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Abstract As social networks continue growing in size and popularity, so does
the amount of data that is publically available pertaining to the members
of these networks, which results in a rapid growth of the types of connections
that can potentially be established between members of the network. With this
increasing amount of available information, the task of examining social net-
works becomes more exciting and more difficult at the same time. Researchers
now have to filter the large field of potentially useful information to find the
golden nuggets that will serve their needs, while ignoring data that would ac-
tually hamper their experiments. To address this issue, we propose a novel
integration of a variogram-based system for selecting potentially informative
relationships with a Gaussian Conditional Random Field (GCRF) model that
is able to perform node attribute prediction in social networks that are both
temporal and contain a wide variety of relationship types. By first evaluating
the large pool of relationships via variograms, which can be done very quickly,
we are able to fully utilize the power of the GCRF model, which becomes
computationally expensive when the network size or the number of relation-
ships examined grows. Our experiments show that we can use variograms to
narrow the potential field of relationships drastically and consequently make
the GCRF model run in a reasonable amount of time and remain accurate.
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1 Introduction

Social networks are becoming increasingly more popular as researchers real-
ize the wealth of information that can be extracted from, and consequently
studied, from these networks. In addition, these networks come in all shapes
and sizes, meaning that regardless of the area of study, an appropriate net-
work can most likely be found and studied. Various studies of social net-
works have been done, such as examining delinquency and alcohol consump-
tion in students based on social interactions [Ouzienko et al., 2011] and cre-
ating a recommender system for online marketplaces based on social interac-
tions amongst customers and the products they have purchased in the past
[Walter et al., 2008]. Social networks are also utilized for more commercial pur-
poses, such as identifying relevant ad placements for customers based on their
social interactions and purchasing habits [Yang et al., 2006]. Usually these
studies focus on a very select few types of relationships, however, and ignore
the other connections that aren’t immediately obvious as being useful to the
study in question.

In this project we intend to address this issue by examining a social net-
work with a rich variety of relationships, some of which evolve over time and
others not having this characteristic. Note here that we use the terms ”rela-
tionship” and ”connection” interchangeably throughout the paper, but both
simply refer to a link between two nodes in a network that can either be ex-
plicitly defined in the network, or computed according to criteria appropriate
for the network. We explore how the information in such a network can be
utilized in the context of a state-of-the-art predictive model: Gaussian Condi-
tional Random Fields (GCRF). This model was first used in computer vision
[Liu et al., 2007] but has since then been integrated for various other purposes,
including regression in social networks. Since the model augments the output
of multiple predictors that don’t require network structure (and hence can
rely solely on an individual node’s history of node attribute values) with mul-
tiple similarity measures that can be defined based on network structure, it is
very useful for predicting future node attribute values in a complex multigraph
social network whose elements can change over time. In the past, simpler mod-
els have been implemented to perform analysis of social networks, but they
have relied on significantly smaller subsets of potential relationships that were
selected according to intuition. We hope to establish a more concrete set of
steps for choosing connections that can be useful for a particular purpose by
combining the use of variograms with a GCRF model. This choosing process
is doubly important because, in addition to removing connections which may
reduce model accuracy due to having bad information, it helps to drastically
reduce the running time of the model, which becomes very slow when multiple
connections are used concurrently, by reducing the pool of connections that
are considered for use in the model. This is an extension of our preliminary
results submitted to the ASONAM conference, which we expand by automat-
ing the previously manual similarity selection method, and further confirm the
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effectiveness of the selection method that is done prior to utilizing the GCRF
model.

Due to their availability and nature, bibliographic networks serve as very
good candidates for being analyzed with our new approach. Bibliographies of
all kinds are available online for free (two of the more popular examples of
this include DBLP and CiteSeer), and inherently contain a rich multigraph
structure, since one can construct relationships between authors, venues, pa-
pers, or terms. Furthermore, these relationships can be easily extracted from
a collection of documents with simple text-mining techniques, even if they are
not explicitly defined in the collection. If we treat a bibliography as our social
network of choice, we can extract relationships based on the different aspects of
the network described previously, and examine how the relationships between
nodes in the network are affected by these connection types.

In this paper we focus on a network of high energy particle physics papers
(HepTh)1, and treat papers as the nodes we want to examine over time. We
consider citation counts for each paper as the attribute of interest, and aim
to predict future citation counts given a history of citation counts as well as a
history of the evolution of relationships amongst nodes in the network, which
results in a multigraph type structure. By using the GCRF model we are able
to observe the impact of the past citation counts for each paper regardless
of the network structure via the unstructured predictors, evaluate different
similarity measures based on different connection types with our variogram
technique, and finally examine the utility of these similarities on improving
the unstructured predictor performance by adding the impact of network re-
lationships into the mix.

The main goal of this paper is to show that we can quickly and effectively
analyze a large pool of relationships that can be defined on a social network,
and drastically reduce the number of relationships that should be considered
for use in a predictive model. We analyze these links individually rather than
grouping similar types together, since it is possible that links of the same type
may contain enough differing information to be useful by themselves. Although
there are many various types of social networks we could have examined in
this context, we chose the HepTh citation dataset as it is of manageable size,
is publically available, contains the raw text data that can be used to extract
additional relationships, and was also used in a KDD Cup competition whose
winner was able to predict future citation counts with a very simple predictor
that did not utilize network structure (and hence we could see the effects of
adding network by comparing against this predictor). We focus on the same
task, namely, future node attribute prediction, as it is challenging and has
a wide variety of applications, such as predicting future citation counts of
scientific papers to help identify rising trends in research or find influential
authors to keep track of, or find future interest in a product (which can then
be used for advertisement, for example) by predicting the amount that will be
purchased by a set of customers in the future. To evaluate the effects of the

1 http://www.arxiv.org
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relationship selection process we propose here, we compare the performance
of a model that predicts future node attributes of a citation network without
using any relationships defined on the network to its performance when these
relationships are used, and show that the relationships we chose do in fact
improve the accuracy of the model.

The rest of the paper is organized as follows: in Section 2 we discuss some
of the work that has already been done in the field of node and link prediction
in a bibliographic network setting, as well as the improvements we have made
to our method since reporting the preliminary results at ASONAM confer-
ence. Section 3 provides the formal description of the GCRF model we use,
and defines how we use variograms to reduce the computational complexity
of the model by eliminating useless relationships beforehand. In Section 4 we
describe the dataset used in our experiments, as well as explain all of the sim-
ilarity measures that we used and evaluated using variograms and the GCRF
model. Section 5 provides an analysis of our experimental setup, our usage
of variograms, the evaluation measures we use, and the results we obtained.
Finally, Section 6 consists of a summary of our findings, as well as future
directions we intend to undertake with this project.

2 Related work

Bibliographic networks have been analyzed in the past, with different avenues
of exploration in mind. The 2003 KDD Cup competition included a citation
prediction portion for a set of physics papers, and the winning method was
surprisingly simple as it ignored network structure completely, and made pre-
dictions as the average of a set of nearest neighbors of a paper, determined
by the likeness of their citation histories [Manjunatha et al., 2003]. Castillo
et al. [Castillo et al., 2007] extracted primarily author-related data from bib-
liographic networks and used them for predicting future citation counts, while
ignoring the other types of data that can be taken from such networks with
minimal effort. Long-term citation prediction for papers was also carried out
by Yan et al. [Yan et al., 2012], who utilized several types of features extracted
from bibliographic networks in the context of Gaussian processes and classifi-
cation trees. Our work intends to examine even more types of data that can
be extracted from a bibliographic network, as well as their combinations, and
furthermore do so on a finer temporal granularity, focusing on prediction in a
future month rather than a future year.

Citation prediction has also been incorporated into research focusing on
link prediction rather than node attribute prediction, aiming to answer the
more difficult question of who will cite a paper rather than simply how many
times it will be cited. While we focus on the node attribute prediction as-
pect of analysis, we feel it is important to highlight some of the work that
has been done in this field here as they are primarily based on the idea of
computing similarities between pairs of papers to discern future relationships,
rather than focusing on features for papers independently of other papers in
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the network. This is the same approach that we take for our work with vari-
ograms and the GCRF model, and we provide a very brief overview of some
of the work in link prediction here. Shibata et al. [Shibata et al., 2012] imple-
ment a support vector machine method utilizing connections between pairs of
papers based on various general network attributes of each paper to predict
whether a link will form between the pair in the future. Bethard and Jurafsky
[Bethard and Jurafsky, 2010] compute a variety of inter-paper relationships
that include connections based on common topics, shared authors, and similar
content. Yu et al. [Yu et al., 2012] develop a novel meta-path-based feature
set that measures similarity between paper pairs based on their distance using
different kinds of meta-paths, which use different kinds of network information.

The Conditional Random Field model was first introduced by Lafferty et al.
[Lafferty et al., 2001], and was outlined nicely in [Sutton and Mccallum, 2007].
It was improved to allow for faster inference and consequently faster learning
in [Liu et al., 2007], to accommodate continuous values rather than being re-
stricted to discrete values in [Qin et al., 2008], and was recently used for regres-
sion of remote sensing data in [Radosavljevic et al., 2010]. Our work further
extends the Conditional Random Field model adapted for regression, by tai-
loring the model to work with a bibliographic network in which the output can
be regarded as a multivariate Gaussian distribution, allowing us to perform
computations in a more computationally feasible way.

Ristovski et al. [Ristovski et al., 2013] have used a similar approach to
create a fast high-dimensional Gaussian filtering method applied on an ap-
proximation of the CCRF model to dramatically reduce computation time for
predicting the set of behaviors that are impacted by both dynamic individual-
level evolution and effects from the entire grid for Aerosol dispersal. Their
method scales very well with size and can handle significantly larger graphs
than the standard GCRF method, but it is also rather limited as it only works
with relationships that are in Euclidean space, and cannot handle a large num-
ber of relationships. Our approach is an ideal addition to this model as it can
pre-emptively assess any number of relationships, and determine if any thresh-
olds need to be imposed on the similarity types in order for them to be useful
for the model. We intend to explore the integration of our approach with this
state-of-the-art in future experiments.

In our preliminary work [Uversky et al., 2013] we applied a rudimentary
variogram-based approach to pre-emptively analyze similarity measures before
using them in the GCRF model. This involved analyzing variogram plots by
hand, and choosing a small subset of similarities to include in the model.
In this extension we automate this procedure by using a simple classifier to
label similarities as good or bad, drastically reducing the amount of time
required to apply the labels. We also improve on this selection method further
by examining the correlations between the similarities that were labeled as
”good” and removing those that are highly correlated, reducing the amount
of redundant information being fed to the model. Finally, we conducted two
additional sets of experiments to explore how our method and model perform
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in the presence of noisy or missing data, both of which are problems frequently
encountered in social networks.

3 Model Description

3.1 Multigraph Networks

In this section we broadly define the structure of a multigraph network, and
how this structure fits into the context of our model. Say that we want to
observe a set of N nodes over T time steps, with each node possessing a real-
valued attribute whose value changes over time, and we are able to observe this
value at each time step. In addition to this attribute, we are also able to observe
different kinds of connections among the N nodes, with these connections also
changing over time. Since there are multiple connections between each pair
of nodes at each time step, the network possesses a multigraph structure. We
now define our central problem as:

Given a set of nodes N , a history of node attribute values for each node
up to time step t, and a history of connections among nodes up to time step
t, predict the node attribute values for all N nodes at time step t+ 1.

In our experiments N pertains to the set of papers we are interested in, T
pertains to the snapshots of the network we are considering taken in monthly
intervals, the node attributes refer to the number of times each paper has been
cited at the given month, and the connections refer to different similarities,
formally defined in Section 5, that exist between each pair of papers. Our
ultimate goal is hence to predict the citation count for each paper in a set
of papers in a future month with the highest accuracy, which involves first
eliminating useless or even potentially harmful similarities with a variogram-
based model.

3.2 Conditional Random Fields

By using a Conditional Random Field model we can model the distribution of
an output variable conditioned on an input variable by incorporating different
types of dependencies between the input and output variables, as well as be-
tween the output variable values for different nodes. The former dependency
is modeled via association potential functions that are traditionally used in
regression problems to connect input and output variables to predict output
values in future time steps. In our model these association potential functions
are represented with two unstructured predictors that connect the inputs and
outputs.

In addition to examining the relationship between input and output vari-
ables, the Conditional Random Field model also allows for incorporating de-
pendencies between output variables, which are represented with interaction
potential functions. These functions may or may not also depend on the input
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variable, and can be defined in a wide variety of ways depending on the context
of the problem. In our case, these interaction potential functions measure the
similarity between a pair of papers based on citation history similarities, cit-
ing author similarities, common terms used in the papers, and so on. Figure 1
illustrates a simplified graphical representation of the relationship types that
are used by a Conditional Random Fields model.

Fig. 1 Graphical representation of the relationships observed by a Conditional Random
Field model over 3 time points. The gray nodes represent an input variable, the white
nodes represent the corresponding output variables, the black links represent the interaction
potential, and the gray links represent the association potential. Note that the strength of the
ties among both inputs and outputs varies over time, and the ties can disappear completely
if the strength is zero at a particular time point.

In order to model the conditional distribution of output vectors y = (y1 . . . yN )
on a set of input vectors x = (x1 . . . xN ), with association potential function
A(α, yi, x) where α is a K-dimensional set of parameters and interaction po-
tential function I(β, yi, yj , x) where β is a L-dimensional set of parameters,
we represent the distribution as

P (y|x) =
1

Z(x,ααα,βββ)
exp(

N∑
i=1

A(ααα, y,x) +
∑
j∼i

I(βββ, yi, yj ,x)) (1)

where j ∼ i denotes the connected outputs yi and yj (connected with a black
line at Figure 1) and where Z(x,ααα,βββ) is the normalization function defined as

Z(x,ααα,βββ) =

∫
y

exp(

N∑
i=1

A(ααα, y,x) +
∑
j∼i

I(βββ, yi, yj ,x))dy (2)

As already noted, A and I could be conveniently defined as linear combi-
nations of a set of fixed features in terms of ααα and βββ

A(ααα, yi,x) =

K∑
k=1

αααkfk(yi,x) (3)

I(βββ, yi, yj ,x) =

L∑
l=1

βββlgl(yi, yj ,x) (4)
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We use features to define the model because it allows for a virtually inex-
haustible set of connections between the input and output variables. Any fea-
ture or connection that we consider to be potentially useful can be included,
and the parameter estimation portion of the model automatically assigns a
weight to each feature to exhibit how useful it actually is for output predic-
tion.

The learning task is to choose values of parameters ααα and βββ to maximize
the conditional log-likelihood of the set of training examples (we assume that
interactions among outputs are defined over whole training set)

L(ααα,βββ) = logP (y|x) (5)

(α̂̂α̂α, β̂̂β̂β) = arg max
ααα,βββ

(L(ααα,βββ)) (6)

The inference task is to find the outputs y for a given set of observations x and
estimated parameters ααα and βββ such that the conditional probability P (y|x) is
maximized

ŷ = arg max
y

(P (y|x)) (7)

The initial iteration of the Conditional Random Field model was used for
classification, which is computationally a much simpler task since the required
normalization function Z had to be a sum over a finite set of possible values,
rather than an integral over a set of functions that have different definitions in
different contexts. Since this requires Z to be an integrable function, using the
model can prove to be difficult since this property can be exceedingly difficult
or expensive to prove due to the complexity of the potential functions that
may be used. In order to alleviate this concern, the underlying conditional
probability P (y|x) can be represented as a multivariate Gaussian distribution,
resulting in Gaussian Conditional Random Fields that are outlined in the next
section.

3.3 Gaussian Conditional Random Fields

The exponent portion E of the CRF model can be rewritten in Gaussian form
as:

E = −
1

2
((y − µ)TQ(y − µ)) = −

1

2
(y

T
Qy) + y

T
Qµ+ const, (8)

where Q = Σ−1 and b are canonical parameters of Gaussian distribution.
By representing the quadratic terms of y in the association and interaction
potentials as yTQ1y and yTQ2y respectively, and combining them, we obtain

Q = 2(Q1 +Q2) (9)

Q1ij =

{∑K
k=1 αk, i = j

0, i 6= j
(10)

Q2ij =

{∑
k

∑L
l=1 βle

l
ikS

(l)
ik , i = j

−
∑L
l=1 βle

(l)
ij S

(l)
ij , i 6= j

(11)



Title Suppressed Due to Excessive Length 9

where Sik represents the similarity between outputs yi and yk, and eik = 1 if
an edge exists between yi and yj , and eik = 0 otherwise.

To get µ, the linear terms in of the Gaussian form are matched with the
linear terms in the exponent of the original form to get µ = Σb, where b is a
vector with elements

bi = 2

K∑
k=1

αkRk(x) (12)

Finally, using this new representation we see that

Z(ααα,βββ,x) = (2π)
N
2 |Σ| 12 exp(const) (13)

and hence

P (y|x) =
1

(2π)
N
2 |Σ|

1
2

exp(−
1

2
(y − µ)TΣ−1(y − µ)) (14)

with Σ and µ defined above. The α and β values used in this model are ob-
tained from the association potential defined by the outputs of 2 unstructured
predictors, and the interaction potential defined by various similarity measures
introduced below, respectively.

3.3.1 Learning and inference

The learning task is to choose α and β to maximize the conditional log-
likelihood,

(α̂, β̂) = arg max︸ ︷︷ ︸
α,β

L(α,β), L(α,β) = logP (y|X) (15)

To have a feasible model with real valued outputs, Z must be integrable,
which is ensured by the constraint that all elements of α and β are greater
than 0. In this setting, learning is a constrained optimization problem. To
convert it to the unconstrained optimization, we adopt a technique used in
[Qin et al., 2008] that applies the exponential transformation of the param-
eters to guarantee that they are positive. All parameters are learned by the
gradient-based optimization. To apply it, we need to find the gradient of the
conditional log-likelihood.

∂P

∂αk
=− 1

2
(y − µ)T

∂Q

∂αk
(y − µ)+

(
∂b

∂αk
− µT

∂Q

∂αk
)(y − µ) +

1

2
Tr(Q−1

∂Q

∂αk
)

(16)

∂P

∂βk
= −1

2
(y + µ)T

∂Q

∂βk
(y − µ) +

1

2
Tr(Q−1

∂Q

∂βk
) (17)

µ = Q−1b (18)
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The inference task is to find the outputs y for a given inputs X, such that the
conditional probability P (y|X) is maximized. The GCRF model is Gaussian
and, therefore, the maximum a posteriori estimate of y is obtained as the
expected value µ of the GCRF distribution,

y∗ = arg max︸ ︷︷ ︸
y

P (y|X) = µ (19)

Uncertainty for each output can be taken as corresponding element from the
diagonal of covariance matrix.

3.4 Variograms

Although the Gaussian Conditional Random Field model is able to both incor-
porate multiple similarity types, and assign weights to each similarity based
on their utility, it can nonetheless become computationally expensive if every
conceivable similarity type (as well as combinations of similarity types) is sim-
ply thrown into the model, especially if many of these similarities are dense.
As such, we first perform an exhaustive analysis of all similarity types, that
we constructed for the network, as well as all pairwise combinations of these
similarities, by examining them in a variogram-based binary classifier that la-
bels each similarity as either good (potentially useful for predictive purposes)
or bad (useless or potentially harmful for predictive purposes).

We accomplish this by computing similarity and variance values for each
pair of papers at each time point in our selected subset, and determining
whether the similarity-variance relationship is useful over all pairs of nodes in
the our network. This decision is based on the intuition that a high similarity
which effectively captures a meaningful connection between a pair of nodes will
correspond to a lower variance in the node attribute values of the two nodes. In
terms of the variogram plot, we want to look for similarities whose variograms
exhibit an exponential decay-like behavior. Furthermore, if we take the overall
variance of the entire network as a threshold, we can say that a similarity is
potentially useful if it shows this decaying behavior, and a significant portion of
its variogram is below this threshold. Since many of the variogram plots contain
a major spike at the beginning which drops off with higher similarity values,
we can also use the intercept of the overall variance line and the variogram
plot as a threshold, and set values of the similarity below that threshold to
zero. This effectively removes the less helpful portion of the similarity at its
lowest values, and has the added benefit of making the similarity more sparse,
which improves computation time.

We incorporate both of the ideas described above in a simple classifier that
computes the similarity and variance values for all pairs of papers over a pre-
established time period for each similarity measure of interest, and labels the
similarity as either useful or useless. The decision is made by determining the
portion of the plot that is below the overall variance line, and comparing that
against a threshold that was determined after inspecting the plots by hand.
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Overall, the variogram plots fall into two easily recognizable categories which
are consistent with our intuitions of how good similarities should behave: the
plot either has a clear decreasing trend that falls below the overall variance
line and stays below it, or it does not have a consistent pattern and/or stays
primarily above the line. We computed the percentage of the variogram plot
that is below the overall variance line, and discarded any similarity whose cor-
responding percentage was below a certain threshold. We experimented with
different threshold values by incrementing it by 10% and found 50% to be the
sweet spot: higher values of the threshold (60% and above) resulted in several
of the similarities to be labeled as ”bad” when we knew that they were at least
potentially useful by inspecting them manually, but they received a ”bad” label
due to a peak at the first few points which we discarded later in the process
anyway. On the other hand, since many of the similarities had completely ir-
regular variogram plots and hence oscillated both above and below the overall
variance line (which is exactly the behavior we wanted to avoid), lower values
of the threshold (40% and below) resulted in many of these plots to be labeled
as ”good” due to this oscillating behavior. When we examined the performance
of these irregular similarities we found that they offered no benefit to the model
despite their ”good” label, so we settled on a value of 50% for the threshold
since it offered a good balance of keeping potentially useful similarities while
weeding out most of the bad ones. Finally, we applied a simple correlation-
based approach, described in more detail in Section 5.2, to further reduce the
number of similarities by removing highly-correlated ones.

4 Dataset and Feature Description

4.1 Data

The dataset we used for our experiments was the high energy physics theory
bibliographic network which was extracted from arXiv for the 2003 KDD Cup
competition. The network consists of 29,955 papers and 352,807 citations span-
ning over 11 years, and the dataset includes text versions of all papers that
can be used to extract additional information about each paper. An XML ver-
sion of this dataset, from Proximity HEP-Th database, which included most
of the metadata available from the full texts of the papers was used to quickly
extract the information that was used in our experiments. The Proximity HEP-
Th database is based on data from the arXiv archive and the Stanford Linear
Accelerator Center SPIRES-HEP database provided for the 2003 KDD Cup
competition with additional preparation performed by the Knowledge Discov-
ery Laboratory, University of Massachusetts Amherst. The citation pairs were
used to construct a citation history matrix, which represents the number of
citations that a particular paper has received at a particular time point.
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4.2 Similarity Measures

The various types of information extracted from the XML file were used to
compute a number of similarity features for a pair of papers, which were then
used as the interaction potential functions within the GCRF framework to aug-
ment the outputs of the unstructured predictors. The following ten similarity
measures were used in our experiments:

4.2.1 coCiter

Jaccard based similarity measure. Similarity between two papers A and B at
time point t is expressed as:

SimcoCiter(A,B) =
2×#of cocitations of A andB at (t− 1)

#of cit. of A at (t− 1) + #of cit. ofB at (t− 1)
(20)

4.2.2 history

Simhistory = exp−
d(A,B)2

k (21)

where
d(A,B) is the Euclidean distance between the citation counts of papers

A and B over a history of a particular length (in this case 8), and k =∑
t

∑
n

d(A,B)2

N×(N−1)×T N and T are number of all papers and all timesteps re-

spectively.

4.2.3 term v1

The rest of the similarity measures are all based on the classic TF-IDF term
scoring from information retrieval, which were used in [Bethard and Jurafsky, 2010]:

tf(t, d) = |{t′ ∈ terms(d) : t′ = t} (22)

idf(d) = 1 + log
|D|

|d ∈ D : t ∈ terms(d)|+ 1
(23)

scoreterms(q, d) =
∑
t∈q

tf(t, d)0.5idf(d)2 (24)

This score increases when terms (t) are shared between the query (q) and the
document (d), but terms that appear in many documents in the collection (D),
such as the, are heavily discounted.

In order to use this score (which is asymmetric) as a similarity measure,
we transform it into a symmetric measure in several ways.

Simtermv1(A,B) =
scoreterms(A,B) + scoreterms(B,A)

2
(25)
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4.2.4 term v2

In this case the same score was calculated, but cosine similarity is used

Simtermv2(A,B) =
A ·B
‖A‖ ‖B‖

=

∑tAB

i=1
wi,Awi,B√∑tA

i=1
w2

i,A

√∑tB

i=1
w2

i,B

(26)

where tAB is the set of terms common to papersA andB, tA is the set of terms
in paper A, tB is the set of terms in paper B, and wi,A = tf(i, A)0.5idf(A)2.

4.2.5 author v1

For authors the equations remain the same

Simauthorv1(A,B) =
scoreauthors(A,B) + scoreauthors(B,A)

2
(27)

scoreauthors is calculated the same way as scoreterms, except authors are
considered as terms.

4.2.6 author v2

In this case the equations are also the same as for terms:

Simauthorv2(A,B) =
A ·B
‖A‖ ‖B‖

=

∑aAB

i=1
wi,Awi,B√∑aA

i=1
w2

i,A

√∑aB

i=1
w2

i,B

(28)

where aAB is the set of authors common to papers A and B, aA is the
set of authors of paper A, aB is the set of authors of paper B, wi,A =
tf(i, A)0.5idf(A)2, and i is author rather than term.

4.2.7 author v3

In the following two similarity measures tfidf scores of terms/author ids are
calculated for the citers of papers that we compare, and averaged over the two
papers we compare. The temporal aspect is satisfied because we aggregate all
the citers up to the current time point:

aggtemp(A,B) = scoreauthors(authors(A), concat
d∈citing(B)

(d)) (29)

Simauthorv3(A,B) =
aggtemp(A,B) + aggtemp(B,A)

2
(30)

4.2.8 term v3

aggtemp(A,B) = scoreterms(A, concat
d∈citing(B)

(d)) (31)

Simtermv3(A,B) =
aggtemp(A,B) + aggtemp(B,A)

2
(32)
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4.2.9 author v4

This score is exactly the same as the above author temporal score, but we
aggregate the citing authors up to the first time point we consider.

4.2.10 term v4

This score is exactly the same as the above term temporal score, but we
aggregate the terms used by the citing papers up to the first time point we
consider.

4.3 Unstructured Predictors

To represent the association potential among the inputs and outputs of the
GCRF model we used two simple unstructured predictors:

4.3.1 k-Nearest-Neighbor (kNN)

A sliding window kNN predictor that forms predictions for a paper’s citation
counts in a future time point by comparing its citation history to that of
citation histories of other papers in the dataset, selecting the k papers that
have the most similar history, and averaging their final corresponding citation
counts to predict the count for the paper in question. After testing several
configurations we selected a predictor using a window of size 8 and a k value
of 9.

4.3.2 Multiple Linear Regression (MLR)

MLR predictor whose coefficients were trained on the features of all papers up
to the time point we were interested in, and then applying those coefficients on
the features at the given time point to form the prediction. For this predictor
we used a history of 3 time points as the feature set.

5 Experiments

5.1 Experimental Setup

In order to avoid the problem of sparsity, and allow the model enough known
values to learn proper parameter values, we first organized the data so that we
were observing only papers that were written before year 2000, and tracking
their citation counts starting at year 2000. We then filtered out papers that
received less than 25 citations over the resulting 40 month period, leaving us
with a matrix of 40 time steps and the citation counts for the 800 most-cited
papers at each of those time points. Note that although we focused on the 40
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time steps that took place after the year 2000 for training the GCRF model,
we still had the citation counts for the previous time steps which we used when
training the unstructured predictors.

Because we wanted to avoid training the unstructured predictors concur-
rently with the GCRF model, we opted to use the first 9 time steps only for
unstructured predictors and use the remaining 31 time points for the GCRF
model. For the kNN predictor, we used the first 9 time points as the only in-
terval which we could use to find neighbors based on citation history. For the
MLR predictor, we only used the first 9 time points of the data to learn the co-
efficients of the model, and used them to predict in the remaining time points.
We experimented with various allotments of the remaining 31 time points
into training and testing portions, and found several patterns. Predicting on
some of the months was noticeably more difficult for both the unstructured
predictors and the GCRF model (overall performance for these months was
more than 20% lower than average). The later months also showed to be more
difficult for all models, and though the drop in performance wasn’t quite as
noticeable it was consistent. Increasing the length of the training period did
not hinder or improve performance in any meaningful way, but it did increase
the time required for the GCRF model to learn its parameters. Therefore, we
opted to report our results when training the GCRF model on time points
10-20, and testing them on time points 21-30. Testing on 10 points allows us
to somewhat offset the drop in performance that some of the months in this
period seem to exhibit with other months that are easier to predict, and we
avoid testing on the last 10 months as they seem to be slightly more difficult
to predict overall.

5.2 Variograms of Similarity Measures

Once we selected a manageable and sensible subset of papers to be examined,
we used the XML file to compute the previously described similarity measures
for each pair of papers. After computing all 10 similarities, we applied the
simple classifier described in Section 3.4 on all of these similarities, as well
as all pairwise combinations of these similarities. Of the 55 similarities that
we evaluated with this simple classifier, only 9 received a label of ”good”,
considerably reducing the number of similarities we have to consider for the
main model.

After we pruned the pool of similarities to 9, we performed an additional
analysis to further reduce the number of similarities and also remove some that
may contain mostly redundant information (since we examined the pairwise
combinations of all of the similarities, 7 of the 9 good similarities were in fact
combinations of similarities that had some overlap). To accomplish this, we
first ranked the 9 good similarities according to the portion of their respective
variogram which was below the overall variance line, which we computed in the
previous step. We then computed the correlation between the highest-ranked
similarity and all others by averaging the correlations at each time step for
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each pair of similarities. We removed any similarity whose correlation with the
highest-ranked similarity was above 0.8 to reduce the effect of having highly
related information in some of the similarities. We varied the threshold in in-
crements of 0.1, and found 0.8 to be the ideal threshold. At higher values the
method only kept the two standalone similarities, and we wanted to keep at
least several combinations to examine their effectiveness in the model. On the
other hand, lower values of the threshold resulted in keeping several similari-
ties in the list which, when tested, were shown to offer no benefit to the model.
These similarities received a label of ”good” in the previous step due to being a
combination of one of the truly useful similarities, but in fact did not offer any
useful information. Setting the threshold at 0.8 kept the best standalone sim-
ilarities as well as two combinations which offered some use, while removing
the highly correlated similarities which were of no use.

Figure 2 shows a visual representation of two bad similarity measures that
don’t exhibit the two primary intuitions we are looking for (decreasing trend
and falling below the overall variance of the data, represented by the horizontal
line.) Figure 3 displays two similarity measures that were deemed good and
used in the GCRF model, which exhibit the behavior we were looking for. Note
that although no similarity measure was consistently below the line of overall
variance, we focused on finding the intercept of the two plots and using that
as a threshold value to reduce the meaningless portions of the similarity value
to zero. This allowed us to find the hidden utility of some of the similarity
measures; in particular, the coCiter similarity represented in the figure was
useless until we realized that we need to change the lower similarity values to
zero, and the threshold to do so was obtained with variograms.

Fig. 2 Examples of variograms of ”bad” similarity measures. The horizontal lines represent
the overall variance of the dataset, indicating that regardless of the similarity strength,
neither of these similarities are useful for identifying a relationship between the true values.

Finally we conducted a series of experiments to explore the performance of
the GCRF model using different similarity measures both independently and
in combination, as well as comparing those results to those obtained from using
GCRF with only one of the two unstructured predictors to help determine how
much the similarities were actually helping.



Title Suppressed Due to Excessive Length 17

Fig. 3 Examples of variograms of ”good” similarity measures. Note that after a certain
similarity value, the respective variance drops below the overall variance of the data, indi-
cating that higher similarity values help identify the relationship between outputs. These
variograms also help identify the cutoff point for each similarity measure: for example, by
setting any value of coCiter * author v3 Similarity below 20 to zero, we ensure that the
similarity only identies the meaningful relationships among the data points.

5.3 Effects of Noisy and Missing Data

In order to examine how well the model performs when the network it is being
applied to is not very stable (which is very often the case), we conducted
another set of experiments by altering the core network we were examining
with noise and with missing values. In order to simulate the real-world effects
of noisy data in the context of a citation network, we generated a random neg-
ative offset for the number of citations (taken from the original network that
we have worked with) for each paper. The offset was generated from a normal
distribution with mean 0 and several values of standard deviation, from 0.5
to 3. Such a type of noise might occur in a citation network if, for example,
one or multiple journals are not included in the collection of papers being an-
alyzed, due to being a late issue or simply being forgotten for one reason or
another, and as a result the perceived number of citations for a paper is lower
than the true value. This created a ”noisy” version of the network that was
less stable than the original network, and hence was a more robust test of the
effects of network structure offered by the GCRF model. We also conducted a
set of experiments in which we randomly removed varying portions (from 5%
to 40%) of each paper’s citation counts. In order to avoid unfairly hampering
the performance of the unstructured predictors, instead of treating the new
”missing” values as 0, we simply discard any instance containing a missing
value when training the unstructured predictors.

5.4 Evaluation Measures

To gauge the performance of the GCRF model as well as the unstructured
predictors by themselves, we opted to use a traditional evaluation measure for
regression tasks:
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5.4.1 R2 coefficient of determination

– a goodness-of-fit measure that displays how closely the output of the model
matches the actual value of the data. A score of 0 indicates a very poor match-
ing, while a score of 1 indicates a perfect match.

1−
∑
i(yi − f(xi))

2∑
i(yi − yaverage)2

where f(xi) is the predicted value, yi is the true value, and yaverage is the
average of y values. Since we are concerned with the computational complexity
of the model and how it is affected by the number of similarities used, we also
include the runtime of the model for the main set of experiments to determine
whether similarity pruning is necessary at all.

5.5 Results

In order to accurately gauge the effectiveness of the different similarity mea-
sures we performed a number of experiments using the parameters defined in
the above sections. This includes focusing on a set of 800 papers over the span
of 40 months and using months 10-20 to train the model and months 21-30 to
test it. Using these parameters we measured the performance of the unstruc-
tured predictors by themselves, the performance of the GCRF model using
randomly selected sample of bad similarity measures, using each of the good
similarity measures individually, as well as some combinations of the good
similarity measures. Because the trends of performance with bad similarity
measures were consistent over the sample of bad similarity measures, namely,
the performance of the GCRF model using bad similarity measures was no
better than the MLR unstructured predictor (meaning that the similarity was
of no use and hence its labeling as ”bad” was accurate), we only show the
results of using two of them.

We also observe the performance of GCRF using these similarity measures
and only one of the two unstructured predictors to better define the impact
of the similarity measures on the individual predictors. The results are or-
ganized as follows: in Table 1 the first two rows are the performance results
of the individual unstructured predictors; the next two rows are the perfor-
mance results of our GCRF model using both unstructured predictors and
one ”bad” similarity measure each. The results in Tables 2 and 3 are trios of
GCRF results using the specified similarity measure(s) and both unstructured
predictors, just MLR, and just kNN, respectively. Table 2 exhibits the per-
formance of the 4 ”good” similarity measures that were left after our filtering
approach individually, and Table 3 shows our results with several combinations
of similarities. Although the improvements we see appear fairly minor, they
are statistically significant, and directly show the utility of adding network
structure via similarities. Finally, figures 4 and 5 show the results of running
the models on data with artificially inserted noise and missing values.
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Table 1 Performance of individual unstructured predictors, as well as GCRFs that used
two ”bad” similarity measures. Note that there were significantly more ”bad” similarity
measures, but as the results from using them with GCRF were identical to the results
shown here we omit them.

Model Average R2

MLR 0.67

kNN 0.58

GCRF term v3 0.67

GCRF author v1 0.67

The results shown here confirm the validity of our variogram-based selec-
tion of similarities. Table 1 displays two findings: the GCRF model performs
at least as good as the best of its constituent unstructured predictors, which
is understandable as it places less weight on the worse predictor, which is our
case kNN. The table also confirms the labeling of the termTemporal and au-
thor similarities as ”bad” by our variogram method, as these similarities offer
no improvements in accuracy while taking a considerably longer amount of
time (roughly a factor of 10) to run due to being part of the GCRF model.

Table 2 Performance of using a single ”good” similarity measure in the GCRF model.
Here each column represents using a different unstructured predictor setup with the given
similarity measure: ”both” means GCRF is trained using both MLR and kNN and the
similarity measure, ”MLR” means GCRF is trained using only MLR as the unstructured
predictor, and ”kNN” means only kNN was used as the unstructured predictor.

Similarity Measure Average R2 Average R2 Average R2 Runtime

both MLR kNN both (s)

coCiter 0.71 0.70 0.64 91

author v1 * CoCiter 0.69 0.68 0.59 82

history 0.68 0.67 0.58 89

term v3 * History 0.68 0.67 0.58 94

Table 2 also displays two primary findings: firstly, we can see that using
both unstructured predictors is always at least as good as, or better than,
using just the best unstructured predictor, suggesting that the model is able
to extract at least something useful from an otherwise inferior predictor. We
can also see the benefits of the similarity measures that we deemed ”good” with
the variogram method. Although there are varying degrees of improvement, it
is evident that a good similarity measure is able to improve the performance
of the model even when we only use a single inferior unstructured predictor.

We can see the effects of combining several similarities in the GCRF model
in Table 3. The first evident effect of including multiple similarities in the
GCRF model is the drastic increase in runtime. All of the similarities are pre-
computed prior to using them in the learning step of the GCRF model, so the
increase in runtime is solely due to the amount of time it takes to learn the
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Table 3 Performance of GCRF using three different combinations of good similarities.

Similarity Combinations Average R2 Average R2 Average R2 Runtime

both MLR kNN both

coCiter,

0.71 0.69 0.63 343

history

author v1 * CoCiter,

0.69 0.67 0.60 411

term v3 * History

coCiter, history,

author v1 * CoCiter, 0.69 0.69 0.61 5229

term v3 * History

alpha and beta parameters. Adding one extra similarity to the model causes
the runtime to increase by roughly a factor of 4; adding three similarities slows
the model by a factor of roughly 50. This drastic increase in complexity is one
of the reasons that we opted to pre-emptively filter the pool of potentially
useful similarities for use in the GCRF model, even though the model can
conceptually handle any number of similarities used concurrently. We can also
see that there does not appear to be any benefit to using several similarities of
different types in the GCRF model, even though they were shown to improve
the performance of the model over the unstructured predictors when used in-
dividually. Furthermore, we can see that the performance actually decreases
when all 4 similarities are used (when compared to the best-performing indi-
vidual similarity). We are still exploring the reason behind this effect, but, it
is possible that the reason behind this is a conflict between the similarities;
that is, the model assigns similar trust to each of these similarities but they
lead to different predictions, so the model compromises and as a result the
performance of the combination is worse than the performance of the best
individual similarity.

Finally, in figures 4 and 5 we can see the effects of applying noise and
missing values to the data to test the effectiveness of the model on a less
stable network. The figures display the performance of the unstructured pre-
dictors by themselves at various levels of noise and missingness, as well as
the performance of the GCRF model at the same levels. The kNN predictor is
consistently worse than the MLR predictor, which makes sense in the presence
of noise and missing values, since the neighbors being found for each paper
change drastically as the data becomes less stable. MLR, on the other hand,
is able to perform better since it uses the whole data (rather than just a small
number of neighbors), and hence the impact of missing values and normal noise
is averaged out and ends up being less harmful. Since we are concerned purely
with examining how much the network structure incorporated into the GCRF
model helps the unstructured predictors, we only show the performance of the
GCRF model with the best single similarity measure (coCiter) and both un-
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Fig. 4 Effects of injecting missing values into the data. The percentage indicates the por-
tion of citation counts counted as ”missing” for all papers.

Fig. 5 Effects of adding a normally distributed amount of noise to the citation counts of
each paper. A mean of 0 and several different values of Standard Deviation (SD) were used.

structured predictors for comparing against the unstructured predictors. The
results shown here further exhibit the utility of the model: while the unstruc-
tured predictors and GCRF show an understandable decrease in performance
as the amount of noise and missing values increases, we can see that GCRF
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shows consistent improvements over the unstructured predictors. This effect is
most evident at the highest levels of noise and missingness; when the standard
deviation of the noise is 3, the drop in performance for GCRF is less than
half of that of the unstructured predictors, showing the utility of the network
connections.

6 Conclusion and Future Work

In this paper we examined the issue of selecting effective relationships from
a large pool of potential connections among nodes in a social network. These
relationships were first examined by plotting their respective variograms and
observing how the relationship strength relates to the actual values of the data
, and then filtered for usefulness and redundancy removal. We then tested the
benefits of these relationships when they were implemented in our Gaussian
Conditional Random Field model that was adapted for node attribute predic-
tion in temporal social networks with a multigraph structure.

The variogram method we have devised here is entirely network-indepen-
dent, although we only apply it to a single citation network. The method can
be applied to any social network which possesses several types of connections
between nodes, and a target node variable that is of interest. It is most useful
when the network is temporal, and the connections between nodes vary over
time, but it could just as easily be applied to a static network. We defined a
number of intuitive and previously studied similarities based on the connections
in our citation network for the variogram method, but it could just as easily be
applied to any other network with any other connection types, since it is based
only on the effects of the connections on the variance in the target variable.

Our experiments confirmed that many of the available similarity measures
are in fact harmful, and including them in the model will hurt both the runtime
and accuracy. While we were successful in pre-emptively weeding out these bad
similarity measures using our variogram approach, we also noticed that some
of the good similarity measures we left seemed to impede performance when
combined with other good similarities. This suggests that we need a more ro-
bust method of analyzing variograms, which is currently being done via several
thresholds that are not computed dynamically. We intend to explore this issue
in future experiments, and to continue improving the model by adding more
complex unstructured predictors and additional similarity measures in other
social networks.
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