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Abstract. Networks can be represented as evolutionary graphs in a variety of
spatio-temporal applications. Changes in the nodes and edges over time may also
result in corresponding changes in structural garph properties suchas shortest
path distances. In this paper, we study the problem of detecting the top-k most
significant shortest-path distance changes between two snapshots of anevolving
graph. While the problem is solvable with two applications of the all-pairs short-
est path algorithm, such a solution would be extremely slow and impractical for
very large graphs. This is because when a graph may contain millions of nodes,
even the storage of distances between all node pairs can become inefficient in
practice. Therefore, it is desirable to design algorithms which can directlydeter-
mine the significant changes in shortest path distances, without materializing the
distances in individual snapshots. We present algorithms that areup to two orders
of magnitudefaster than such a solution, while retaining comparable accuracy.

1 Introduction

The problem of network evolution [1, 7, 12, 17] has seen increasing interest in recent
years of the dynamic nature of many web-based, social and information networks which
continuously change over time. The evolution of such networks may also result in
changes in important structural properties such as pairwise shortest-path distances. In
this paper, we will study the problem of finding the topk shortest path distance changes
in an evolutionary network. This problem may be interestingin the context of a number
of practical scenarios:

– Social and information networks are inherently dynamic, and the change in short-
est paths between nodes is critical in understanding the changes in connections be-
tween different entities. It can also be helpful for tasks such as dynamic link predic-
tion modeling with the use of shortest-path recommendationmodels or in providing
insights about new events in the social graph. For example, the distance between
tags in an inter-tag correlation graph may change because oftagging events, or the
distance between actors in IMDB3 may change because of the introduction of new
movies. Similarly, change in distances on word co-occurrence graphs for micro-
blogs (such as Twitter4 tweets) can result in better detection and summarization of
events.

⋆ Work was partially done during employment at IBM T. J. Watson Research Center
3 http://www.imdb.com/
4 http://twitter.com
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– Many developing countries have witnessed a rapid expansionin their road net-
works. An example would be the well-knownGolden Quadrilateral (GQ)5 project
in India. The detection of important distance changes may provide further insights
about connectivity implications. For example, given multiple plans to set up a road
network, one can measure the utility of a proposed plan in a particular marketing
scenario.

– The launch of collaborative programs changes the structureof virtual collaboration
networks. The underlying changes provide an understandingof critical connections
between collaborative entities (e.g., authors inDBLP) and their evolution.

The detection of interesting hot-spots for which average distance to other parts of
the network has changed suddenly is an interesting problem.This is closely related to
the problem of finding the top-k maximum distance change node pairs. We will present
a number of algorithms for this problem in this paper. We compare our algorithms on a
number of real data sets.

We note that the problem of shortest path change can be solveddirectly by running
well known all-pair shortest path algorithms and simply comparing the distance changes
between all pairs. However, this is not a practical solutionfor very large graphs. For
example, for a graph containing108 nodes, the number of possible node pairs would
be 1016. The complexity of the all-pairs shortest path computationincreases at least
quadratically [2] with the number of nodes. Furthermore, the storage of such pairwise
paths can be impractical. While this has not been a problem with the small memory-
resident graphs which are frequently used with conventional algorithms, it is much more
challenging for the large-scale networks which arise in social and information network
scenarios. In fact, in our experiments, we found it virtually impossible to use such brute-
force algorithms in any meaningful way. Therefore, the goalof the paper is to enable
practical use of such algorithms in large-scale applications.

The remainder of this paper is organized as follows. In Section 2, we provide an
overview of the related work. We introduce our basic algorithm, the Incidence Algo-
rithm and a randomized algorithm to estimate importance of an edge in a graph in
Section 3. In Section 4, we discuss various algorithms for ranking of nodes which can
potentially be a part of the top-k node pairs. We present our experiments on large graphs
in Section 5 and finally conclude with a summary of the work in Section 6.

2 Related Work

The problem of finding the top-k node pairs with maximum shortest path distance
change can be solved by a straightforward applications of two instances of the all-pairs
shortest path (APSP) problem. Clearly, the running time is sensitive to the method used
for APSP computation. Consider a graph containingn nodes andm edges. One can use
a variety of methods such as Shimbel’s algorithm [20], Dijkstra’s algorithm [11], John-
son’s algorithm [15], or the Floyd and Warshall [14, 21] algorithms, all which require at
leastO(n ·m) time. Such running times are not very practical for very large graphs con-
taining millions of nodes. A randomized algorithm by Cohen [10] allows us to compute
the number of nodes at a distanced from each of the nodes in the graph. While such an
approach can be used to approximately determine a superset of the relevant node pairs,
a part of the method requiresO(mlog(n) + nlog2(n)) time. This is quite inefficient.

5 http://en.wikipedia.org/wiki/GoldenQuadrilateral
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Our problem is also related to that of finding time-dependentshortest paths [25, 26]
in a dynamic graph. A number of algorithms in computer networks [22, 8] also solve
the problem of recomputing shortest path trees when edges are added to or removed
from the graph. Some related work [6, 3, 19, 4] for this problem proposes methods for
exact computation of dynamic shortest paths in a variety of graph settings and in par-
allel or distributed scenarios. Our problem is however thatof finding the maximum
shortest pathchangebetween pairs of nodes, rather than that of designing incremental
algorithms formaintainingshortest paths.

The problem of shortest path distance change is also relatedto that of outlier detec-
tion, since unusually large changes in distances can be considered abnormal behavior.
Some work has also been done on node outlier detection instaticweighted networks [5].
Anomalies which are caused bydynamic behaviorsuch as label modifications, ver-
tex/edge insertions and vertex/edge deletions have been studied in [13]. In [18], the au-
thors detect anomalies such as missing connected subgraphs, missing random vertices
and random topological changes over web crawl snapshots by measuring the amount
and the significance of changes in consecutive web graphs.

As we will see later, we need to design methods for measuring the betweenness of
edges in order to determine key changes in the network. A number of betweenness mea-
sures have been proposed in [23, 24], though the methods for computing such measures
are too slow to be of practical use in very large scale applications.

3 Shortest Path Evolution: Model and Algorithms

Before discussing the problem further, we will introduce some formal notations and
definitions. Consider an undirected connected graphG with snapshotsG1(V1, E1) at
time t1 andG2(V2, E2) at timet2. For the purpose of this paper, we only consider the
case where new nodes and edges are added to the graph, and theydo not get removed.
This is quite often the case in many natural information networks such asIMDB movie
network orDBLP co-authorshipnetwork in which objects are constantly added over
time. Each edgee can be expressed as a three-tuple(u, v, w) whereu andv are the
nodes on which the edge is incident andw is the weight of the edge. The edge weights
denote the distance between two nodes and can only decrease over time. Letd1(u, v)
andd2(u, v) denote the shortest path distances between nodesu andv in snapshotsG1

andG2. Let the distance change between nodesu andv be denoted by∆d(u, v). We
aim to find these top-k node pairs(u, v) with the largest∆d(u, v), so that there exists
no pair(u′, v′) whereu 6= u′ and/orv 6= v′, s.t.∆d(u′, v′) > ∆d(u, v). 6

One of the keys to determining the node pairs with the most change is to determine
thecritical edgeswhich lie on the shortest paths between many pairs of nodes. Clearly
the addition of such edges can lead to tremendous changes in the shortest path distances.
Therefore, we define the concept ofedge importanceas the probability that an edge will
belong to some shortest path tree. In this section, we first propose a randomized algo-
rithm for edge importance estimation. Then, we will leverage this notion to propose the
Incidence Algorithm. This is followed by a method to improveits accuracy. Finally, we
propose node ranking algorithms to improve the efficiency ofthe Incidence Algorithm.

6 Suppose that∆(u, v) is large, as a result of addition of a new setS of edges. It may superficially seem that pairs of the
form (node nearu, node nearv) would also have huge distance changes (since they are related in a somewhat similar
way toS) and may swamp the top-k. However, when we consider the effect of multiple new edges in a dense real graph,
the swamping effect is not quite as explicit. This suggests that subtlestructural effects play an important role in defining
the solutions of the underlying problem.
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3.1 Edge Importance Estimation Algorithm

We first define some concepts which relate to edge-importance.

Definition 1 (Importance number of an edge).The Importance Number of an edge
e ∈ E in a graphG(V,E) is the probability that the edge will lie on a randomly chosen
shortest path tree in the graph.

Let us denote the shortest path tree rooted at any nodex as the source node bySPTx.
TheEdge importanceI(e) for an edgee can be accurately estimated by using the edge
importance measured over a random sample of shortest path trees for the same graph.
We will present detailed results in Section 5 which show thata random sampling ap-
proach works quite well. For estimating the edge importancenumbers, we first choose
a set ofα nodes randomly into a setS and initialize the importance numbers for all
edges to 0. For each of the nodesx in setS, we run the well known Dijkstra algorithm
over the graphG by usingx as the source node.
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Algorithm 1 Edge importance number estimation
1: Input: GraphG(V,E) with n nodes andm edges.
2: Randomly sampleα nodes from the graph into setS.
3: Initialize importance numberI(e) of every edgee ∈ E as0.
4: for each nodex ∈ S do
5: Run Dijkstra withx as the source node inO(m + n) time to get a shortest path treeSPTx

6: Label the nodes ofSPTx with the distance from the source nodex. Figure 1 shows the labeling for a shortest path
tree on a unit weighted undirected graph.

7: For each edge(i, j) ∈ E, identify if (i, j) is an alternative tight edges forSPTx. Tight edges can be discovered
in O(m) time.

8: Chooseβ random shortest path trees by perturbing the treeSPTx by replacingγ number of edges inSPTx each
by one of the alternative tight edges.

9: for every alternative shortest path treeSPTxy chosen in Step 8do
10: Estimate importance numberI(e, SPTxy) for every edgee wrt SPTxy as the number of its descendants

normalized byn. This takesO(m) time.
11: Add I(e, SPTxy) to I(e).
12: end for
13: end for
14: Compute avg. importance numbers for each edge by normalizingI(e) by αβ.
15: return Average importance for each edgee ∈ E

Definition 2 (Distance Label).The distance labeldx(i) for a nodei in a shortest path
treeSPTx is defined as the shortest path distance of the node from the source nodex.
Note that distance labels are valid ifdx(j) ≤ dx(i)+w(i, j) or dx(i) ≤ dx(j)+w(i, j)
wheredx(i) anddx(j) are the distance labels for nodesi andj in SPTx.

Definition 3 (Tight edge).An edge(i, j) is a tight edge with respect to shortest path
treeSPTx, if dx(j) = dx(i) + w(i, j) or dx(i) = dx(j) + w(i, j).
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Definition 4 (Alternative tight edge). An edge(i, j) is an alternative tight edge if it is
a tight edge, but it is not a part of the current shortest path tree.

After constructing the shortest path trees, we perform distance labeling onSPTx

(as shown in Figure 1). Further, we can generate alternativeshortest path trees forSPTx

by replacing tree edges with alternative tight edges. Step 7in Algorithm 1 iterates over
the entire edge set of the graph and checks if it is an alternative tight edge. Step 8
generates random shortest path trees by replacing one or more edges inSPTx by one
of the alternative tight edges.

Observation 1 For every alternative tight edge, there is a corresponding edge inSPTx,
which can be replaced to create a new perturbed shortest pathtree.

We note that the edge to be replaced can be determined by adding the alternative tight
edges, and removing one of the tree edges from the cycle thus created.

We generate a random perturbation of originalSPTx by selecting alternative tight
edges for some randomly selected edges ofSPTx. This can be achieved easily by con-
sidering the subgraph of all tight edges, and picking one which forms a shortest path
tree. We considerβ such shortest path trees for eachSPTx.

Definition 5 (Descendant of an edge).A descendant in the context of an edge(i, j)
and a shortest path treeSPTx is defined as any node that lies in the subtree rooted at
the end-point of the edge farther from the source nodex.

The concept of edge descendant is useful, because it measures the importance of
the edge(i, j) in connecting nodes contained inSPTx. Specifically, the number of
descendants of edge(i, j) provides a clear understanding of its connectivity level from
the source nodex to other nodes of the tree. Step 10 computes edge importance as the
normalized number of descendants. LetI(e, SPTxy) denote the importance of an edge
for theyth SPT which is obtained by a random perturbation ofSPTx. This is computed
as the ratio of number of descendants for edge(i, j) with respect toSPTxy to |V |.
0 ≤ I(e, SPTxy) ≤ 1. Finally, in Step 14, average importance numbers are computed
for every edge by computing average across all the sampled shortest path trees. Thus,

the average importance of an edge is estimated asI(e) =

∑
x

∑
y
I(e,SPTxy)

αβ
. The

Importance estimation algorithm runs inO(αβm) time. We will use these importance
numbers later to improve the Incidence Algorithm describedin the next subsection and
also for node ranking algorithms.

3.2 The Incidence Algorithm

In this subsection, we present the Incidence Algorithm (Algorithm 2).

Definition 6 (Active node).A node isactive if new edges or edges with changed weights
are incident on it.

The intuition for theIncidence Algorithmis that the maximum distance change node
pairs will include at least one node as an active node with high probability.

Observation 2 Node pairs containing at least one active node can cover mostof the
top-k node pairs with maximum distance change with high probability for small values
of k. This is particularly true for more dense networks.
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Example: Consider a patha − b − c − d as shown in Figure 2. The solid lines
show the shortest paths between the nodes in snapshotG1. (a, b) and (c, d) are the
edges in graphG1 while (b, c) appears as a new edge in graphG2. LetPath(a, d) and
Path(b, c) be the shortest paths between the corresponding nodes in graphG1.

Let us assume that the new shortest path between nodesb andc as well as the one
between nodesa andd passes through the edge(b, c). Thend1(b, c) should follow the
inequality:d1(a, d) − w(a, b) − w(c, d) ≤ d1(b, c) ≤ d1(a, d) + w(a, b) + w(c, d).
Note that∆(a, d) = d1(a, d)− w(a, b)− w(c, d)− w(b, c) while for∆(b, c), we have
d1(a, d)−w(a, b)−w(c, d)−w(b, c) ≤ ∆(b, c) ≤ d1(a, d)+w(a, b)+w(c, d)−w(b, c).
Thus, we observe that∆(b, c) ≥ ∆(a, d). The distance change would be equal only if
shortest path betweena andd contained the shortest path between nodesb andc in graph
G1. The changed shortest distance paths in graphG2 would make use of one or more of
the new edges. Using the above example, we can show that the distance change between
the endpoints of any new edge would always be greater than or equal to distance change
between any other node pair. As shown in Section 5 this is generally true in a wide
variety of scenarios, though it may not be true across all network structures.

Algorithm 2 Incidence Algorithm
1: Input: GraphsG1(V1, E1) andG2(V2, E2), Active node setV ′.
2: HEAP h← φ
3: for every noden ∈ V ′ do
4: Run Dijkstra Algorithm fromn onG1 andG2.
5: for every nodev ∈ V1 ∩ V2 do
6: h.insert((n, v), ∆(n, v)) (Regularly clean heap to control size)
7: end for
8: end for
9: return top-k pairs(u, v) with maximum∆(u, v)

While the Incidence Algorithmprovides a decent first-approximation, it is rather
naive in its approach. To improve the accuracy, we can consider active node set as the
seed set and try to expand from this seed set to include neighbors of nodes in active node
set. This expanded seed set is used for determining the source nodes for the different
runs of the Dijkstra shortest path algorithm. The goal is to consider only promising
neighbors of promising nodes from the active node set for expansion. We will discuss
below how this selective expansion is performed.

3.3 Selective Expansion of Active Node SetV ′

Without any expansion from the active node set, we just detect the epicenters of shortest
path distance changes. However, we may wish to find out node pairs that surround
these epicenters too. We use the following method for selective expansion. We first
run Dijkstra algorithm from each of the currently active nodes and compute the current
top-k shortest path distance change node pairs. Within these top-k, we look at the active
nodes and can expand from them. However, we would like to expand one node at a time.
Hence, we need to rank the neighbors of the currently active nodes. We would select
the neighbor with the highest rank as the source node for the next run of the Dijkstra
algorithm. The rank of a neighbor node (saya in Figure 2 which is a neighbor of node
b wherea /∈ V ′ andb ∈ V ′) should depend on the probability that a large number of
shortest paths from this node would use the edge(a, b).

Thus, the rank of a neighborawould be computed asrank(a) = I(edge(a,b))∑
x∈nbr(a)

I(edge(a,x))
.

Then we simply choose the node with the maximum rank and use itas the source node
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for running Dijkstra algorithm. We update the top-k node pairs using the new node pairs
obtained from the latest Dijkstra run. Nodea also becomes active. If the top-k node pair
list changes, we choose a new node again, else we terminate the selective expansion.

4 Node Ranking for Improved Efficiency

The Incidence Algorithmwith selective expansion helps us to obtain the top-k node
pairs with high accuracy. However, it is still not quite efficient. If the snapshots of the
graph are taken after long intervals, new edges would be incident on a large percentage
of the nodes in the graph. The efficiency of ourIncidence Algorithmis dependent upon
the size of this set. Hence, when solving the problem over snapshots of a graph taken
over longer time intervals, theIncidence Algorithmwould be computationally expen-
sive. In this section, we discuss strategies to rank the nodes in the active node set so that
the order helps to select the top few nodes which can be used torun single-source based
shortest path algorithms and capture the maximum distance change pairs. The trade-off
is between the number of nodes selected and accuracy. The goal is to rank the nodes, so
that by processing them one by one we obtain more accurate results by running shortest
path algorithms from a very small number of source nodes. In the following, we discuss
some of the ranking strategies that we used in order to achieve this goal.

4.1 Edge Weight Based Ranking (EWBR)

A node has a higher probability of contributing to the top-k node pairs with maximum
shortest distance path change if a large number ofnew low-weight edges are incident
on this node. The higher the number of new edges incident on the node, the greater the
likelihood that the distances of the other nodes to this nodehave changed. Of course,
such an approach is quite simple, and may have its own drawbacks. For example, an
edge contributes only a small part to the shortest path length. So, for graphs with longer
shortest path distances, a path would typically consist of alarge number of edges and
hence the greedy approach of just considering the first edge in that path may not be
sufficient. This leads to low node ranking accuracy.

4.2 Edge Weight Change Based Ranking (EWCBR)

A node with a large number of edges whose weight has changed byrelatively larger
amounts is more important. If the edge weight decreases by a large amount, this edge
would naturally become a part of more number of shortest paths. We note that the
weight of an edge corresponds to the distance along it. Of course, this distance could
be defined differently for different applications. For example, for a co-authorship ap-
plication, the distance could be the inverse of the collaboration frequency. For edges
where one of the nodes was not present in the previous snapshot, change in similar-
ity (1/weight) is set to similarity in the new snapshot. Thisessentially implies that the
similarity in the old snapshot is considered as 0.

4.3 Importance Number Based Ranking (INBR)

The previous algorithm does not distinguish between the different kinds of edges. As
discussed earlier, the edge importance is estimated as its likelihood of occurring along
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a shortest path. A node has a higher probability of contributing to the top-k node pairs
with maximum shortest distance path change, if a large number of new (or weight-
changed) important edges are incident on this node. The importance is measured on
the new snapshot. Thus, ranking nodes in this order and considering the top few nodes
would ensure that we are capturing the effect of most of the important edges. If impor-
tance numbers follow a power law, then contributions to distance changes by the tail of
this edge ordering should be minimal. Therefore, the consideration of only a top few
should provide us high accuracy.

4.4 Importance Number Change Based Ranking (INCBR)

If an edge has a lower importance number in the old graph snapshot and now its im-
portance number has increased a lot, it implies that the edgeis important with respect
to our task. Similarly, edges with high edge importance scores in old snapshot and low
scores for the new snapshot are also interesting. Active nodes with large number of such
new or weight-changed edges become important. Note that theimportance numbers in
the old snapshots for edges that are completely new (i.e., not just weight changes) is
considered to be 0.

4.5 Ranking Using Edge Weight and Importance Numbers (RUEWIN)

To rank a node, we can use both the number of important edges and the weight of the
new or weight-changed edges incident on a node. Apart from the absolute values of the
two quantities, we can also use the actual change in the quantities for node ranking.
RUEWIN uses change in weight multiplied by absolute values ofimportance numbers
in the new snapshot for ranking, while RUEWINC uses change in edge weight multi-
plied by change in importance numbers for ranking.

4.6 Clustering Based Ranking (CBR)

Intuitively a new inter-cluster edge with low weight would be more important in reduc-
ing the shortest path distance between a pair of nodes compared to an intra-cluster edge.
This is because nodes within a cluter are already well connected, and nodes across clus-
ters have high likelihood to be used in a shortest path. In other words, an edge which
connects two regions of high density is more important than an edge which connects
nodes within a high density region.

In this scheme of ranking, we first partition the graph using aminimum cut based
algorithm. We use METIS [16] for this purpose. From each of the partitions, we ran-
domly choose one of the nodes (called the representative node of the cluster) on which
at least one new edge is incident. If we do not perform partitioning, we can randomly
select initial nodes from the entire set of nodes on which newedges are incident. We
call the approach with partitioning as CBRP and the one without partitioning as CBR.
The Dijkstra algorithm is run with the representative node as the source node. Other
nodes on which new edges are incident are assigned to clusters whose representative
nodes are the closest to the current node.

Now, we need to estimate the change in distance that occurs between two nodes
because of a new edge and use this measure as the importance ofthe new edge. Inter-
cluster distance is computed as the distance between the representative nodes of the two
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clusters. Distance change is computed as the estimated old distance between the pair of
nodes on which the new edge is incident minus the weight of thenew edge. The old
distance between the two nodes corresponding to an inter-cluster edge is estimated as
the sum of the distances of the nodes from the representativenodes of their respective
clusters and the inter-cluster distance between the corresponding clusters. We compute
the old distance corresponding to an intra-cluster edge in the same way, except that
both the nodes belong to the same cluster. Finally, the cluster based score of a node is
determined as the sum of the importance of the new edges incident on the node. Note
that in this method, the estimation of the old distance for anintra-cluster edge can be
very inaccurate. The accuracy of the estimate depends on thesize of the cluster. If the
cluster has a high radius, the estimate would be bad. However, the intra-cluster edges
are not really important for finding the top-k node pairs for which maximum shortest
path distance change has occurred, unless they belong to clusters with very large radius.
We experimented and noticed that relative estimates of shortest path distances are quite
similar to actual distances. Also, we observed that the radius of the clusters are com-
paratively smaller when we use partitioning based method tochoose the initial set of
source nodes rather than making a random choice from all overthe graph. Lower radius
of clusters means better estimates of shortest path distances between nodes in the old
graph snapshot, which leads to better accuracy.

The preprocessing steps involved in this form of ranking are: (1) A graph parti-
tioning of the old snapshot using METIS (2)c Dijkstra algorithm runs wherec is the
number of clusters. Also note that, for an edge that connectsan old node to a new node,
we cannot use the above logic to estimate the distance saved.Hence, we set their cluster
based scores to 0.

5 Experimental Results

The goal of the section is to show the practical usability andefficiency of the method in
large scale systems at the expense of a modest loss of accuracy. In order to provide fur-
ther insights, we also present several intermediate results which show that in many real
data sets, a recurring theme is that there are often only few node pairs which share the
bulk of the changes in shortest path distances. This suggests that our ranking approach
for finding these nodes is likely to be efficient and accurate.

5.1 Datasets

We used theDBLP co-authorship graphs7, IMDB co-starring graphs8 andOntario road
network graphs9. The nodes for theDBLP co-authorship graphsare authors and the
edges denote the collaborations. The edge weight is the reciprocal of the co-authorship
frequency. We used five pairs of the co-authorship graphs from 1980 to 2000 for testing
purposes. The nodes for theIMDB co-starring graphsare actors and actresses and edges
denote the collaborations. The edge weight is the reciprocal of the co-starring frequency.
We consider the co-starring graphs from 1950 to 1952. The nodes for theOntario Road
Networkare road intersections and edges denote the road segments. The Geography

7 http://www.informatik.uni-trier.de/∼ley/db/
8 http://www.imdb.com/
9 http://geodepot.statcan.gc.ca/
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Markup Language (GML) files for this road network for 2005 and2008 were obtained
from the Canada Statistics website10. The dataset are defined in terms of latitudes and
longitudes, which were converted into edge lengths for the purpose of the algorithm.
Edges from 2005, which were missing from the 2008 snapshot, were added to the data
set.

We provide details of the characteristics of these graphs inTables 1, 2 and 3. In the
table, the set of edges with change in weight is denoted byE1C(c=change). The set of
edges which are absent inG1 and for which one of the nodes was inG1 is denoted by
E2ON (o=old, n=new). The set of edges which were absent inG1 but both the nodes
were present inG1 is denoted byE2OO.

Table 1.DBLPDetails

Year Nodes Edges E1C E2ON E2OO |V
′| Max

in LCC freq
1980 4295 8096 45
1981 5288 10217 607 953 305 895 46
1984 10598 21592 52
1985 13025 27260 1272 2271 616 2128 56
1988 22834 50255 61
1989 27813 61704 3282 5016 1921 4963 63
1993 61592 148287 87
1994 74794 18373810995 15446 6569 14633111
1999163203456954 221
200018804853995732876 39542 21004 35723231

Table 2. IMDB Details

Year NodesEdges E1C E2ON E2OO |V
′| Max

in LCC freq
19501449918.2M 739
19511492608.6M 111097 74757 17969816364745
19521547199.1M 11827614666120785917596745

Table 3.Ontario RNDetails

Year Nodes EdgesE1C E2ON E2OO |V
′| Max

in LCC freq
2005348236455804 250
20083676284940672280 11870 9041 29539250

We note that theDBLP and IMDB graphs are naturally temporal, and therefore a
cumulative graphcan be defined which aggregates all edges upto timet in order to
create a graph. The change is then computed between two such cumulative graphs. For
example, aDBLP graph at year 1980 captures all the co-authorship relationships in
DBLP until the year 1980. In the case of theOntario road network, the two snapshots
in 2005 and 2008 were used in order to determine the change.

The ground truth (also referred to as the “golden set”) in terms of the node-pairs with
maximum change in distance value was determined. We used thefast implementation
mentioned in [9] to generate this golden set. As mentioned earlier, this is the alterna-
tive (but brute-force method) for determine the precise node pairs with the maximum
distance changes. It is important to note thatthis process required several days on mul-
tiple CPUs to compute the exact distance changes using direct applications of shortest
path algorithms.Our computational challenges in determining the ground truth is itself
evidence of the difficulty of the problem.

5.2 Evaluation Methodology

We compute the accuracy of the results by computing the top-k pairs with the greatest
change in the original data (also known as the ground truth orgolden set), and compar-

10 http://tinyurl.com/yfsoouu
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ing it with the results of our algorithm. We refer to the fraction of such matching node
pairs as the topKAccuracy. We will show the tradeoffs between the running time and
the topKAccuracy achieved by the method. Since the core of our algorithm is to rank
and select (the top-ranking) nodes for use as source nodes, one proxy for the time spent
is the number of nodes from which the shortest path algorithmneeds to be executed.
Hence, for every ranking method, we plot the topKAccuracy against the number of
source nodes. Thearea under such a curveis also a proxy for the average lift achieved
with the use of a small number of source nodes. Thus, we compare various ranking
algorithms with respect to these areas. Before, describingthese results in detail, we will
provide some intermediate results which provide some interesting insights.

5.3 Typical Distribution of Maximum Distance Change Values

We first show that much of the change in distance values islarge for a small number
of node pairsin the real data sets tested. Figure 3 shows the distributionof the top
1000 distance change values for each of the fiveDBLP snapshots. We plot the distance
change values on theY -axis, whereas the rank of the node pair (with greatest change)
is illustrated on theX-axis. Figure 4 shows the same results for theIMDB data set for
snapshot changes across the years 1950-1951 and 1951-1952.We note that the distri-
bution of the change values is quite skewed. Only the top few distance change values
are very large. This suggests that there are only a few node pairs across which most of
the changes were concentrated. This was a recurring theme through the real data sets
encountered. The rarity of source nodes reflecting high changes makes it possible to
discover them with the use of ranking methods. In the next subsection, we will examine
this issue from the perspective of specific nodes (as opposedto node pairs).
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5.4 Contributions by Individual Nodes

Next, we examine theinvolvement of specific nodesin these pairs of nodes between
which most of the distance change is concentrated. Table 4 shows the number of unique
nodes in top 1000 maximum distance change node pairs. The results show that a small
number of nodes (∼250 on the average, and not increasing significantly with graph
size) are a part of the top 1000 maximum distance change pairs. This provides evidence
that the ranking approach should approximate the top-k maximum shortest distance
change node pairs well, because most of the distances are concentrated in a few nodes.



12

The trends in this distribution are also illustrated graphically in Figures 5(a) and 5(b)
respectively.

Table 4.Number of nodes in top 1000 maximum distance change node pairs

DBLPSnapshots#nodes
1980-1981 294
1984-1985 267
1988-1989 112
1993-1994 150
1999-2000 179

IMDB Snapshots#nodes
1950-1951 343
1951-1952 152
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5.5 Accuracy Using the Incidence Algorithm and Selective Expansion

Table 5 and Table 6 show the accuracy of our Incidence Algorithm for theDBLP and
IMDB graphs respectively. Each row shows the accuracy for a particular data set over
different values ofk. Note that even without any selective expansion, the algorithm
performs quite well and almost always determines the top fivenode pairs accurately.
Table 5. Accuracy of Incidence Algorithm
(DBLP)

SnapshotsK=1 K=5 K=10 K=50 K=100 K=500
1980-1981 1 0.8 0.8 0.8 0.86 0.638
1984-1985 1 1 0.9 0.92 0.8 0.776
1988-1989 1 1 1 0.76 0.84 0.784
1993-1994 1 1 1 1 0.76 0.734
1999-2000 1 1 0.8 0.62 0.69 0.86

Table 6. Accuracy of Incidence Algo-
rithm (IMDB)

SnapshotsK=1 K=5 K=10 K=50 K=100 K=500
1950-1951 1 1 1 1 0.93 0.982
1951-1952 1 1 1 0.94 0.8 0.57

Table 7 shows the accuracy of our Incidence Algorithm with selective seed set ex-
pansion for theDBLP graphs. Note that selective expansion improves accuracy signifi-
cantly compared to the Incidence Algorithm, and the difference is especially significant
for large values ofk.

Table 7.Accuracy of the Incidence Algorithm with selective expansion (DBLP)

SnapshotsK=1 K=5 K=10 K=50 K=100 K=500
1980-1981 1 0.8 0.8 0.8 0.88 0.84
1984-1985 1 1 1 1 1 1
1988-1989 1 1 1 0.76 0.84 0.896
1993-1994 1 1 1 1 0.76 0.734
1999-2000 1 1 1 0.8 0.69 0.86
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5.6 Accuracy of Edge Importance Numbers

We note that the edge importance numbers areestimatedin order to design the change
detection algorithm. For the change detection algorithm towork well, the edge impor-
tance numbers must also be estimated accurately. Therefore, in this section we will
show that this intermediate result on importance numbers isestimated accurately as
well. Later, we will show the final quality of the algorithm with the use of these im-
portance numbers. We note that the precise value of the importance numbers can be
estimated accurately, provided that we are willing to spendthe time required to run the
shortest path algorithm from all the nodes. These precise values are compared with the
estimated values of the importance numbers. In order to do so, we compute the impor-
tance numbers with a varying level of sampling. Specifically, we vary the number of
source nodes from 100 to 1000 and also the number of shortest path trees per source
node as 100 and 1000. We report comparisons of some of these with the precise values
of the importance numbers.

In our algorithm, the importance number was estimated in twoways: (a) The source
nodes were sampled randomly from the entire graph (b) The graph was partitioned
with the METIS graph partitioning algorithm [16] into a number of different partitions,
which was varied from 100 to 500. A node is then randomly selected from each partition
as a source node for edge importance number computation.

We note that only the top few important edges are used in the computation process.
Therefore, we are mostly interested in the convergence of the importance numbers of
the top few edges. Therefore, we will show the results for thetop 100 most important
edges. The results are illustrated in Figure 6. Here, we plotthe edge importance numbers
on Y-axis for each of the edges on the X-axis. Note that all of the curves follow the
trend which is quite similar to that of the curve corresponding to precise computations
(all 500). It is evident from the results that the importance number values converge quite
well for the top few edges. This is especially true, when the clustering-based algorithm
is used for the sampling process.
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5.7 Accuracy Comparison of Ranking Algorithms

We note that a ranking algorithm is effective, if we can run Dijkstra algorithm from a
very small number of top ranked nodes and still achieve good accuracy for the maxi-
mum shortest path distance change node pairs. We executed each of our ranking algo-
rithms for the different data sets, for values ofk ranging from 1 to 500. We varied the
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number of source nodes used for Dijkstra runs in order to testthe sensitivity. An ex-
ample of such a curve is shown in Figure 7, in which we show the curves fork=50 for
theDBLP datasetsusing theCBRPranking algorithm. On theX-axis, we use the per-
centage of nodes from the original graph (from all nodes having at least one new edge
incident on them), which are used as a source node for Dijkstra runs. We note that the
area under such a curve is good proxy for the effectiveness ofour algorithm, because
a more effective algorithm would provide a higher accuracy for a small percentage of
samples nodes, and provide a considerable amount of “lift”.Therefore, we can com-
pute the average area under the curve as a measure of the goodness of the algorithm.
For importance number estimation, we used the METIS-based selection of 100 random
nodes and 100 random shortest path trees per source node for all the graphs except for
the road network. In the case of theOntario RN data set, we used 20 random nodes and
just one shortest path tree per source node as the road network is quite sparse.

Figure 8 shows11 the accuracy comparisons of our different algorithms for theDBLP
data set. In addition, we added a few baselines. Specifically, the algorithm labeled as
Randomrefers to the case were nodes were randomly chosen from the entire graph
for running the Dijkstra algorithm. The algorithm labeled as RandomNWNErefers to
the algorithm in which the nodes were randomly chosen only from the set of nodes on
which new edges were incident between two snapshots. We ran each of the algorithms
ten times and reported the average values in order to providestatistical stability to the
results. From the results, it is evident that the most simplistic algorithm (orEWBRalgo-
rithm), which considers only the weight of the new edges incident on a node, performs
quite poorly. The algorithm which uses importance numbers (or INBRalgorithm) turns
out to be much more accurate. However, the algorithm which considers change in im-
portance numbers (orINCBR algorithm) as well is more effective than either of the
previous two algorithms. However, the most superior performance is achieved by the
clustering based algorithm (CBR). It is interesting to see that the initial selection of the
nodes with the use of graph partitioning inCBRPprovides marginal improvement in
accuracy over the variantCBRwhich does not.
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Figures 9 and 10 shows the accuracy comparisons of our different algorithms for
the IMDB and theOntario RNdata sets. The results are quite similar to the previous
case with some exceptions as noted well.

One difference is that for graphs such as the road network, our clustering based
approach does not work well. This is because a number of the edge changes involve

11 The acronym for each algorithm in the figures may be found in the section inwhich these
algorithms were introduced.
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newnodes. The impact of such nodes is hard to estimate with the use of the clustering
algorithm.

5.8 Time Comparison of Ranking Algorithms

In this section, we will show the time-comparison of the different ranking algorithms.
We note that each ranking algorithm provides a tradeoff between accuracy and effi-
ciency, since the ranking process provides anorder to the sampling of these nodes. By
picking more nodes along this order, it is possible to improve the effectiveness of the
algorithm at the expense of efficiency. In this section, we will explore this tradeoff. Re-
sults for theDBLPdata set (1988-1989) are illustrated in Figure 11. We usedk = 50 to
test the accuracy.

Notice that the individual points on each curve are plotted at intervals of5% of the
nodes with new edges. Finally, all the algorithms reach a maximum accuracy of0.76
reachable by our Incidence Algorithm on this data set fork = 50. The importance
number based algorithms (INBRandINCBR) take some time for the initial estimation
of the importance numbers.INCBR computes importance numbers for both the old
and new snapshots and so its initialization time is approximately twice that ofINBR
which estimates importance numbers for the new snapshot only. The same relationship
is true between theRUEWINandRUEWINCalgorithms as well. The clustering based
algorithms (CBRandCBRP) require some additional time for the initial Dijkstra runs
from the representative nodes of the clusters and for findingthe nearest cluster for all
other nodes with new edges. TheCBRPalgorithm requires some extra time for the
initial selection of the nodes with the use of graph partitioning.

We notice that the clustering based ranking technique is themost effective from an
overall perspective, and is able to provide almost the same amount of accuracy with
the use of just10% of the time required by the Incidence Algorithm. This is because
the ranking process is superior to the incidence approach from an algorithmic design
perspective, especially when most of the changes are concentrated in a few nodes.
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5.9 Case Studies

In this section, we provide a number of insights gained from exploration of the maxi-
mum distance change pairs. One interesting observation wasthathighly ranked nodes
often also had a high level of change in the structural centrality. For theDBLPdataset,
Table 8 shows the authors that appeared the maximum number oftimes in the top 1000
node pairs with maximum shortest path distance change. Suchauthors are the ones
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who never published with popular authors before, and were therefore at the fringes of
the co-authorship graph. However, their (or their neighbor’s) subsequent participation
in publications with popular authors resulted in increasing their structural centrality. In
some cases, these were authors who were working in a single research area who recently
started collaborating with authors in other research areas.

For example, let us consider the node (author)Nuno F. Paulino. The author pub-
lished with two other authors in 1993. The corresponding publications were also early
publications for these authors. In 1994, Nuno published a paper with five other authors
includingGabor C. Temeswho had been publishing since 1971. As a result of this new
paper in 1994, Nuno became more central in the graph, and alsoappeared in the list of
top ranking nodes which were among the sources of greatest change in the graph.
Table 8. Nodes with Greatest Change
(DBLP)

Graphs Author
1980-1981 Seppo Sippu
1984-1985W. Eric L. Grimson
1988-1989 Michael Walker
1993-1994 Nuno F. Paulino
1999-2000 R. Böhm

Table 9.Author-pairs with Greatest Change

Graphs Author1 Author2
1980-1981 B. Krishnamoorthi Reginald Meeson
1984-1985W. Eric L. Grimson Zachary C. Fluhr
1988-1989 Michael Walker Cees J. A. Jansen
1993-1994 A. D. Bray Michael Smyth
1999-2000 Jitka Dupacov́a Tiecheng Yan

We also present node pairs with greatest change over different graph snapshots in
Table 9. These are typically pairs of authors who belong to two different research areas
but recently published a paper together, or published with the same common cluster of
nodes. E.g., the nodesTiecheng YanandJitka Dupacov́a were typically on the fringes
of the co-authorship graph. However,Tiecheng Yanpublished a paper withStein W.
Wallacein 1993, and one with Jitka Dupacová in 2000. While the two authors Jitka
and Tiecheng were originally located on different corners of the graph, this authorship
behavior brought them close to one another.

The results for theIMDB data setare illustrated in Table 10. TheIMDB graph was
quite dense with many cliques. This is because many actors may work in the same
movie, and this adds a large clique of edges in the graph. For example,Sanders Kerry
(II) acted as a correspondent for the TV series “Today” in 1952. IMDB lists 938 people
as related to this TV series. Furthermore, in 1947, he was involved in the “Meet the
Press” show. These factors, resulted in his becoming a node with a large change in
centrality. This was also reflected in the fact that it was identified as a top-ranked change
node.

The results forOntario Road Networkare illustrated in Tables 11 and 12. Loca-
tions12 in Table 11 are marked on the map (Google Maps13) in Figure 12 (left). From
the results, we can see that the shortest path distance between many locations changed
in the area situated in the south west part of Algonquin Provincial Park. We looked back
at the road networks and discovered that this happened because of the construction of
an extension to the Bear Lake Road during the time period from2005 to 2008. We mark

12 http://tinyurl.com/mg-mapOne
13 http://maps.google.com

Table 10.Star pairs with the highest change in shortest path distance

Graphs Actor1 Actor2
1950-1951Niculescu-Bruna, IonConabie, Gheorghe
1950-1951 Onea, Arion Conabie, Gheorghe
1950-1951Niculescu-Bruna, Ion Scarlatescu, N.
1951-1952 Sanders, Kerry (II) Hoffman, Dustin
1951-1952 Sanders, Kerry (II) Gordon, Mark (I)
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the corresponding area14 in Figure 12 (right). Here points A, E correspond to column 3
of Table 12 and points B, C and D correspond to column 2 of Table12.
Table 11.Nodes with greatest change over time
period ’05-’08

Longitude,Latitude Location
78.7559W,45.3429N Clayton Lake, near Dorset
78.7343W,45.3464NBear Lake Road, Near Livingstone Lake
78.7024W,45.3112N Kawagama Lake, near Bear island
78.667W,45.3273N Near Kimball Lake
78.6956W,45.3216N Near Kawagama Lake

Table 12. Loc pairs with greatest
change (’05-’08)

Location1 Location2
78.704W,45.3321N 78.692W,45.3173N
78.6995W,45.3222N78.692W,45.3173N
78.6995W,45.3222N78.692W,45.3173N
78.7033W,45.3347N78.6956W,45.3216N
78.704W,45.3321N 78.692W,45.3173N

Fig. 12.Representation of locations in Table 11 and 12

From the above case studies, it is evident that our approach can discover interesting
node pairs for which shortest path distance change was maximum. Quite often these
changes are because of the combinatorial effect of multiplenew edges that come in
the network. Our algorithms can also discover the most critical edges which result in a
significant part of the distance changes. This also helps provide a better understanding
of the causality of the changes in the distances.

6 Conclusions and Future Work

In this paper, we presented several fast algorithms to compute top-k node pairs with the
greatest evolution in shortest path distances. We experimented using large graphs and
showed the efficiency and scalability of our methods. We observed that the change in
edge importance number and clustering based methods work quite well for the task. One
advantage of the approach is that it was able to create effective results over extremely
large data sets in which it was not possible to use traditional methods efficiently. In
future work, we will perform investigation of specific structural aspects of graphs which
are related to considerable distance change. We will also exploit these algorithms for a
variety of event-detection applications in networks.
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