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Outline

• We will
• Motivate the current shift of interest towards learning with networked data
• Formalize the problem of learning from networked data 
• Clarify the role of various forms of within-network correlation

• Establish links with related areas of research (transductive and 
semi-supervised learning, collective inference)

• We will
• Point to important results (Theoretical / Experimental)

of this paradigm shift in machine learning
• Applications (Biological domain, energy prediction)
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Mining network data: different dimensions
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Networked Data
• A collection of interconnected entities

• Entities can be 
• homogeneous/heterogeneous
• Labelled/unlabelled
• Described by a single / multiple attribute(s) / structured 

representations
• Defined at various levels of abstractions 

• Connections can be 
• Homogeneous / heterogeneous
• Labelled / unlabelled
• Binary / n-ary
• Defined at various levels of abstraction 
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Ubiquity of Networked Data
• Entities: Web pages

• Connections: Hyperlinks

• Entities: Scientific research 
papers

• Connections: References
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Ubiquity of Networked Data
• Entities: authors of papers on DBLP

• Connections: co-authorship

[Rattigan &  Jenssen, 2005]
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Ubiquity of Networked Data
• Entities: movies, studios and actors.

• Connections: movies are produced by some studio, 
actors are starring in a movie

[Neville & Jensen 2003]
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Ubiquity of Networked Data
• Entities: blogs, web pages.

• Connections: a link from the blog to another blog or website. 
Links can be categorized according to the destination and 
where they appear within the blog pages: 

• a link appearing in a blog entry, 
• a link appearing in a comment posted as a response to a blog entry, 
• a link in the “friends” category.

[Bhagat, Rozenbaum, Cormode   2007]
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Ubiquity of Networked Data
• Entities: hijackers

• Connections: 
• contacts, 
• meetings, 
• activities, 
• training, 
• financial transactions,
• authority relationships,
• …

The 9/11 Hijacker Extended Network [Krebs, 2002]
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Ubiquity of Networked Data
• Entities: proteins

• Connections: 
• interactions

http://www.cdsb.dk/about.php
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Ubiquity of Networked Data
• Entities: map cells

• Connections: adjacency
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Ubiquity of Networked Data
• Entities: spatial objects (rivers, roads, …)

• Connections: 
• intersection, 
• inclusion, 
• adjacency,
• overlapping,
• distance, 
• …
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Prediction Tasks in Networked Data

• Predicting the label of an entity
• What’s the topic of a web page? 

Machine 
learning

Machine 
learning

Statistics?

?

?
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• Predicting the label of an entity
• What’s the function of a gene? (Gene Ontology)

Structured Output Prediction Tasks in 
Networked Data

[Stojanova et al,  2013] 14



Prediction Tasks in Networked Data

• Predicting the existence of a new connection
•  possible co-authorships

?
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Prediction Tasks in Networked Data

• Predicting the label of a connection
• Is a reference to the paper correct? 
• Is the co-author relationship an advisor-advisee 

relationship?
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Prediction Tasks in Networked Data

• Predicting when two entities are the same (entity resolution)
• Are two citations referring to the same paper? 
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Ranking: recommend friends (social networks) 

Goal: Given a user , recommend friends  

Positive: Nodes to which  links to in the future  

Negative: Nodes to which  does not link  

Supervised ranking problem:  Assign higher scores to positive nodes 
than to negative nodes

Combine PageRank with Supervised learning to combine network 
structure and node and edge features

Idea: Use node and edge features to “guide” the random walk
[Leskovec, 2012]
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Ranking: influencers in social networks

Given a graph G, a database of 
propagation        = {D1, D2, … Dn} 
(composed of DAGs)

Find: 

Summaries S (set of DAGs) that:

• Have homogeneity population 
• Have a good hierarchical 

structure (good ranking)
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Description Tasks in Networked Data

• Detect groups which explain 
• Why movies make more than $2 million in opening 

weekend box-office returns

[Neville & Jensen 2005]
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Description Tasks in Networked Data

• Detect anomalous links 

[Rattigan &  Jenssen, 2005]
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Description Tasks in Networked Data

• Detect anomalous links 

[Rattigan &  Jenssen, 2005]
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Description Tasks in Networked Data

• Cluster spatially distributed sensor networks with same trend of measurement  

… …

[Appice et al, 2015]
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Relational mining for Discovering Changes in 
Evolving Networks

•Application to real-world heterogeneous networks (KEDS, DBLP,...)
•with a background hierarchy on the nodes: multi-level change chains

Loglisci C, Ceci M, Malerba D (2015). Relational mining for discovering changes in evolving networks. NEUROCOMPUTING, vol. 150, p. 265-288, ISSN: 
0925-2312
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Within-Network Inference

• Training entities are connected directly to those entities whose labels 
are to be estimated

Machine 
learning

Machine 
learning

Database?

?

?
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Across-Network Inference

• Learning from one network and applying the learned model to a 
separate, presumably similar, network. 

+

+-

+ +

-

26



Formalization: Graph-based

Given

• An undirected graph G=(V,E), 

• A vector of features X
1
, …, X

n
 (explanatory variables) is defined on 

each node v∈V.

In predictive tasks, a response (target) variable Y is defined for a subset 
VK⊆V 

Main assumptions: 

• homogeneity of entities and connections;

• symmetry of connections.
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Formalization: Graph-based

• N(v)⊆V neighborhood of a node v∈V
• Set of nodes in V which are “close” to v.
Henceforth, assume: v∈N(v) and |N(v)| > 1 

• Closeness:
• Directly linked to v
• Within a certain distance from v 
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Correlations
Within network

1. Between the response variable Y of a node v∈V 
and the explanatory variables X

i
 of nodes in N(v). 

Cross-correlation
Exploited in within network and across network inference
The cost of an apartment in a location depends on the 

services both in that location and in its neighborhood.

v v'∈N(v)
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Within network

2. Between the response variable Y of a node v∈V 
and the response variable of nodes in N(v). 
Auto-correlation

Exploited in within network inference, not in across network 
inference

The price level for a good at a retail outlet in a city depends 
on the price for the same good in the nearby.

Correlations

v v'∈N(v)
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Causes of Autocorrelation

• Tobler’s first law of geography [Legendre 1993] 
Everything is related to everything else, but nearby things are more 
related than distant things.

• Homophily [McPherson et al. 2001]

The tendency of nodes with similar values to be linked with each 
other.
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Relational Correlation
• A: a sets of objects described by attribute f

• B: a sets of objects described by attribute g

• P
R
: a set of pairs of A and B related by paths in the 

network

Relational correlation: correlation between all pairs 
(f(a),g(b)), where a∈A, b∈B, p(a,b)∈P

R

 [Jensen & Neville, 2006]
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Relational Correlation

(Jensen & Neville,2002)

Independent 
instances

Dependent 
instances

A

–

B

–

B

+

A

–

A

+

B

+ + +

A

––

Class Movie Attr.
value Studio Other object
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Estimating Relational Correlation

* defined for contingency tables

• Given a set of related pairs P
R
, the correlation 

between two discrete variables can be computed as 
Pearson’s Contingency* Coefficient:

where χ2 is the Chi-square statistics and N is the 
sample size. 

[Neville, 2006]
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Estimating Correlation

• r
ac

 ∈[0,1] 

• 1 the value of the attribute f for a node v
i
 is always 

equal to all other nodes v
j
 reachable by a path in the 

network, with a given value of attribute g. 

• 0 the values of f and g in related pairs of nodes are 
independent. 
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Estimating Autocorrelation
• X : attribute  

• A, B: two sets of objects described by X

• P
R
: a set of pairs of A and B related by paths in the 

network

Relational autocorrelation: correlation between all 
pairs (X(a),X(b)), where a∈A, b∈B, p(a,b)∈P

R

(Jensen & Neville, 2006)
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Relational AutoCorrelation

Autocorrelation on the Movie database 

(Jensen & Neville, 2002)
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Relational AutoCorrelation

0 1

Studio

Movie MovieMovie

Studio

Movie MovieMovie

+

Movie

– + – + + +
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Data Relationship ≠ Statistical Independence 

Low autocorrelation between Movies through Actor, 
but the two pieces of data are anyway linked. 

In general, the network of statistical dependencies does 
not necessarily correspond to the data network.
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Estimating Autocorrelation (continuous attrs.) 

• Given a set of related pairs P
R
, we can measure the 

autocorrelation of a continuous variable X as the 
correlation between:

• X
i
: value of X for v

i

• X
j
: value of X for v

j

[Neville, 2006] [Stojanova et al., 2012]
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Learning with Networked Data

• The main issue in learning with networked data is the 
presence of within-network correlation.

• Standard learning approaches:
• Appropriate when there is no correlation within network 

(i.i.d. assumption holds)

• Efficient
• Theoretically well-founded
• Well-investigated properties

• A different class of methods is required to account for 
within-network correlation. 

Network-based learning / mining 
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Learning Network-based Predictive 
Clustering Trees

C

C
0 C

1

C
1 , 0

C
1 , 1

Predictive models

Stojanova D, Ceci M, Appice, A, Džeroski S (2012). Network regression with predictive clustering trees.  DATA MINING AND KNOWLEDGE DISCOVERY, vol. 25, p. 
378-413
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Measures of Network Autocorrelation
• Global Moran’s I (spatial AC)
                                                                                    

where                                 is the weighting matrix 

• Randić Connectivity Index (CI)
 where  D(i) and D(j) represent  the weighted node degree vector

• Relational AC Coefficient (P)  
 
                                                                                                                                         

 where              represents the set of related pairs
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Moran’s I
• Moran’s I ranges between –1.0 and + 1.0

• When autocorrelation is high, the coefficient is high
• A high positive value indicates positive autocorrelation

Moran’s I:  0.66 Moran’s I:  0.12
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Top down induction of NPCTs

ΔY   variance reduction 
(N)PCTs

SY   network autocorrelation
NPCTs
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Learning with Networked Data

Network linkage poses two additional issues:

TRAINING: The distinction between training and testing 
is not always possible

+ +

?

?
48



Learning with Networked Data

PREDICTIONS: Predictions cannot be performed 
independently

+

?

?

?
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Basic approaches for prediction

Problem: simultaneous inference of Y for remaining nodes in VU= V - VK.

Naïve approach: estimate the full joint probability distribution 

P(YU | G, YK)

Approximation: Markov assumption 
P(Y

j
 | G, YK) = P(Y

j
 | N(v

i
)) 
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Basic approaches for prediction

Weighted-vote Relational Neighbor Classifier (wvRC)

Z: a normalizing constant.

Class-membership probability is estimated by assuming 
positive autocorrelation. 

Other classifiers have been proposed [Macskassi & 
Provost, 2007)]
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Collective Inference

N(v
j
) ∩ VU may not be empty. ➔ 

Collective Inference: Simultaneous judgments regarding the values of 
response variables for multiple linked entities for which some 
attribute values are not known.

• Gibbs sampling

• Relaxation labeling

• Iterative classification

[Macskassy & Provost, 2007]
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Transductive Inference

• An inference mechanism “from particular to particular”.

• Uses both labeled & unlabeled data to build classifier, whose goal is 
to classify only unlabeled data as accurately as possible.

• No general rule valid for all possible instances is generated.
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Semi-Supervised Smoothness Assumption

• If two points x
1
 and x

2
 in a high-density region are close,  then so 

should be the corresponding outputs y
1
, y

2
. 

• The label function is smoother in high-density regions than in 
low-density regions.

• This assumption entails that if two points are separated by a 
low-density region, then their outputs need not be close.

• It is also called label smoothness assumption. 
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Transductive Inference
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Analogy

• In within-network classification both labeled and unlabeled nodes are 
used and only unlabelled nodes have to be classified.

• Homophily justifies transductive learning.

               Learning with Networked Data + 
  Transductive Learning ?

[Macskassy, 2007] 56



•Exploiting clustering of heterogeneous networks for classification purposes
•Extraction of multi-type clusters
•Hierarchical organization of clusters

•Simultaneous classification of objects of different types
•Catching possible dependencies among labels
•Exploiting the hierarchical structure to take into account dependencies at different 
levels of granularity

G. Pio, F. Serafino, D. Malerba, M. Ceci “Multi-Type Classification from Heterogeneous Networks”, Data Mining and Knowledge Discovery (submitted).

Multi-type Classification from
Heterogeneous Networks
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Questions?
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Thank you

Questions?
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