-word-based search systems, such as Google
Scholar and PubMed, answer keyword queries by ranking
relevant documents based on document similarity between
queries and papers. However, it is often more desirable to
recommend literature based not only on keyword relevance
but also on the reputation of authors and venues.

Example 4: Literature Recommendation. Suppose a researcher
would like to find research papers on frequent pattern min-
ing methods. However, there are thousands of publications
on this topic but many of them may not even contain “fre-
quent,”“pattern,” and “mining” in the title. Moreover, it is
desirable to rank the retrieved papers based not only on key-
word relevance but also on the reputations of authors and
venues. Although Google Scholar may use citation count to
rank papers, it will be hard to recommend newly published
papers that have collected relatively few citation counts so
far. Research-Insight will support this literature recommen-
dation function based on our ongoing research.

Literature recommendation can be realized by integration
of keyword based search with rank-based clustering and clas-
sification mechanisms. One can first preprocess the litera-
ture data to find a set of term clusters that represent a re-
search theme, find and rank authors, venues, papers that
are reputed on the theme (e.g., using RankClus/RankClass
[4] and citation counts). Then we can make recommenda-
tions based on meta-path-based feature space proposed in
[11], freshness (e.g., based on publication time), topic close-
ness, and influence of the papers (e.g., based on the citation
count). We will further explore ranking-based clustering on
different types of entities (e.g., authors, papers, affiliations)
in heterogeneous information networks and combine both
document similarity and network structural similarity to im-
prove the quality of literature recommendation.



2.5 Collaboration Prediction
Recommending potential co-authors for a given author

will help researchers explore new collaborations. Many stud-
ies treat co-author prediction as a link prediction problem
in a homogeneous co-author network and prediction is usu-
ally made based on the common co-authors for a given pair
of authors. However, coauthor relationships are often devel-
oped based on other factors, such as shared research themes,
common publication venues, common affiliation, and so on.
It is important to analyze different factors and predict new
coauthor relationships by heterogeneous information net-
work modeling and analysis.

Our recent studies [3, 5] treat this problem as a problem
of link and relationship prediction in heterogeneous informa-
tion networks. To predict links or interactions between both
homogeneous typed or heterogeneous typed objects (e.g.,
predicting coauthor relationships or predicting whether an
author will write papers on a theme) in a network, we model
their interactions as a set of meta-paths in a heterogeneous
information network. For example, in CSR-Net, there are
multiple types of objects (e.g., venues, topics, papers, af-
filiations) and multiple types of links among these objects
that may contribute to the co-author relation prediction.
By systematically designing topological features and mea-
sures in the network, a supervised model can be used to
learn the best weights associated with different topological
features in deciding the co-author relationship, thus lead to
high-quality coauthor relationship prediction [3]. Moreover,
by incorporating data extracted with Web structure mining
methods [10] and Web data from ACM Digital Library, au-
thor’s affiliation information can be incorporated into this
analysis (since affiliation can be an important factor that
may influence authors’ collaboration potential).

Example 6: Collaboration Prediction in CSR-Net. Given a
research student, associated with his/her publication his-
tory and affiliation (e.g., in the Database Group of Univ. of
Michigan), one may get information about his likely advisor
and group mates, as well as other professors and students
in the same institution in a related discipline, as well as
other researchers in the same field but different affiliations
from CSR-Net. Such information will further help predic-
tion of his/her top-k potential new research collaborators
since it may use additional affiliation and research group in-
formation than those studied in [3]. Furthermore, for each
recommended new potential co-author relationship, one can
explain the reason why such a prediction is made, by dis-
playing the weighted paths between the two potential col-
laborating researchers that are used for this prediction.

2.6 Prediction of Advisor-Advisee Relationship
and Historical Affiliations

Researchers often collaborate on publications. In a re-
search community, it is interesting to know at what period,
whether two researchers ever have advisor-advisee relation-
ship or whether they worked or are working in the same
institution or in the same research group. Our study [9]
shows that based on a set of training data and a small set
of rules, such as “an advisor has more publications and a
longer history than his/her advisee at the time of advising”
and “once an advisee becomes advisor, s/he will not be-
come advisee again”, a time-constrained probabilistic factor
graph can be constructed for quality advisor-advisee rela-
tionship prediction for the DBLP data. The extraction of

Figure 2: System Architecture of Research-Insight

partial affiliations from ACM Digital Library2 and incorpo-
ration of Web structure mining methods [10] will further
consolidate such discovered relationship. Notice that the
Web data may miss most researcher’s past affiliations, and
our system will use collaboration and publication history to
predict missing academic history based on his/her advisor’s
academic affiliation during the time s/he is being advised.
Moreover, the prediction of advisor-advisee relationship be-
tween researchers in certain time period will help infer one’s
affiliation in that period since advisors are less likely change
institutions than their advisees. Iterative constraint prop-
agation will help uncover the hidden affiliation history for
a good set of researchers. We will demonstrate the func-
tion of predicting advisor-advisee relationship and historical
affiliations with CSR-Net.

Example 7: Prediction of Advisor-advisee relationships and His-

torical Affiliations. Given a researcher (e.g., Jure Leskovec),
our system will present his current institution (e.g., Stan-
ford, obtained from the Web), and the likely time (e.g., since
which year), as well as his/her historical affiliations(e.g., in
which year, as a Ph.D. student in which institution, follow-
ing who as an advisee). Moreover, the system will report
the associated reasoning paths and the likelihood of such a
prediction to help readers understand the argument for such
a prediction.

3. ABOUT THE SYSTEM AND THE DEMO
The Research-Insight system is designed with the architec-

ture shown in Figure 2. It consists of the following modules:
(1) generation of CSR-Net by integration of data from three
input sources (i.e., DBLP data, Web .edu data, and cita-
tion information data), (2) consolidation of CSR-Net, which
generates consolidated CSR-Net by index construction, and
pre-computation and materialization of some precomputed
mining results, (3) mining query processing module, which
processes user-queries by parsing the query, selecting and
executing appropriate mining modules (i.e., that mines on
the consolidated CSR-Net to deriving mining results), and
(4) result presentation by visualization and interpretation
of the mining processes and results.

The Research-Insight system provides an easy-to-use web
interface and beautiful data visualizations. We aggregate

2http://dl.acm.org/



Figure 3: Illustration of advisor-advisee relationship

and affiliation history on query: “Jure Leskovec”

all the functions proposed in Section 2 into two major web-
based entry pages: (1) Author Search page, in which we
show the affiliation history, collaboration prediction result
and similar authors/conference results; and (2) Literature
Search page, in which we show the literature recommen-
dation results, clustering/classification result for literature
keyword search. Figure 3 is a preliminary screen shot of an
example result.

This proposed system is resulted from our multi-year re-
search on mining heterogeneous information networks [4]
and web structure mining [10], in which research publica-
tion networks are among the most popular examples and test
data. Although many functional modules proposed here are
studied in our recent publications, there are still many chal-
lenging problems to make such functions effective on var-
ious scenarios and scalable in large networks. Moreover,
the proposed demo has introduced some new functionalities
which need nontrivial extensions of our proposed methodol-
ogy. We are conducting such research to ensure the proposed
functionalities will be effectively realized, efficiently imple-
mented, and being integrated into one coherent system.

The proposed demo is confined to computer science re-
search publication networks. However, since most of the
methods developed are not confined to computer science
data sets, we expect the system should be extended and cus-
tomized to multiple research publication networks, including
ArXive, PubMed and other research publication networks.
Since different scientific disciplines may have rather differ-
ent culture, history, and research publication datasets, and
researchers are likely have rather different search and min-
ing needs, much research is still needed to extend such a
Research-Insight system into other scientific and engineering
disciplines.

A strong motivation of this study is to show that the mas-
sive data stored in databases are essentially information rich,
heterogeneous information networks. Mining such data will
generate useful knowledge and lead to deep insight on your
data. We hope this demo may serve this purpose and pro-
mote the development of more powerful mining methods to
tackle such big data.
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