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Executive Summary/Abstract
Objectives:
The project aims to develop and evaluate a robust link predicting methods incorporating
ensemble and incremental learning capability. The objectives are to:


Implement multiple link prediction methods



Develop and evaluate the ensemble link prediction methods



Develop an incremental learning method and evaluate the performance of the model.



Design and implement an interactive visualization system.

Methods:
We implemented a robust link prediction method employs that an ensemble approach to
combine different link prediction models. We also developed an incremental learning approach
to update the prediction model whenever new data is available without requiring complete
retraining. In addition, we designed and built a distributed analytic framework for graph mining
that can be integrated most of available visualization systems. Finally, we created both a
desktop-based and web-based interactive visualization system to visualize graph data,
predictions and other information.
Results:
We evaluated our link prediction models using bio-medical literature publication data. Our
experimental results show that ensemble classifier improves the stability and accuracy of
prediction compared with individual classifiers. In addition, the experiments demonstrate that
our incremental approach improves the efficiency of learning process in terms of time and
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resources while having minimal impact on accuracy. Finally, we show that our distributed
analytic engine can be utilized in both desktop-based and web-based visualization systems.
Conclusions:
We developed a robust and efficient link prediction method using ensemble and incremental
approaches. Experimental results demonstrated higher accuracy and stability of ensemble
method. Additionally, incremental learning approach was developed to reduce the time
complexity of training process by updating the model in response to new data occurrences. The
visualization system helps the user to query, view and interact with the analytic system.

Differences from Current State of Art
Link prediction is a popular network computational problem, which is extensively employed in
social networks and World Wide Web (WWW) networks. Link prediction problem can be
defined as predicting the likelihood of a future association between two nodes that are not
connected in the current state of the network [1]. Liben-Nowell and Kleinberg [2] introduced a
link prediction method in social networks using co-authorship network generated from authors’
information from arXiv1 database. The system used topological features extracted from a given
collaboration network to predict possible collaboration between the authors. They compared
and presented the performance of several individual similarity features as predictor. In [1], Al
Hasan et al. proposed an approach which models the link prediction problem as a supervised
learning approach. In this work, instead of using individual features as predictor, they proposed
to use the graph topological features in supervised machine learning algorithm to predict the
links. Along with topological features, they included proximity and aggregated features
generated from the network. This work utilized a co-authorship dataset to predict the
likelihood of authors collaborates in future. In a paper by Katukuri et al. [3], the authors
extended the supervised link prediction method to bio-medical literature. They used topological
and semantic features to generate the possible hypothesis from bio-medical literature. A
similar methods, introduced in [4], incorporates 94 distinct graph features from a social
network to predict the friendship between the users.
Each method is capable of identifying different useful patterns in the data. Moreover, it is very
hard to evaluate every method and decide the best option for a given data. One of the ways to
address this problem is to use the ensemble methods to combine individual models to generate
the final decision. Krompaß and Tresp [5] demonstrated that the predictions of three leading
latent variable models for link prediction in knowledge-graphs are complementary to each
other and they used ensemble method to combined these models. Their ensemble model uses
1
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final probability derived from aggregating the probabilities of three latent variable models. In
work [1], they analyzed the performance of supervised link prediction method by applying the
bagging ensemble technique. They showed an improvement in overall accuracy of ensemble
model compared to the individual models. For best of our knowledge, the ensemble method
has not been studied much in supervised link prediction problem. In our work, we investigate
several ensemble methods to understand the performance of prediction model compared to
individual models. Besides using the existing link prediction models, we also explored the ways
to generate an appropriate model using different subsets of features for a given dataset.
In addition to investigating ensembles, we explore a second problem, dealing with updating the
model. According to the previous cited link discovery methods, a number of concerns regarding
the conventional learning phase arise as follows:





The trained model is not able to update itself after new data occurrences.
The data almost are available in different time intervals.
Retraining the model using historical information and current dataset is computationally
expensive.
On the other hand, ignoring the historical information would result in an unpromising
model.

The incremental learning approach is one of the ways to address the concerns mentioned
above in large temporal datasets. In the incremental learning, existing model is updated by new
data occurrences. In addition, incremental learning provides an environment to train the largescale models in an efficient way [6]. Song et al. [7] developed an incremental update algorithm
for proximity estimation in highly dynamic social networks that was used as a feature vector to
introduce an efficient link prediction method. Their approach updates the feature values
instead of the learning model. In this study, we developed an incremental learning algorithm to
update the model in temporal data.

Results
Methods (System architecture with components added or improved new
approaches)
This section provides an overview of the major steps in our project, which is summarized in
Figure 1. Next sections are as follows: data collection, link prediction methods, ensemble
approach, feature subset generation, and incremental learning approach.
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Figure 1. Overview of project major steps.
Data Collection
We generated the large temporal concept graph generated by parsing the publication meta
data from Medline [8] dataset. Medline®[8] database is a U.S National Library of Medicine
bibliographic database concentrating on biomedical publications. The Medline dataset contains
metadata about publications such as authors information, publication date, and journal
information, MeSH® [9] terms, abstract of the article. We extracted the publication
information including Authors, Dates, Document ID (PMID), and Keywords from fields such as
Mesh Heading List, Chemical Compounds List, and Gene Symbol List from Medline dataset.
These keywords are part of MeSH (Medical Subject Headings) [9], which is a medical vocabulary
thesaurus curated by National Library of Medicine (NLM). We considered these keywords as
concepts in concept network. For a given concept network, a node represents a medical
concept that has appeared in one or more publications and an edge between two concepts
represents that the concepts co-occur in one or more publications. The node count represents
the number of documents in which the concept appeared. The edge count (edge weight)
indicates how many documents in which the two concepts appeared together. To parse the
large Medline data and further processes, we used Hadoop Map-Reduce framework. Table 1
shows the important statistics of the generated concept networks to understand the density
and size of the graphs.
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Table 1 Brief statistics of the Concept Graph

1991-1995
1996-2000
2001-2005
2006-2010

# 0f Nodes

# of Edges

# of Edges
(Edge Weight > 4)

# of Edges
(Edge Weight> 8)

# nodes
(degree > 1000)

# nodes
(degree > 5000)

71681
91007
114058
124826

12550625
17163510
22128999
24863715

2635128
3514160
4483367
4998671

1578925
2094800
2685869
3009899

6673
8626
10547
11766

625
1019
1472
1729

Link Prediction Methods
To predict the likelihood of link between two concepts, we divided the targeted publication
years into two consecutive and non-overlapping subsets. We generated a snapshot of concept
network from publications in each subset. Topological features, which are used in supervised
method, are extracted from the first snapshot. We refer this snapshot as training snapshot. The
second snapshot is referred as labeling snapshot, which is employed in generating the labels by
comparing with the training snapshot.
Training dataset consists of nodes pairs that are not associated in training snapshot (Gf) and
associated in labeling snapshot (Gs). For each pair in the training dataset, features are extracted
from Gf and corresponding labels are generated by using automatic labeling approach.
Automatic labeling approach utilizes both training snapshot and labeling snapshot to generate
the labels for training dataset. For the nodes which are not connected in Gf are labeled as
positive class if they are connected strongly in Gs and are labeled as negative class if they are
weakly connected or not connected in Gs. An edge is determined as strong or weak connection
based on the user defined parameters minimum support and margin [3]:





Connection as strong: if 𝑆 ≥ 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑠𝑢𝑝𝑝𝑜𝑟𝑡
Connection as emerging: if 𝑚𝑎𝑟𝑔𝑖𝑛 × 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 ≤ 𝑆 < 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑠𝑢𝑝𝑝𝑜𝑟𝑡
Connection as weak: if 𝑆 < 𝑚𝑎𝑟𝑔𝑖𝑛 × 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑠𝑢𝑝𝑝𝑜𝑟𝑡
No connection: if 𝑆 = 0

Number of positive and negative classes can be highly unbalanced. To balance the training data,
we randomly selected the equal number of instance from both classes.
The supervised method uses a heterogeneous feature set extracted from training snapshot to
discriminate the positive and negative class. The feature set is composed of neighborhood and
proximity features as listed in Figure 2 (For definition see Appendix). To develop an ensemble
approach, we implemented three different link prediction algorithms.
1. A supervised link prediction approach developed by Katukuri et al. in [3] to generate the
hypothesis using the biomedical literature data (SF).
8

2. We recreated the method implemented by [4] as a part of IJCNN Social Network
Challenge (SNN).
3. We implemented the method [10], which uses the interestingness measures as features
in supervised model (IB).

Figure 2. Features used in different link prediction models (SF, SNN, and IB).
Table 2. Percentage of prediction disagreement among different models.
Model

IB

IB

0

SF
SNN

30.45%
28.38%

SF

SNN

0
17.10%

0

Ensemble Method:
A supervised classification problem uses the label data to learn the instances and patterns and
build a model. A conventional individual classifier is not always possible to learn all the patterns
in data. A solution for this problem is to train several classifiers on the same problem and
fusion the results of individual classifiers (Figure 3). This approach is referring as Ensemble
Method and combined classier is refer as ‘Ensemble Classifier’ or ‘Meta Classifier’. Individual
classifier is called ‘Base Classifier’. An ensemble classifier performs better than its base
counterpart does if the base classifiers are accurate and diverse. Table 2 shows what
percentage of test instances are predicted differently among three link prediction methods.
9

Figure 3. Ensemble method diagram.
The following section details different ensemble classifiers used in this project.
Voting
In this ensemble approach[11], output from each classifier has given same weight. An unlabeled
instance in a test data is assign a class label that is assigned by the majority of the base
classifiers. It is simple and straightforward way of combining the individual classifier results.
Bagging
Bootstrap Aggregating, which is also well known as Bagging [12], is a process of generating
several models with data sampled from original data. This method aims to improve the
accuracy by creating an improved composite classifier by combining various outputs of learned
classifiers into a single prediction. Each classifier is trained on a sample of instances taken with
replacement from the training set.
Given a training set S, bagging generates a several training sets Si by sampling the original
training set with replacement. The composite bagged classifier uses the voting or averaging
output if individual classifiers to predict the class label for new instance. The result shows that
bagging produces a combined model outperforms the single model built from the original single
data.
Boosting
Boosting is ensemble method for improving the performance; reduce bias and variance of any
learning algorithm. The method works by running a weak learner iteratively, on various
distributed training data and combine into stronger classifier. They are several boosting
algorithms are developed [13][14]. In this work, we are using popular boosting algorithm
named AdaBoost [13]. The AdaBoost algorithm initially assigns equal weights to every instance
in the training set. In each iteration, the weights of all misclassification instances are increased
and corrected, classified instances are decreased. This helps to focus on difficult instances in
subsequent iterations.
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Boosting improves performances of weak classifier by combining them. The generated final
classifier can significantly lower the variance of individual weak learner. On the other hand,
boosting sometimes leads to over-fit the model.
Stacking
Stacking [15] is a meta-learning technique whose purpose is to combine models using a
classifier to improve the classification accuracy. Stacking method creates an intermediate
dataset known as meta-dataset with an instance for every instance in the training dataset. The
classification results of individual classifiers are used as attributes in meta-dataset. An
unlabeled instance is first classified by individual classifier and finally classified using the metaclassifier for final prediction.
Evaluation of Ensemble Methods
Figure 4 shows the classification results for link prediction problem obtained by individual
classifiers and ensemble methods. We observed that the ensemble method outperforms the
individual classifiers. Furthermore, Bagging ensemble method shows better performance than
the other ensemble methods with about 76% accuracy rate.

Figure 4. Classification results for link prediction problem using individual classifier and
ensemble methods.

Feature Subset Generation:
Minimum Spanning Tree (MST) Approach to Feature Clustering
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In this approach, we build a Minimum Spanning Tree (MST) of features and later prune to
generate clusters of features. In the MST graph, each node represents the feature and
edge/link between vertices is given a numerical weight. This weight shows the correlation
between nodes. In Figure 5, we illustrated different steps in process of clustering the features.

Figure 5. Procedure for MST-based feature subset clustering.
Build Graph and MST
The initial step is to build a complete graph with the features as nodes and correlation as edge
weight. Using the training data, we calculated the correlation among the features and build the
graph. In our study we used Pearson’s correlation to calculate the weights of the edges.
Pearson’s correlation is a measure of the linear correlation between two nodes(features) X and
Y using the training data. This correlation giving a value between +1 and −1 inclusive, where 1 is
total positive correlation, 0 is no correlation, and −1 is total negative correlation. Pearson's
correlation coefficient is the covariance of the two variables divided by the product of their
standard deviations. The correlation formula is defined as follow:
𝜌𝑋,𝑌 =

𝑐𝑜𝑣(𝑋, 𝑌)
𝜎𝑋 𝜎𝑌

Where, 𝑐𝑜𝑣(𝑋, 𝑌) is covariance of X and Y and 𝜎𝑋 is the standard deviation of X.
We generated a spanning tree for the complete feature graph. In this work we used in Prim
algorithm [16] to calculate the minimum spanning tree.
MST Pruning:
We prune the MST to achieve a forest of features, where each forest represents a cluster of
features. We used two different approaches in pruning the MST.
In the first approach, we use threshold of t. The threshold t in our algorithm is set as
𝑡 = 𝑎𝑣𝑔(𝑊) + 𝛿 ∗ 𝑠𝑡𝑑(𝑊)

δ∈ [0,1] where avg(W) and std(W) are the average and standard-deviation of the edge
weights, respectively. The parameter δ is a scalar controlling the pruning rate.
The second approach is to remove the Top-k weighted edges from MST to ensure any two
highly correlated features does not fall in same cluster. The threshold here stands for the edge
12

with maximum weight in the current MST. The parameter k can be assigned by user. For
example, if user wants to have k cluster of features, the algorithm will remove the first k edges
with max weight in MST.
Rank Based Feature Subset Selection Algorithms
In this approach, we score and rank the features of the dataset using several feature selection
algorithms. Each feature can be represented in multi-dimensional space, where each dimension
is score/rank of the one of the feature selection algorithm. These features are clustered using
K-means algorithm. Features in each cluster is used to build an individual model. The general
flow diagram of this approach is shown in Figure 6.

Figure 6. Flow diagram of ranked-based feature subset selection.
Here we used four different feature selection algorithms: (for definitions see Appendix)
1. Information Gain
2. Chi-square
3. OneR
4. Symmetric Uncertainty
The features could be represented in 4-dimensional space. These features were clustered using
Simple K-Means, based on the Euclidean distances between them. We generated subsets using
both ranks and scores.
Evaluation of feature subset generations
We evaluated our feature subset generation approach using C4.5 Decision Tree classifier. We
built individual models using different subset of features. We used stacking ensemble approach
to ensemble the individual models. We used 10-fold cross validation to evaluate the model.
Figure 7, Figure 8, and Figure 9 show the evaluation metrics represented by Accuracy, Precision,
13

Recall and F-Measure for all three feature subset generation approaches (for definitions see
Appendix).

Figure 7. Classification results for link prediction using ranked based feature subset selection
(Ranks).

Figure 8. Classification results for link prediction using ranked based feature subset selection
(Scores).
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Figure 9. Classification results for link prediction using MST feature subset selection.

Incremental Learning Approach
In this section, we discuss our incremental learning approach for link prediction. At a high level,
we combine the supervised link prediction approach developed by Katukuri et al. [3] with an
incremental support vector machine (SVM) [17] algorithm. The resulting system has two
distinct stages of training. The first stage follows the traditional approach when constructing
the initial model. In other words, we create an SVM model based on features extracted from
the two concept networks generated during the first two consecutive time durations. The
second stage of training occurs whenever we seek to update the learnt model using new data.
In other words, we are updating the trained SVM model using new data occurrences without
involving using the historical datasets.
This investigation explores different incremental learning strategies; these are the accumulating
approach, an ensemble approach, and a hybrid approach. In accumulating approach, the
dataset for training the model grows gradually. The ensemble method considers set of submodels for each dataset; and a final weighted voting policy predicts the link in the future
concept graph. The hybrid method uses accumulated data, which are selected based on an
ensemble method. The training data used in this section are mentioned in Table 3. The data
before training process were normalized by z-score normalization method. In this research we
utilized LibSVM library in R statistical software environment [18] for SVM training and
evaluation.
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Table 3. Datasets used in incremental learning approach.
Training Dataset Training Snapshot Labeling Snapshot
T1
T2
T3
T4
T5

1991-1993
1994-1996
1997-1999
2000-2002
2003-2005

1994-1996
1997-1999
2000-2002
2003-2005
2006-2008

Accumulating Method
Support Vector Machines have impressive performance with high generalization ability in vast
variety of pattern recognition problems. Due to incredible power of the SVM in categorization
and summarizing the data in form of support vectors (Numerosity data reduction), the
incremental SVM learning can handle the large volume of data that are available in several
packages [17], [19].
In accumulating method, the first dataset is applied to the SVM training process. This results in
the creation of an optimal hyperplane based upon the linear combination of the selected
support vectors [20]. Thus, the support vectors can be considered as effective samples for
future learning processes; we can discard the rest of the training data. When new data arrives,
the incremental process creates a new optimal hyperplane using the new data and the previous
support vectors. Once finished, the support vectors used to create the new hyperplane are the
only data that needs to be kept. Hence, at each step, the obtained model represents the
current data properties and previous data characteristics as well. Figure 10 depicts the
incremental training process in the SVM using accumulating methodology.

Figure 10. Incremental SVM based on accumulating method.
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Initially, a SVM model is trained by T1 dataset and then is updated by T2 dataset using
accumulating method. Thus, a new model is obtained in time T 2 that can be updated by T3 and
T4 datasets in a same way. Table 4 shows that the model accuracy rates. The results show initial
success of the incremental learning in using effective historical information for training the
model. However, the number of support vectors extracted from trained model is considerably
large (about half of the whole dataset); hence, updating the model is still time consuming.
Table 4. Accumulating method results. Training samples are shown in scale of 1/1000. The
time complexity column specifies the training time complexity in scale of 1/10e12
Data
T1
T1-T2
T1-T3
T1-T4

Recall
73.3
77.4
80.1
72.1

Precision
72.2
71.6
70.1
75.2

Fall out
29.4
32.5
35.9
23.7

Accuracy
72.1
72.5
72.1
74.2

Data used
47
77
104
134

Time
complexity
1.0
4.6
11.2
24.1

Ensemble Method
As the accumulating method is still computationally expensive for the datasets with a large
number of samples, we provide an ensemble method to divide the datasets into smaller subpackages in order to improve the training speed. In ensemble method, the support vectors are
not used for updating the model. Each dataset is divided into M (in this paper M=5) subpackages as training samples for M SVM models. When new data arrives, it forms a new dataset
of Tx, where x is the time period, a new set of SVM models (M models) are trained based on the
new data sub-packages. As a result, P temporal datasets (corresponding to T1 through TP) are
encoded by P sets of SVM models (each M models).
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Figure 11. Incremental SVM learning process using ensemble method. Packages 1 through P
in this figure represent the datasets 1 through P used for training.
Predicting the link between the concept nodes of a new graph is governed by voting over all
SVM models (P×M models). As datasets are available in different time intervals, the P model
sets may have different impacts on link prediction. To address this postulation, a weighted
voting method is defined in following equation to predict the link with respect to the feature
vector x.
𝑳(𝒙) = ∑𝑷𝒊=𝟏 ∑𝑴
𝒋=𝟏 𝒘𝒊 . (𝑺𝒊 (𝒙) − 𝑪𝒊 (𝒙))

( 1)

where, wi is weight of the model set i. Si and Ci are number of SVM models in model set i that
have recognized that the link exists or does not exist, respectively. The positive value, L>0,
specifies predicted link and negative value, L<0, specifies no link. The model weights, wi,
determine the impact of the dataset on the future link. Additionally, the most recent data has
the most impact on the links between concept nodes. Hence, a decaying function would
provide appropriate weight values for the model sets such that the model set trained by the
most recent dataset gets the largest possible weight and older information get smaller weights.
In this investigation, we examine three weight functions named uniform, linear, and
exponential decaying. Figure 11 shows the procedure for incremental SVM learning using
ensemble method.
In experiments, each dataset (T1 through T4) was divided into 5 sub-packages for training the
corresponding SVM models. Hence, four sets of the SVM models were used for link prediction.
To vote among different models, three weight functions named uniform (wi =1), linear ( wi =118

a.t), and exponential decaying (wi =Exp(-a.t)) were implemented (shown in Figure 12). Table 5
shows the model performances obtained by ensemble method based on the uniform and the
linear voting. Table 6 shows the model performances based on exponential decaying voting
function. The results from Table 6 show that the exponential decaying functions with rates, a, in
range of (0.5, 1.5) gives the best accuracy rates. This range mostly concentrates on current
dataset but neither ignores the historical information (a=2) nor highly relies on historical
information (a=0.25). The training time is less than accumulating method (Table 4), because
only sub-packages are used for training in the parallel processes. However, prediction phase
needs more computations to find the most likely predicted link.

Figure 12. Uniform, linear, and exponential weight functions used in voting policy of the
ensemble method.
Table 5. Performance of the incremental SVM model in link prediction using ensemble
method with uniform and linear voting. The time complexity column specifies the training
time complexity in scale of 1/10e12
Voting

Uniform

Linear

Data
T1
T1-T2
T1-T3
T1-T4
T1
T1-T2
T1-T3
T1-T4

Model set weights
1
1, 1
1, 1, 1
1, 1, 1, 1
1
0.75, 1
0.5, 0.75, 1
0.25, 0.5, 0.75, 1

Accuracy
71.6
71.5
71.6
72.1
71.6
71.7
71.7
72.5

Time complexity
0.01
0.01
0.01
0.01
0.01
0.01
0.01
0.01
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Table 6. Performance of the incremental SVM model in link prediction using ensemble
method with exponential decaying voting policy.
Data
a
T1
T1-T2
T1-T3
T1-T4
Average

0.25
71.6
71.7
71.7
72.5
71.9

0.5
71.6
71.7
72.1
72.5
72.1

0.75
71.6
71.6
71.8
72.7
72.0

Accuracy rates (%)
1
1.25
71.6
71.6
71.6
71.6
71.8
71.8
72.7
72.7
72.0
72.0

1.5
71.6
71.6
71.8
72.7
72.0

1.75
71.6
71.5
71.7
72.5
71.9

2
71.6
71.5
71.6
72.5
71.8

To compare different weighting approaches for the voting, Figure 13 and Figure 14 show
accuracy rates of the ensemble method using uniform, linear, and exponential decaying weight
functions. We concluded that the exponential decaying voting policy resulted in higher
performance at the decaying rate (a) close to 1, where the historical data are optimally used.

Figure 13. Accuracy rates of the ensemble method using uniform, linear and exponential
decaying voting approaches.
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Figure 14. Average accuracy rates of the ensemble method using uniform, linear and
exponential decaying voting approaches.

Hybrid Method
The hybrid method utilizes the benefits of accumulating and ensemble approaches to update
the SVM model incrementally. As mentioned before, support vectors are promising candidates
for historical information. The support vectors extracted from the previous individual SVM
models are able to transfer historical information. In hybrid method, each dataset is used to
train an individual SVM model. To have an updated model in time interval TP at which dataset P
has arrived, an accumulated dataset consisting of the new dataset and the support vectors
sampled from previous models are demanded. There are two approaches in sampling the
support vectors: 1) taking all SVs into account and 2) sampling a portion of the SVs of each SVM.
The first approach is a specific version of the second one when the sampling rate is set to 1
(uniform function). Sampling rate of the SVs can be analogous to the weight function defined in
ensemble method. As a specific example, in time interval T3, the accumulated data for training
the final incremental SVM includes dataset-3, w2 portion of the SVs of SVM2, and w1 portion of
the SVs of SVM1. The sampling rates (w1 and w2) in linear and exponential decaying functions
are in range (0, 1) such that w2>w1. Figure 15 depicts the procedure for incremental learning
using the proposed hybrid method.
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Figure 15. Incremental SVM learning using hybrid method. Packages 1 through P in this figure
represent the datasets 1 through P used for training.
Table 7 shows the classification results for the hybrid method in which the linear decaying
sampling rate was used. The incremental dataset was accumulated by the new dataset (Ti) and
sampled support vectors of the previous models (Ti-1, Ti-2, …) with decaying sampling rates
(0.75, 0.5, …). Table 8 shows the hybrid method performance based on exponential decaying
sampling policy. The incremental dataset was accumulated by the new data package (T i) and
sampled support vectors of the previous models (Ti-1, Ti-2, …) with decaying sampling rates
(Exp(-1), Exp(-2), …). Performance of the hybrid method is better than the other incremental
approaches and its time complexity is reasonably efficient.
Table 7. Performance of the incremental SVM model in link prediction using hybrid method
with linear decaying sampling rate for support vector sampling. Data used column specifies
the number of training samples in scale of 1/1000. The time complexity column specifies the
training time complexity in scale of 1/10e12
Data
T1
T1-T2
T1-T3
T1-T4

Recall
73.3
76.7
79.8
71.4

Precision
72.2
71.5
70.0
74.7

Fall out
29.4
32.3
35.9
24.2

Accuracy
72.1
72.3
72.0
73.6

Data
used
47
69
84
92

Time
complexity
1.0
3.4
6.0
7.8

Table 8. Performance of the incremental SVM model in link prediction using hybrid method
with exponential decaying sampling rate for support vector sampling. Data used column
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specifies the number of training samples in scale of 1/1000. The time complexity column
specifies the training time complexity in scale of 1/10e12
Data
T1
T1-T2
T1-T3
T1-T4

Recall
73.3
77.0
79.3
72.3

Precision
72.2
71.2
70.2
74.4

Fall out
29.4
33.0
35.5
24.9

Accuracy
72.1
72.1
72.0
73.7

Data
used
47
58
62
64

Time
complexity
1.0
2.0
2.4
2.6

Comparisons
Table 9 shows the batch mode learning performance. Finally, to have an overall comparison
between the methods using support vectors as historical information (accumulating and hybrid
methods), Figure 16 illustrates the accuracy rate and training time complexity (components of
the model performance) of the batch mode learning, accumulating method, and hybrid method
using linear and exponential decaying sampling rates. The results show that the performance of
the hybrid model is comparably similar to the batch mode learning (which uses all information).
However, the training complexity of the hybrid model is drastically decreased. Therefore, we
achieved a favorably desirable accuracy rate by the hybrid model while the training data only
contain a portion of the previous datasets, which resulted in an efficient model with respect to
the time and memory usage.

Table 9. Performance of the SVM model in link prediction using batch mode training. Data
used column specifies the number of training samples in scale of 1/1000. The time complexity
column specifies the training time complexity in scale of 1/10e12
Data
T1
T1-T2
T1-T3
T1-T4

Recall
73.3
77.6
79.3
71.8

Precision
72.2
71.5
70.3
74.6

Fall out
29.4
32.5
34.9
24.4

Accuracy
72.1
72.6
72.3
73.7

Data used
47
94
141
188

Time
complexity
1.0
8.3
28.0
66.4
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Figure 16. Performance of the batch mode learning, accumulating method, and two hybrid
methods using linear and exponential decaying sampling rates in terms of accuracy rate and
training time complexity. Time complexity is reported in scale of 1/10E+12.

Graph Analytic Framework
As part of the project we designed and implemented a scalable and distributed framework for
graph-based analaysis. Eventhough the framwork is designed to handle any graph-based
anyasis, currently we only implemented Link Prediction analysis. The framework architecture is
shown in Figure 17, which is divided into three major modules:
1. Data Storage Module
2. Analytical Engine
3. Visualization Module
Data Storage Module
The real-world graph data is huge and time varying. To handle such a high volume and high
velocity data, we used a Graph database as our storage backend. For this project, we consider
Neo4J Graph database. Neo4j is a highly scalable and in-memory database, which helps to store
and query large amount of data efficiently. Figure 18 shows the sample result of a query in
Neo4J. In addition to scalability, it also helps to organize the temporal graph with ease. The
RESTful services and multi-platform API of Neo4J facilitate to integrate into this framework.
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Figure 17. Graph analytic framework architecture.

Analytical Engine
Analytical engine is a configuration-based graph computation platform, which can perform the
computational analysis on a graph data. Analytical engine uses the RPC/Restful services to
communicate with other modules. Analytical engine requests the data from storage module
(Neo4J database) to run the analytics. It also handles the request from the visualization module
by providing appropriate data to visualize.
Analytical Engine is a configuration-based implementation, which means a task can be initiated
using the configuration file. The configuration file contains the information about the data,
analysis and other information required to perform a task. Analytical Engine uses a distributed
environment (Hadoop Map-Reduce) to process the request from the user.
Visualization Model
Visualization Module is designed to communicate with analytical engine and the user define
visualization application. It does not contain any visualization system in itself, but it helps most
of the visualization systems to integrate with the framework using RPC/restful services. The
most important advantage of such a design is that it helps to integrate with graph visualization
systems developed in CVDI or general visualization tools.
We also developed a desktop-based and web-based system to query, view and interact the link
prediction system. Both the systems are integrated with visualization model to communicate
with the analytical engine. The Figure 19 shows the screenshot of a desktop-based application
and Figure 20 shows the web-based application. The application provides the user to query two
concepts/nodes of interest to predict the relationship between them. The visualization system
requests the analytical engine to perform the prediction task. The Engine returns the prediction
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results along with the neighborhood of the query nodes. Visualizing the neighborhood of nodes
helps the user to understand the prediction.

Figure 18. Visualizing the query results in Neo4J.

Figure 19. Screenshot of desktop-based application

26

Figure 20. Screenshot of Web-based application.
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Functionality of Innovation(s)
We implemented robust link prediction algorithms, which achieve high accuracy and efficiency
using the ensemble method and incremental learning approach. Innovations include:


Improving the performance and stability of link prediction problem by combining
different models



Exploring different approaches in generating the models depending on the data



Enhancing the prediction model by incorporating the historical data efficiently



Developing the incremental approach to support online learning of the model



Developing an interactive and efficient visual interface to complement the analytic
engine

Conclusions and Recommendations
We enhanced the performance of link prediction problem by incorporating ensemble and
incremental approaches. Experimental results demonstrated higher accuracy and stability of
ensemble method. Bagging and stacking ensemble methods showed high improvement in
classification accuracy rate of link prediction. We dynamically generated the models depending
on the data using feature subset selection method. The incremental learning approach was
developed to reduce the time complexity of training process by updating the model in response
to new data occurrences. The experimental results showed that using limited window for
considering the historical information in combination of sampling the previous preserved
information (support vectors in SVM model) outperforms the other methods. Additionally, we
designed and built a distributed visual analytic engine to exploit the graph based visual tools
developed by both CVDI and open source. We also developed a web-based demonstration
system toward effective user interaction.
The initial success of the incremental learning and distributed framework in link prediction
warrants further investigations for real time link analysis systems.

Impact and Uses/Benefits
We evaluated the proposed robust and efficient link prediction system with high level of
performance in purpose of generating the possible hypothesis using biomedical literature.
However, our model can be applied to a wide variety of problems, which can be modeled as
graphs. Furthermore, we are working with Schumacher group to employ the link prediction
model in predicting the medical conditions of patients.
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Appendix
Definitions
Minimum Spanning Tree(MST):
A minimum spanning tree is a spanning tree of a connected, undirected graph. It connects all
the vertices together with the minimal total weighting for its edges.
Information Gain:
Information Gain measures the decrease in entropy when the feature is given vs. absent. Yang
and Pederson [21] reported IG and Chi performed best in their multi-class benchmarks. In
contrast, they found Mutual Information and Term Strength performed terribly, and so we do
not consider them further. IG has a generalized form for nominal valued attributes.
OneR:
OneR algorithm [22] ranks attributes according to error rate on the training set. It treats all
numerically-valued attributes as continuous and uses a straightforward method to divide the
range of values into several disjoint intervals. One advantage of this method is it handles
missing values by treating as a legitimate value.
Chi-Square:
In [23] proposed a Chi-square feature selection algorithm using chi-square statistics. The
algorithm changes statistical significance level keep changing to merge more and more adjacent
intervals as long as the inconsistency criterion is satisfied. The initial significance level is kept at
0.5, which is changes for every iteration. The algorithm discretizes the continuous data set and
selects a subset of relevant features.
Symmetric Uncertainty:
This feature selection uses an information theoretic measure called symmetric uncertainty (SU)
[24] in order to evaluate the worth of constructed solutions. SU has a number of benefits i.e. it
is symmetric in nature therefore SUX,Y is same as that of SUY,X. SU is not influenced by multivalued attributes as is the case of information gain, and its values are normalized.
Classification Evaluation Measures:
In a classification problem we compare the actual classification to predicted classification to
determine the performance of the classifier. If a binary classifier labeled an instance as positive
and its actual label is positive, then we refer such an instance as True Positive(TP). Similarly, we
have False Positive(FP), True Negative(TN) and False Negative(FN). The terms positive and
negative refer to the classifier's predicted label and the terms true and false refer to
correctness of prediction to actual labels. Using these term, we define the following measures:
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Accuracy:
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑇𝑃 + 𝑇𝑁
=
𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

Precision:
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Recall:
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

F-Measure:
𝐹 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∗

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
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Graph Features:
The topological and interestingness-based features extracted from the network are defined in
the table below. The notations used in formulations:


(s) is the set of neighbors of node s



degs is degree of node s



R, AP(s,t) is all the paths between s and t



WA,B is the edge weight between node A and node B



WA is node weight of A
Features

Definition

Common Neighbors [25]

𝑆𝑐𝑜𝑟𝑒𝐶𝑁 (𝑠, 𝑡) = |𝜏(𝑠) ∩ 𝜏(𝑡)|

Adamic/Adar [26]

Jaccard Coefficient [27]
Preferential Attachment [25]

1
𝑧𝜖𝜏(𝑠)∩𝜏(𝑡) 𝑙𝑜𝑔|𝜏(𝑧)|

𝑆𝑐𝑜𝑟𝑒𝐴𝐴 (𝑠, 𝑡) = ∑

𝑆𝑐𝑜𝑟𝑒𝐽𝐶 (𝑠, 𝑡) =

|𝜏(𝑠) ∩ 𝜏(𝑠)|
|𝜏(𝑠) ∪ 𝜏(𝑠)|

𝑆𝑐𝑜𝑟𝑒𝑃𝐴 (𝑠, 𝑡) = |𝜏(𝑠)|. |𝜏(𝑡)|
𝑆𝑐𝑜𝑟𝑒𝐶𝐹𝐸𝐶 (𝑠, 𝑡) = 𝑑𝑒𝑔𝑠 . 𝑃𝑐𝑓.𝑒𝑠𝑐 (𝑠 → 𝑡)

Cycle Free Effective
Conductance (CFEC) [28]

𝑃𝑐𝑓.𝑒𝑠𝑐 (𝑠 → 𝑡) = ∑

𝑟𝜖𝑅

𝑃𝑟𝑜𝑏(𝑟)

𝑤𝑣𝑖 𝑣𝑖+1

𝑁

𝑃𝑟𝑜𝑏(𝑅) = ∏

𝑖=1

𝑑𝑒𝑔𝑣𝑖

5

Katz [2]

𝑆𝑐𝑜𝑟𝑒𝑘𝑎𝑡𝑧 (𝑠, 𝑡) = ∑ 𝐴𝑃𝑙 (𝑠, 𝑡)
𝑙=1

Cosine [4]

Bayesian Sets [4]

Maximum Flow [4]

Power Law Exponent [4]

𝑆𝑐𝑜𝑟𝑒𝐽𝐶 (𝑠, 𝑡) =

|𝜏(𝑠) ∩ 𝜏(𝑠)|
|𝜏(𝑠)|. |𝜏(𝑠)|

𝑆𝑐𝑜𝑟𝑒𝑏𝑠𝑒𝑡𝑠 = 𝑚𝑎𝑥𝑐 ∑ 𝑏𝑠𝑒𝑡𝑐 (𝑠) ∪ 𝑏𝑠𝑒𝑡𝑐 (𝑡)
𝑆𝑐𝑜𝑟𝑒𝑚𝑎𝑥𝑓𝑙𝑜𝑤 (𝑠, 𝑡) =

∑

∑ 𝑤𝑖,𝑗

𝑝∈𝑝𝑎𝑡ℎ𝑠 𝑒𝑖,𝑗∈𝑝

𝑆𝑐𝑜𝑟𝑒𝑚𝑎𝑥𝑓𝑙𝑜𝑤 =

𝑙𝑜𝑔(∑𝑠,𝑡 𝐴𝑃(𝑠, 𝑡))
𝑙𝑜𝑔(|𝜏(𝑠) ∪ 𝜏(𝑡)|)
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Interestingness measures(INT):
𝑺𝒄𝒐𝒓𝒆𝑰𝑵𝑻 (𝒔, 𝒕) = ∑𝒛𝝐𝝉(𝒔)∩𝝉(𝒕) 𝑰(𝒔, 𝒛) + 𝑰(𝒛, 𝒕)
𝑷(𝑨𝑩) = 𝒘𝑨,𝑩 ; 𝑷(𝑨) = 𝒘𝑨
Coherence [10]

𝐼(𝐴, 𝐵) =

𝑃(𝐴𝐵)
𝑃(𝐴) + 𝑃(𝐵) − 𝑃(𝐴𝐵)

Conviction [10]

𝐼(𝐴, 𝐵) =

Cosine [10]

𝐼(𝐴, 𝐵) =

Information-Gain [10]

Kulczynski [10]
Klosgen [10]
Least Contradiction [10]

Linear-Correlation [10]

Loevinger [10]

OddMultiplier [10]
Piatetsky-Shapiro [10]
Sebag-Schoenauer [10]

Zhang [10]

𝑃(𝐴)𝑃(¬𝐵)
𝑃(𝐴¬𝐵)
𝑃(𝐴𝐵)
√𝑃(𝐴)𝑃(𝐵)

𝑃(𝐴𝐵)
𝐼(𝐴, 𝐵) = 𝑙𝑜𝑔(
)
𝑃(𝐴)𝑃(𝐵)
𝐼(𝐴, 𝐵) =

𝑃(𝐴𝐵) 1
1
(
+
)
2
𝑃(𝐴) 𝑃(𝐵)

𝐼(𝐴, 𝐵) = √𝑃(𝐴𝐵)(𝑃(𝐵⁄𝐴) − 𝑃(𝐵)), √𝑃(𝐴𝐵)𝑚𝑎𝑥(𝑃(𝐵⁄𝐴) − 𝑃(𝐵), 𝑃(𝐴⁄𝐵) − 𝑃(𝐴)
𝐼(𝐴, 𝐵) =

𝐼(𝐴, 𝐵) =

𝑃(𝐴𝐵) − 𝑃(𝐴¬𝐵)
𝑃(𝐵)
𝑃(𝐴𝐵) − 𝑃(𝐴)(𝐵)

√𝑃(𝐴)𝑃(𝐵)𝑃(¬𝐴)𝑃(¬𝐵)

𝐼(𝐴, 𝐵) = 1 −

𝐼(𝐴, 𝐵) =

𝑃(𝐴)𝑃(¬𝐵)
𝑃(𝐴¬𝐵)

𝑃(𝐴𝐵)𝑃(¬𝐵)
𝑃(𝐵)𝑃(𝐴¬𝐵)

𝐼(𝐴, 𝐵) = 𝑃(𝐴𝐵) − 𝑃(𝐴)𝑃(𝐵)
𝐼(𝐴, 𝐵) =

𝑃(𝐴𝐵)
𝑃(𝐴¬𝐵)

𝑃(𝐴𝐵) − 𝑃(𝐴)𝑃(𝐵)
max(𝑃(𝐴𝐵)𝑃(¬𝐵), 𝑃(𝐵)𝑃(𝐴¬𝐵))
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