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ABSTRACT

In scientific research, it is often difficult to express informa-
tion needs as simple keyword queries. We present a more
natural way of searching for relevant scientific literature.
Rather than a string of keywords, we define a query as a
small set of papers deemed relevant to the research task
at hand. By optimizing an objective function based on
a fine-grained notion of influence between documents, our
approach efficiently selects a set of highly relevant articles.
Moreover, as scientists trust some authors more than oth-
ers, results are personalized to individual preferences. In
a user study, researchers found the papers recommended
by our method to be more useful, trustworthy and diverse
than those selected by popular alternatives, such as Google
Scholar and a state-of-the-art topic modeling approach.

Categories and Subject Descriptors

G.3 [Mathematics of Computing]: Probability and Statis-
tics; H.3.3 [Information Storage and Retrieval]: Infor-
mation Search and Retrieval—query formulation,relevance
feedback,retrieval models

General Terms

Algorithms,Experimentation

Keywords

personalization, citation analysis

1. INTRODUCTION

For generations, scientists have built upon the published
work of their predecessors and contemporaries in order to
make new discoveries. However, as the number of publi-
cations has grown, it has become increasingly difficult for
scientists to find relevant prior work for their particular re-
search. In fact, as early as 1755, the French philosopher De-
nis Diderot presciently forewarned that there would come a
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day when “it will be almost as convenient to search for some
bit of truth concealed in nature as it will be to find it hid-
den away in an immense multitude of bound volumes,” [13].
Today, we can quantify this “immense multitude” to include
tens of millions of articles published in tens of thousands of
journals and conferences [43].

Currently, researchers primarily rely on keyword search
of online indices such as Google Scholar and PubMed to
help them combat this overload of information. While these
tools are indispensable, there are many instances where a
researcher’s information need cannot be easily specified as
a simple string of keywords. Often, such a keyword query
is either overly broad, returning many articles that are at
best loosely related to the researcher’s specific need, or too
narrow, potentially returning no articles at all. In these
occasions, it may be more natural for the scientist to specify
his query as a small set of papers rather than as a set of
words. In particular, having already read some articles that
are related to the specific task at hand, the scientist can ask,
“given that these papers represent my immediate research
focus, what else should I read?”.

Here, we present an algorithm for discovering relevant sci-
entific literature by responding to queries of this form. More
formally, given a small set of papers Q that we refer to as
the query set, we seek to return a set A of additional papers
that are related to the concept defined by the query. Intu-
itively, a paper that cites all of the articles in Q is likely to
represent related research. Likewise, a paper that is cited
by every article in @ might contain relevant background in-
formation. However, it is restrictive to require the papers
in A to have a direct citation to or from every article in
the query set, as such papers are not guaranteed to exist.
Instead, we wish to select a set A that maximizes a more
general notion of influence to and from the papers in Q.

2. MODELING SCIENTIFIC INFLUENCE

To define a notion of influence in scientific literature, we
observe that the content of a publication is an amalgam of
several sources, combining cited prior work with the authors’
novel insights and background experience. For a given col-
lection of articles, ideas travel from cited papers to citing
papers, and from earlier to subsequent papers by the same
author (Figure 1A). Our notion of influence should capture
this transfer of ideas, modeling both the extent to which
ideas travel between documents, as well as their topical mat-
ter. To achieve such fine-grained detail, we define influence
with respect to the individual concepts found in a document
collection, which could be, e.g., technical terms or informa-
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Figure 2: An example from the PNAS data set, il-
lustrating the edge weight computation for a node in
Gozygen. Solid black edges indicate citations, while dot-
ted black edges indicate common authorship. The dotted
gray edge refers to a paper sharing an author with 9467,
but not containing the concept “oxygen.” Edge weights
are assigned proportional to the bar chart, indicating the
prevalence of “oxygen” in each parent node. The bars
over 1829 and 7657 are shortened to one third of their
original height (indicated in light gray), such that the
contribution due to common authorship is equivalent to
that of a single paper. The novelty node is only used to
normalize the edge weights, and in this case is dominated
in influence by the other articles.

tive phrases.” For example, we might say that the ideas
transferred from one paper to another involve the concepts
“energy” or “nitric oxide.”

For each concept ¢ in our vocabulary of concepts C, we
define a directed, acyclic graph G., where the nodes rep-
resent papers that contain ¢ and the edges represent cita-
tions and common authorship. Figures 1B and 1C show two
such graphs for a subset of articles from the Proceedings of
the National Academy of Sciences (PNAS), for the concepts
“plant” and “stress.” While a path between two nodes in such
a graph may indicate influence with respect to a particular
concept, mere existence of a path does little to express the
degree to which this influence occurs. To capture the degree
of influence, we define a weight Qg(fly for each edge (z,v)
in graph G., representing the probability of direct influence
from paper x to paper y with respect to concept c. We
can then use these edge weights to define a probabilistic,
concept-specific notion of influence between any two papers
in the document collection.

2.1 Defining edge weights

Figure 2 shows an example from the PNAS data set il-
lustrating how we define the weight Gg(gcly on each edge.
Here, article 9467 cites two articles containing the concept
“oxygen,” {424,13344}, indicated by the solid black edges.
The dotted black edges indicate that two other articles,
{1829, 7657}, contain the concept “oxygen” and share au-
thors with 9467. (The dotted gray edge indicates that there
is a third article sharing authors with 9467 that does not
contain “oxygen.”) We assume that every occurrence of the

!For our experiments, we use a simple tf-idf heuristic to
extract informative words which we use as concepts (cf. [15]).

concept “oxygen” in 9467 is either a novel idea or is directly
inspired by one of these sources. Thus, we view the weight
Gécly as the probability a random instance of concept ¢ in
paper y was directly inspired by paper x.

The bar graph over the nodes in Figure 2 illustrates the
proportion of the content of each paper consisting of the
“oxygen” concept. For instance, the height of the first bar

on the left is nfgflyge")/NuA;, where 1t is the frequency of

concept ¢ in document x, and N, = ZCEC ngf) is the to-
tal length of document z. Additionally, the bars over 1829
and 7657 are shortened to one third of their original height
(indicated in light gray), representing the intuition that an
explicit citation is a more informative relationship than com-
mon authorship. The authors of 9467 have three prior pub-
lications in this example, and thus by dividing by three, the
effective total contribution of these papers is that of a sin-
gle paper. Finally, we represent the novelty distribution for
a particular paper y as the average distribution over con-
cepts for all papers published in the same year as y. In this
case, the novelty contribution for “oxygen” is dominated by
the four papers. (We note that there are no actual novelty
nodes in the graph, as the associated distribution is only
used for normalization.)

Here, 6{°*Y9¢") is proportional to the height of the corre-
sponding bar in the plot. More generally, if a paper y cites
papers {ri,...,7x}, and the authors have previously writ-
ten papers {b1,...,b}, then the edge weights are defined as
follows:
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where noveléc) is the average proportion of concept ¢ across
all papers published in the same year as y.

2.2 Calculating influence

Given a concept-specific weight for each edge in the ci-
tation graph, representing the direct influence between two
neighboring nodes, we can now define the influence between
any two papers in our collection. In particular, if we say
that each edge x — y in G, is active with some probability
Q;Cl)y, we arrive at the following definition:

DEFINITION 1. The influence between papers u and v with
respect to concept ¢, Influence (u <+ v), is the probability
there exists a directed path in G. from one paper to the other,
consisting only of active edges.

While intuitive, the exact computation of this probability
is intractable, as the problem of computing connectedness in
a random graph belongs to the #P-complete class of com-
putational problems [45, 37|, for which there are no known
polynomial-time solutions. We can overcome this computa-
tional hurdle via approximation, by employing one of two
methods: 1) a simple Monte Carlo sampling procedure with
theoretical guarantees; and, 2) a deterministic, linear-time
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Figure 1: (A) A graph of articles from the Proceedings of the National Academy of Sciences (PNAS). Nodes represent
papers, solid edges represent citations (z — y if y cites z) and dotted edges represent common authorship (z — y if z is
older than y and z,y share an author). More details on the data sets used in this paper can be found in the technical
report [15]. (B,C) Subgraphs of (A), limited to papers containing the concepts “plant” and “stress,” respectively (other
papers are grayed out). Thick dashed lines indicate paths of influence between papers 5550 and 11770. (D) Example
illustrating how Equation 1 penalizes redundancy. The first two papers selected exhibit a high influence with respect
to “plant,” and thus subsequently adding such papers to A causes little increase in Equation 1 (solid lines), especially
when compared to the sum of individual influences (dashed lines). The influence with respect to “stress” remains low,

thus never triggering such a redundancy penalty.

dynamic programming heuristic, based on the assumption
that the paths between two nodes are independent of each
other.

2.2.1 Sampling

The simplest procedure for estimating the influence be-
tween two nodes is to generate samples directly based on
the definition of influence. Each sample is generated as fol-
lows:

For each concept c:

1. Mark each edge x — y in G. as active with probability

0%,

2. For all pairs of nodes (u,v), record whether a path

exists between them using only active edges.

After generating B samples, the probability that a node
u influences a node v with respect to concept ¢ is simply
estimated as the proportion of the B samples for concept ¢
in which an active path from u to v exists. A natural ques-
tion to ask is, how many samples do we need for a reason-
able estimate of influence? A short proof using Hoeffding’s
Inequality—found in the technical report [15]-shows us that
the number of samples we need grows only logarithmically
with the number of articles in the document collection.

THEOREM 1. In order to estimate m influence values such
that, with probability n, each of the m estimates is no more
than § away from its true value, a sufficient number of sam-
ples B is 33 log(2m/0).

As the number of influence values to estimate is quadratic
in the number of articles, the number of samples we need
is logarithmic in the total number of articles. While this is
a heartening result, we find that for large document collec-

tions, generating enough samples can still be a time-consuming

process.

2.2.2 Independence heuristic

As an alternative to sampling, we describe an efficient
dynamic programming heuristic based on the assumption
that the paths between two nodes in GG. are independent of
each other. For instance, in Figure 1B, the two influence
paths between 5550 and 11770 with respect to the concept
“plant” are completely independent of each other. Thus, the
probability of at least one active path existing between the
two nodes in this situation can be computed exactly:

Influence,,,,; (5550 — 11770)
1 — P(there is no influence between 5550 and 11770)
1 — P(there is no direct influence from 5550) -
P(there is no influence through 1839)

lant lant (plant)
= 1- (]‘ - 6;250—311770)(1 - 0;@50—3183991239%11770)'

The second equality follows from the independence of the
two paths. On the other hand, looking at Figure 1C, we
find the paths between the two nodes in Gsiress are not
independent, making such a calculation more problematic.
Based on this intuition, if we rashly assume that the paths
between two nodes will always be independent of each other
in G., for all ¢, we arrive at a simple, efficient heuristic for
computing the influence between all pairs of nodes (Algo-
rithm 1). By traversing the graph in topological order, we
know that when we arrive at a node we will have already
computed all the influence going to its parents. Using these
influences and our independence assumption, we can then
immediately compute the influence to the node itself. We
note that this algorithm requires the graphs to be acyclic.?

2Based on simple chronology, one would expect a citation
graph to be acyclic; after all, a researcher cannot cite a paper



Algorithm 1 Dynamic Programming Heuristic for Influ-
ence
N: number of documents
C: vocabulary of concepts
// Initialize to empty 3D array
// influenceEstimate|c][x][y] will contain influence
//  from z to y with respect to concept c.
influence Estimate < array[|C|][N][V]
for all c € C do
for all nodes y in G. do
// Initialize to identity
in fluence E'stimate[c][y][y] < 1
topoOrder < topological order of nodes in G,
for y € topoOrder do
// influenceEstimate|c][|[z] already calculated
//  for all x € parents(y)
if parents(y) = (0 then
continue
influenceFromParents < array[|parents(y)|]
for all x € parents(y) do
// Influence to the parent multiplied by
//  the edge weight
influenceFromParents|x] <

in fluence Estimatelc|[][z] - 95;21,

// Product is element-wise
in fluence E'stimate[c][|[y] <

weparents(y) (1 —influenceFromParents[xz])

While the independence assumption upon which this heuris-
tic is based certainly is not true in general, we find that,
nevertheless, the values we compute are close to what we
would expect from sampling. (Empirical results to this ef-
fect can be found in the technical report [15].) Thus, despite
not being amenable to theoretical guarantees, we find this
heuristic works well in practice.

2.3 Selecting papers

As motivated in Section 1, given a query set of papers Q,
we wish to select a small set of related papers A that exhibit
a high degree of influence to or from the query set. More-
over, the set of papers we select should be both relevant and
diverse.

2.3.1 Reevance

The influence between the query set Q and the result set A
should be focused on the concepts that are important or
prevalent in both sets of documents. First, to ensure that the
selected documents pertain to the concepts most prevalent
in the query set, we define a weight *yéc) proportional to the
frequency of concept ¢ in query document g.

Likewise, from the perspective of the result set, a doc-
ument d might contain a single occurrence of the concept
“plant,” and that single occurrence might be heavily influ-
enced by one of the query documents q. However, as d only
tangentially mentions “plant,” we do not wish this strong
influence to incentivize its inclusion in the result set. Thus,
we define a probability 5(20) indicating the importance of

if it does not yet exist. However, this is not quite the case in
practice (e.g., colleagues writing papers simultaneously may
cite each other). Details on how we address this problem
can be found in the technical report [15].

concept ¢ in document d. Specifically, we define this as the
probability a concept c is observed in a finite number £ of in-
dependent samples (with replacement) from the document’s
word distribution: 87 =1 — (1 — ﬁ))f. (Here, £ is a pa-
rameter of our model that we set to 20 in our experiments.)

Figure 3 provides an illustrative example of these weights.

2.3.2 Diversity

Diversity is important in this setting as it is difficult to
predict the exact information need of a researcher, and thus
providing a wide variety of papers increases the likelihood
of query satisfaction. As such, we define the influence be-
tween a single query paper ¢ € Q and a set of documents
A in a manner that penalizes redundancy in the result set,
thereby promoting diversity. Specifically, if we define this
set influence, Influence.(q <> A), as the probability influ-
ence exists between ¢ and at least one document in A, we
create a disincentive for A to contain multiple papers with
similar influence patterns to and from ¢; such a redundant
set A would exhibit less influence than one composed of a
broader set of documents. Formally,

Influence,.(q +» A) =
1— H (1 — Influence,(q < d) fic)) : (1)

de A

We note the use of the probability ﬁgﬁ here to safeguard
against selecting documents that are only tangentially re-
lated to the important concepts in the query papers.

Figure 1D shows an example illustrating how the marginal
gain in set influence with respect to the concept “plant” di-
minishes as more papers are added to the result set A. In
particular, beyond a certain level of influence, the gain ob-
served in Equation 1 from adding additional documents to
the result set is smaller than would be expected if we were
naively summing the individual influences. We do not see
the same redundancy penalty with respect to “stress,” as the
result set is not sufficiently influenced with respect to this
concept.

2.3.3 Optimization

Given this definition of set influence, we can now define an
objective function that, when maximized, returns a diverse
set of papers highly relevant to the query:

Fo(A) = Z Z 'yéc) Influence,(q <+ A). (2)

qeQ ceC

While, in general, solving such a combinatorial optimiza-
tion problem is intractable, Equation 2 exhibits an intuitive
diminishing returns property known as submodularity, al-
lowing for efficient near-optimal solutions.

DEFINITION 2 (SUBMODULARITY). A set function F is
submodular if, VA C B C V,Vs € V\B, F(AU{s})—F(A) >
F(BU{s}) — F(B).

Intuitively, this means that the utility of adding a par-
ticular paper to a result set decreases as the result set gets
larger.

THEOREM 2. Equation 2 is submodular and monotonic.

The proof can be found in the technical report [15].



~relCsetransatetion
chanel oy ik mnm! hitors

E cassettes cone deletid
J. .5 emoglobln o

b°"5’“"“‘haplﬂld CoNSUMMSQy [ MY,

PEEEE

Mitrite_preparatons = transformauun bilion

0 stationary

b_,;ﬂ“ o

phylugenetic
s

W, NAD

.,,,mcerevmlae 0|I d
candidate paper

dolod

Figure 3: The top cloud represents a query paper
(5550), the bottom word cloud represents a paper to
be selected (11770) and the lines between them repre-
sent individual influences of varying strength. In each
word cloud, the size of a word is proportional to its
frequency in the corresponding article. + is illustrated
by the shaded ellipses in the top word cloud, showing a
higher incentive to pick articles about “plant” or “resis-
tance” than about “stress.” However, despite its preva-
lence in the query document, “plant” is only tangentially
present in article 11770, and thus 8 ensures a low degree
This can be contrasted with “resistance,”
which is prevalent in both documents and displays a high

2

of influence.

degree of influence.

Although maximizing submodular functions is NP-hard [26],

by discovering this property in our problem, we can take ad-
vantage of several efficient approximation algorithms with
theoretical guarantees. For example, the classic result of
Nemhauser et al. [31] shows that by simply applying a greedy
algorithm to maximize our objective function, we can obtain
a (11— i) approximation of the optimal value. Thus, a sim-
ple greedy optimization can provide us with a near-optimal
solution. However, since our set of articles is very large, a
naive greedy approach can be too costly. Therefore, we use
CELF [29], which provides the same approximation guar-
antees, but uses lazy evaluations, often leading to dramatic
speedups.

3. TRUST AND PERSONALIZATION

Considering our running example of PNAS articles (Fig-
ure 1A), we can set our query set to be Q = {4468, 5688}, the
parents of “Nitric Oxide in Plant Immunity” (5550). Opti-
mizing Equation 2 for this query produces a result set of arti-
cles ranging in topics from plant biology to immunology (cf.

nitrogen

/Carl Nathan, MD
10161‘9318

Figure 4: Example illustrating trust calculation for an
immunologist asking, “How much do I trust Carl Nathan
with respect to the concept ‘nitrogen’?” Thick dashed
lines indicate influence from Dr. Nathan to individual el-
ements of B, and pie chart represents relative prevalence
of the word “nitrogen” in the two papers in B.

technical report [15]). While these articles may be relevant
to the query, a major shortcoming is that every researcher
who submits this query will receive an identical result set.
For any given topic, different researchers trust different au-
thors and publications, and the objective in Equation 2 pro-
vides no means to express these preferences. While a long
line of prior work exists on summarizing the impact of an
author or publication with a single number [2], often based
on citation statistics [20, 25] or eigenvector methods [27, 35,
11, 38], here we wish to capture a more detailed picture of
the relationship between a researcher and the authors he
cites.

In order to properly model such an individual notion of
trust in the setting of scholarly research, we consider two
motivating scenarios:

1. Different authors command different levels of respect
from their research communities, e.g., a Nobel laure-
ate versus a first-year graduate student, as an extreme
case.

2. Even among distinguished scientists, a particular re-
searcher’s interests may be aligned more closely with
some than others. Thus, beyond simply differentiat-
ing novices from experts, a notion of trust should also
capture differences in research interests. For exam-
ple, asking computer scientists to name whom they
most associate with the concept “network” may yield
Judea Pearl (Bayesian networks), Jon Kleinberg (so-
cial networks), Geoff Hinton (neural networks) or Van
Jacobson (computer networks), depending on who is
answering. All are distinguished researchers, but each
is associated with a distinct subfield of computer sci-
ence.

At the heart of both scenarios is a personal question that
is often answered differently by different researchers: How
much do I trust this author with respect to this concept?

By answering this question, a researcher would enable us
to formally incorporate his trust preferences into our objec-
tive function, allowing us to select papers tailored specifi-
cally to his tastes. However, as researchers will not be able
to provide an answer for every combination of authors and
concepts, we must elicit their trust preferences in a less oner-
ous manner. In order to do so, we assume that trust is



transitive. For example, if Alice trusts an article, and that
article is heavily influenced by Bob with respect to the con-
cept “network,” then Alice is likely to also trust Bob with
respect to “network.” Thus, at a fundamental level, a re-
searcher need only specify a set of trusted papers B, from
which we can infer answers to the above question. As a
shortcut, a researcher may choose to define B indirectly by
specifying a list of trusted journals and conferences, or sub-
sets thereof (e.g., a particular conference track or article
classification). B could also be specified as the papers cited
by one or more trusted authors, representing a look at one’s
research through the eyes of another scientist, potentially
in another field. Thus, a plucky physicist could ask, “What
would Steven Chu recommend I read?”, and obtain a set
of papers related to his query, yet tailored to the research
interests and trust preferences of the Nobel laureate.

(%7 the probability
a researcher trusts author a with respect to concept ¢, given
trusted articles B. (The “|B” notation in this section indi-
cates personalizing with respect to trusted set B.) Figure 4

With this intuition in mind, we define 7,

illustrates how we compute Té% for a particular example
from PNAS, where the concept ¢ is “nitrogen,” the author
a is Carl Nathan, MD, and the researcher has specified two
immunology papers as his trusted set, B = {10161, 9318}.
For each paper b € B, we compute how much the author a
influenced b with respect to concept c. As our influence is
now expressed from an author to an article, we treat all of
an author’s papers as a single unit.

DEFINITION 3. The influence from author a to article b
with respect to concept ¢, AuthorInfluence.(a — b), is the
probability there exists a directed path in G. from any article
written by a to article b consisting only of active edges, where
each edge is (independently) active with probability Héiy

As before, we employ sampling or dynamic programming
to efficiently estimate this otherwise intractable computa-
tion (cf. technical report for more details [15]).

In our example, we first look at how much Dr. Nathan’s
papers influence 10161 with respect to “nitrogen,” and again
from Dr. Nathan’s papers to 9318. We now weigh these
two influences by the prevalence of the word “nitrogen” in
each paper b (as indicated by the pie chart in Figure 4), and

define T;‘Cl); to be the weighted sum of the two.

More generally, we have:

() _
Ta‘B - c)
Ta\V’

where N, g> is the total number of occurrences of concept ¢ in
the set B, néc) is the frequency of concept ¢ in paper b, and
V is the set of all papers in the corpus. Here, the influence to
each b € B is weighted by the relative prevalence of concept
¢ with respect to B, nbc) /Néc). We note that if a researcher’s
trusted set B contains no occurrences of a particular concept,
we assign the trust value to 7'15
corpus were trusted equally.
In order to incorporate trust into paper selection, we as-
sume an author will trust a paper if and only if he trusts
at least one of its authors. This intuition can be formalized
by defining a modified notion of set influence, where the re-
searcher’s preferences towards the authors are directly taken

T‘)}, as if all the papers in the

ﬁ Y ben nt® AuthorInfluence,(a — b), if Néc) >0

otherwise,

into account:

Influence, (q <> A|B) = 1— H (1 — Influence .(q < d)ﬂ§C)Tl§|cé
deA

(e) _ (c)
where Td|B =1- HaEQuthors(d)(]‘ - Ta\B)'
We can now define our personalized objective function as:

Fos(A) = 30374 Influence (q ¢ AB).  (3)

qeQ ceC

Maximizing Fg 5(A) subject to |A| < k, for some budget
of k papers, leads to a personalized set of papers tailored
to someone who trusts B. This function shares the same
theoretical properties as Equation 2 and can be optimized
efficiently in the same manner (cf. technical report for more
details [15]).

Figure 5 shows our PNAS example from before, with the
same query set Q = {4468, 5688}, but now incorporating the
trust preferences of two hypothetical researchers: a plant bi-
ologist (A) and an immunologist (B). The figure highlights
how differences in trust preferences can manifest themselves
in article selection. In Figure 6, we provide another example,
this time from computer science. Here, we take the famous
Faloutsos, Faloutsos and Faloutsos paper, “On power-law re-
lationships of the Internet topology” [19], and select related
literature for it using the trust preferences of each author.
Specifically, the visualization in the figure shows that by as-
suming that Michalis Faloutsos trusts SIGCOMM papers,
Petros Faloutsos trusts SIGGRAPH papers, and Christos
Faloutsos trusts KDD papers, we can select related work
tailored to each author’s perspective. While some relevant
papers are common to all three points of view, other selected
papers are particular to just one. For example, in Christos’
data mining-focused result set, we find a few papers related
to the evolution of social networks (e.g., “Microscopic evo-
lution of social networks” by Leskovec et al.) which are not
found in Michalis’ and Petros’ results. Moreover, these pa-
pers are not selected in the unpersonalized setting, when no
trust preferences are taken into account.

4. APPROACH SUMMARY

We summarize our approach as follows:
Initialization
1. Define a vocabulary of concepts C (e.g., technical terms).
2. For each concept ¢ € C, define a directed, acyclic
graph G., with edge weights as in Section 2.1.
3. Compute relevance weights %gc) and ﬁfﬁ, for all c € C
and documents d, as described in Section 2.3.1.
4. Precompute Influence,(u <+ v) for all concepts ¢, and
all pairs of documents u and v, using Algorithm 1.
5. Similarly, precompute AuthorInfluence_(a — b), for all
authors a, all documents b, and all ¢ € C (cf. [15]).
Per user
Given a user’s trusted set of papers B3, compute Tifg for all
authors a and ¢ € C.
Per query
Given query set Q, optimize Equation 3 using CELF [29].

5. RELATED WORK

Researchers in both the library science and computer sci-
ence communities have studied the shortcomings of the tra-
ditional keyword search paradigm [5, 34, 36]. In fact, our
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Figure 5: Top ten papers selected for Q = {4468,5688} where B is defined as (A) all the plant biology papers, or (B)
all the immunology papers, in the PNAS data set. Node colors correspond to article classification, as indicated by the
key. (Colloquium refers to the National Academy of Sciences Colloquium on Virulence and Defense in Host-Pathogen
Interactions: Common Features Between Plants and Animals. “Other” refers to unclassified papers, e.g., “From the
Academy.”.) Numbers indicate order of selection by optimization algorithm, roughly indicating order of importance

(cf. technical report for more details [15]).

specific query model of defining a researcher’s information
need as a set of papers rather than as a keyword string
has been described before [9, 30]. In one particularly re-
lated line of research, collaborative filtering techniques that
have been successful for movie and product recommenda-
tions were adapted to the paper recommendation setting [30,
44]. Another approach uses hypothesis testing to determine
the articles that most influence each paper—the paper’s In-
formation Genealogy—based only on article text [42]. Un-
like these previous approaches, our methodology is based
on a unified model of text and citations that places spe-
cial emphasis on the different trust preferences of individual
researchers.

Previous work has also considered the more general, yet
related, problem of taking positive examples of membership
in a set and using them to expand the set [17, 22]. While
such approaches have been applied to the domain of research
literature, they do not explicitly model the particular char-
acteristics of our problem, e.g., the effect of citations, pub-
lication venues and authorship.

Moreover, it is also important to note that our algorithm
is operational in that it describes a method for selecting
papers, in contrast with many descriptive studies in biblio-
metrics, sociology and other fields [12, 39, 32, 33, 4, 40]. In
particular, the large body of work on topic modeling in com-
puter science and statistics focuses on fitting probabilistic
models to document collections by modeling latent themes
in the data [8]. While often applied to corpora of scholarly
literature [18, 24, 3, 7, 41, 6, 14, 21], paper recommendation
is not the primary objective of these models. Rather, our
algorithm follows from a line of work that frames document
selection as an explicit optimization problem (cf. [16]).

Finally, we note that the approach we describe in this pa-
per is, in fact, agnostic to the specific definition of influence
we use, and thus while we define influence to have an explicit
probabilistic interpretation, other such definitions are pos-
sible. For instance, recent work by Lao and Cohen [28] pro-
vides an approach based on path-constrained random walks,
which we can plug in as an alternative definition for influ-
ence.

6. EXPERIMENTAL RESULTS

While these illustrative examples provide intuition, in or-
der to truly evaluate our methodology we must solicit feed-
back from real scientific researchers. To this end, we con-
ducted a user study involving sixteen subjects (all doctoral
students in computer science or related fields).

We compare two variants of our algorithm—with and with-
out incorporating trust preferences of the participant—with

three representative alternative techniques: Google Scholar [23],

Information Genealogy [42] (a hypothesis testing approach
based on document text), and the Relational Topic Model [10]
(a state-of-the-art topic model incorporating both text and
citations to model latent themes in data)®. For each partic-
ipant, we use each of these techniques to find related work
for a previously written paper—that participant’s study pa-
per—thereby simulating a real research scenario. We define
each query set Q to be the references of the corresponding
study paper, and we ask each participant to list up to four
trusted conferences or journals, which we use to define B.

3Previous work [30] has shown that Google keyword search
outperforms collaborative filtering techniques for selecting
useful papers, and thus we do not directly compare against
these approaches.
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Figure 6: A visualization of related work for Faloutsos,
Faloutsos, and Faloutsos’ “On power-law relationships of
the Internet topology.” The top word cloud represents
papers selected using Equation 2, with no trust prefer-
ences. (The size of each word in the cloud is proportional
to its prevalence in the selected documents.) The subse-
quent three word clouds represent papers selected using
Equation 3 with three different trusted sets 3, one rep-
resenting each author’s perspective. Each word cloud
visualizes the selected papers that are unique to each
author’s result set. For example, the bottom word cloud
shows the papers found in Christos’ data mining-focused
results, but do not exist in Petros’ or Michalis’ result
sets.

For Google Scholar, we ask a coauthor of each participant
to provide us with the keyword query he or she would use
to find related work for their paper. The Relational Topic
Model and Information Genealogy approaches each use the
abstract of the study paper in their paper recommendation,
which our algorithm does not require. Unlike many previ-
ous studies, each participant was asked to evaluate all five
comparison methods, rather than just a single technique. In
total, 612 distinct papers were recommended using these five
techniques across all sixteen participants. (The articles used
in this study come from the ACM Digital Library [1]. More
details on the study can be found in the technical report.)
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Figure 7: User study results comparing two variants of
our algorithm, Beyond Keyword Search (BKS), with and
without incorporating trust preferences, with the Rela-
tional Topic Model (RTM), Information Genealogy (IG)
and Google Scholar. Values in bar plots (A), (B) and (C)
are responses to the indicated study questions averaged
over all sixteen participants, with error bars indicating
one standard error. (D) shows how many participants
(out of 16) found that our method produced more di-
verse results compared to the alternative techniques.

Each participant was presented with the recommended
articles for his or her study paper in a double-blind fashion,
masking the identity of the technique used to select each
paper. Participants were asked to answer questions on the
usefulness, novelty and trustworthiness of each paper with
respect to their research. Additionally, participants were
presented with entire result sets and asked to evaluate them
in terms of diversity. Figure 7 shows the results of the study,
from which we can glean the following main observations:

1. On average, users find the papers our algorithm selects
to be more useful than those selected by the compari-
son techniques. The topic modeling approach performs
especially poorly, with fewer than half of selected pa-
pers deemed useful.

2. Explicitly modeling the individual trust preferences of
users leads to more trustworthy papers being selected.
However, this comes at the expense of novelty in the
selected articles, as researchers are more familiar with
the work of authors they trust.

3. Our algorithm provides more diverse results than the
comparison techniques, which is unsurprising, as our
objective functions penalize redundancy.

7. DISCUSSION

These results illustrate the success of our approach in rec-
ommending highly relevant literature personalized to the
preferences of individual researchers, acting as a promising
complement to keyword search. On a personal note, employ-
ing our approach during the writing of this article led us to

BKS BKS+trust RTM IG  Google BKS+trust  BKS+trust



related work from another subfield of computer science that
we had not discovered using more traditional search meth-
ods [30, 44]. In closing, we believe that the challenges re-
searchers face in expressing their information needs extend
beyond scientific literature to domains like patents, law and
news, and the work presented herein is a significant step
towards addressing this general concern.
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