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Why take a new approach to understanding 
Alzheimer’s? 
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Because we barely understand it at all - 
•400+ clinical trials  
•200+ compounds 
•One with slight reduction of symptoms (Memantine) and 
no preventative drugs 
•Genetic linkage studies indicate multiple molecular 
systems involved in pathology 
•For most cases small contributions from many molecules 
•What is perceived as AD is clouded by other age-related 
pathologies 
 



Overview of datasets and approach 
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Challenges 
 Biological networks have high level of noise and 

therefore have incorrect or missing links  
 

 Biological functions are accomplished by communities of 
interacting molecules or cells 
 

 Membership in these communities may overlap when 
biological components are involved in multiple functions 

Addition of  
noise &  

unclustered links 

Multi-community nodes Red dot = connection between nodes 



SpeakEasy Algorithm 
 Novelty: Identifies communities using top-down and bottom-up 

approaches simultaneously.  Specifically, nodes join communities 
based on their local connections and global information about the 
network structure. 
 

 Label propagation algorithm: each node updates its status to the 
label found among nodes connected to it which has the greatest 
specificity, i.e., the actual number of times this label is present in 
neighboring nodes minus its expected number based on its global 
frequency. 
 

 Consensus clustering: the partition with the highest average 
adjusted Rand Index among all other partitions is selected as the 
representative partition to get robust community structure.  
 

 Overlapping communities: overlapping communities can be 
obtained with co-occurrence matrix. Multi-community nodes are 
selected as nodes which co-occur with more than one of the final 
clusters with greater than a user-selected threshold. 



Visual Example of SpeakEasy Clustering 

 Labels are represented by color tags 
 

 Multi-community nodes are tagged with multiple colors 

A. Each node is assigned with random 
unique label (before clustering) 

B. Nodes with the same labels belong to 
the same community (after clustering) 



Initially we label objects randomly 
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Therefore, starting from random initial labels…. 
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We allow nodes to adopt labels they hear 
frequently from their neighbors (peer pressure) 

9 



Mid-way through the process… 
What will this node choose for a label? 
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Selects the label most specific to its neighbors 
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Ultimately… 
communities are identified as nodes bearing the same label 
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Nodes that are often labeled by different communities  
are defined as multi-community nodes 



Color-coded community ID 

 Algorithm identifies communities 
though evolution of common labels.  
 

 After a certain number of iterations of 
label propagation or if none of the 
nodes updates its labels, nodes with 
the same label will be clustered into 
the same community.  

 
 However, because the clustering is 

fast and parameter-free, running the 
algorithm multiple times is useful as it 
provides an assessment of the 
robustness of the clusters and the 
identity of multi-community nodes. 

Correlation matrix after clustering 
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Clustering Workflow 



 Individual clustering results look pretty 
good (dense within-community clusters, 
and sparse between-community links.) 
 

 However, how robust are these clusters?   
 

 One way to test cluster robustness is to 
resample the data, rebuild the clusters, 
and compare them to the original, or to 
other clusters built by re-sampling. 
 

 For example, how similar are the 
clusters from a resampled dataset? 
 

 The sample with the highest average 
adjusted Rand Index among all other 
samples is selected as the 
representative sample to get robust 
communities.  
 

Clustered node ADJ #1 
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??? 
Clustered node ADJ #2 

Identifying Robust Clusters 



 Run SpeakEasy multiple times 
(e.g. 100x). 
 

 For all pairs of nodes (i, j) the 
“co-occurrence” matrix records 
number of times they land in the 
same cluster. 
 

 This is useful for both identifying 
robust clusters and for finding 
nodes that link multiple 
communities together. 

Co-occurrence matrix 

Clusters in this matrix show 
nodes that cluster across 
many initial conditions 
 
Strong non-clustered/ off-
diagonal elements show 
multi-community nodes 
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Identifying Multi-community Nodes 



Using general or abstract networks to test 
clustering 
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When the true clustering structure of network does not have a single correct solution, how 
can we test the performance of clustering algorithms? 
Answer-The statistical quality of clustering can be measured by comparing the clustered 
adjacency matrix to a null model. 



Performance on Real-world Networks 
 SpeakEasy shows improved performance on 6/15 networks using 

the modularity (Q) metric, with a mean percent difference in 
performance of 2% over GANXiS. 

 

 SpeakEasy performs better than GANXiS on 14/15 of the networks 
with a mean percent difference of 28% over GANXiS. 

Comparison of the quality of community structures detected with GANXiS and SpeakEasy 
on 15 real-world networks using modularity (Q) and modularity density (Qds). 



Performance on LFR Benchmark (Disjoint) 
 SpeakEasy can accurately identify disjoint clusters on LFR benchmarks, 

even when these clusters are obscured by cross-linking, which simulates the 
effect of noise in typical datasets. 

 

 SpeakEasy shows the high accuracy in community detection based on 
various community quality metrics, especially for highly cross-linked clusters. 

The LFR benchmarks track cluster recovery as networks become increasingly cross-linked (as μ increases) 
Normalized Mutual Information (NMI), F-measure, Normalized Van Dongen metric (NVD), Rand Index (RI), 
Adjusted RI (ARI), Jaccard Index (JI), Modularity (Q) and Modularity Density (Qds). 



Robust clustering performance with various cluster size distributions and intra-cluster degree 
distributions. (A) Various disjoint cluster recovery metrics for networks from LFR benchmarks with 
n=1000, γ (cluster size distribution) =3, β (within-cluster degree distribution) =2.  (B) Disjoint cluster 
recovery metrics for networks from LFR benchmarks with n=1000, γ=3, β=1 (C) Disjoint cluster 
recovery metrics for networks from LFR benchmarks with n=1000, γ=2, β=2.  

Performance on LFR Benchmark (Disjoint) 



Performance on LFR Benchmark (Overlapping) 

 SpeakEasy shows excellent performance on identifying 
multi-community nodes tied to various number of 
communities (controlled by Om) on LFR benchmarks. 

Recovery of true clusters quantified by NMI as a function of μ (cross-linking between 
clusters) and Om (number of communities associated with each multi-community node) 
D - average connectivity level 
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Performance on LFR Benchmark (Overlapping) 

F(multi)-score is the standard F-measure, but specifically applied for detection of 
correct community associations of multi-community nodes, calculated at various 
values of Om and different average connectivity levels (D=10,20).  



Application to Protein-protein Interaction Datasets 

A. The high throughput interaction dataset from Gavin et al. has nodes colored according 

to protein complexes found in the Saccharomyces Genome Database (SGD) database. 

B. The communities identified with SpeakEasy on the high throughput interaction dataset 

from Gavin et al. 



Application to Cell-type Clustering 

Primary and secondary 
biological classifications of 
immune cell types are 
reflected in primary and 
secondary clusters. 



Application to Neuronal Spike Sorting 

Comparison of communities of similar neuronal spikes vs known spike communities 



Application to Resting-state fMRI Data 

A. Raw correlation matrices 
between resting state brain 
activity from control and 
Parkinson disease cohorts. 

B. Co-occurrence matrices for 
controls and Parkinson 
disease cohorts. 



Brain region communities 
detected from control subject 
resting-state fMRI. The order of 
communities 1-6 corresponds to 
the order of communities shown 
in the figure before.  
 
Location of brain regions in each 
cluster was/were visualized with 
the BrainNet Viewer 
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Introduction 
➢Community structure: the gathering of vertices into 

groups such that there is a higher density of edges within 
groups than between them. 

 

Fig. The vertices in many networks fall naturally into groups or 
communities, sets of vertices (shaded) within which there are many 
edges, with only a smaller number of edges between vertices of 
different groups [1] 

Source [1] "Finding community structure in very large networks." Physical Review E 70(6) (2004): 066111 



Modularity 

 
 
 
➢The modularity measures the strength of the partition of a 

network into clusters. 
 
 
 
 
 where c is a community, C={c} is a partition of the network. 
 
 

Notation Meaning  

ki the degree of node  

m the total number of edges 

c a community, i.e. a set of nodes in the network 

the set of edges inside community c 
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Which one is better? 

Partition One (red background): 
 

Partition Two (dashed lines): 
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Which one is better? 

Partition One (red background): 
 

Partition Two (dashed lines): 
 



Motivation 
The modularity optimization approaches: 
 

➢  Modularity suffers from resolution limit problem. 
 

➢The optimization process is often traps at some local optimum. 

#Com
m 

Modularity  

30 0.8758 

15 0.8879 

Denote the weight of the 
edge between two 
cliques by x  

x=1 



Edge weighting scheme 
➢The definition of the weighted modularity: 
 
 
 

W is the summation of all edges’ weights. 
Wc is the “weight” of the community c. 

 
 

➢The change in weighted modularity upon joining any pair 
of small ground truth communities should be negative. 

 
 
➢ Idea: Assign proper weights to edges so that the 

constraints can be satisfied. A successful edge weighting 
scheme leads to a decent community detection 
performance.  

 
 



Adaptive Modularity Maximization  

➢ Sample a large unweighted 
network to obtain the graph 
parameters. 

 

➢ Construct a similar artificial 
network with known ground 
truth communities. 

 

➢ Extract topology features of 
the edges xe= [f1, f2,...] . 

f1: Common Neighbors. 
f2: Jaccard-coefficient. 
f3: Adamic-Adar index. 
etc. 

 
 

➢ Train a feature-based linear 
regression model on the 
edge weight we. 

Unsupervised Learning 



Optimization Task 
➢ Penalization on the change of modularity upon joining pairs of small 

ground truth communities: 
 
 
 
 

➢ Regularization on the variance of the edge weights          to control 
the portion of negative weights and the average edge weight       
which is expected to be close to 1. 

 

➢ Loss function such as the sigmoid function is used to improve the 
robustness against outliers. 



Inferring Algorithm 
➢ We can apply the quasi-Newton method, such as Broyden-Fletcher-

Goldfarb-Shanno (BFGS) algorithm, which requires the first order 
derivative of the objective function only.  

 

 



Inferring Algorithm 
➢ We can apply the quasi-Newton method, such as Broyden-Fletcher-

Goldfarb-Shanno (BFGS) algorithm, which requires the first order 
derivative of the objective function only.  

 

➢ The summation of weights of all the edges in the graph is 
 
 
 
 

Compute           once at the beginning and update W as the vector 
 

product in every BFGS iteration. 
 

➢ The other terms can also be computed in a similar manner. The time 
complexity is linear in the number of the edges in sampled ground 
truth communities. 
 
 

 



American College Football Network 
➢ The American college football network consists of 115 college 

football teams. The teams in the same conference play with each 
other more frequently than those in different conferences.. 

 

(a) 19 ground truth 
communities defined as 11 
conferences and 8 
independent teams. Edges 
in black are assigned 
negative weights by our 
model. 
 

(b) 6 communities 
detected on the 
unweighted graph by 
the Fast Greedy 
modularity 
maximization method. 
 

(c) 11 communities 
detected on the 
weighted graph by the 
Fast Greedy modularity 
maximization method. 
 



American College Football Network 
 

➢ The community structures are discovered in the original unweighted graph 
or the corresponding weighted graph produced by our model. 

 

➢ Normalized mutual information (NMI), adjusted rand index (ARI), modularity 
and modularity density are computed over the original unweighted graph. 

 

➢ Modularity maximization algorithm can avoid local optimums in the weighted 
graph produced by our model. 

 

FG: Fast Greedy alg., Clauset et al.; LE: Leading eigenvector method, Newman et al. 
LP: Label propagation alg., Raghavan et al.; RW: Random walk method, Pons et al. 
ML: Multilevel algorithm, Blondel et al. 



Amazon and DBLP Networks 
➢ Amazon co-purchasing network: 334,863 Amazon products with two 

frequently co-purchased products linked. 
 

➢ DBLP co-authorship network: 317,080 researchers in computer 
science with every pair of co-authors linked. 

 

➢ The number of communities detected in weighted and unweighted 
Amazon network in relation to the community sizes: 

 

Note: the regression model is trained by the ground truth in 
● Football network 
● Stochastic blockmodel with sampled graph parameters. 

Amazon DPLB 
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Amazon and DBLP Networks 
➢ F-measure of the detected communities using different ground truth 

networks as the training data. 



Conclusions 
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 Methods: Applications and semantics of edges are essential in 
selecting the best community detection methods  
 

 Robustness: Data collection for social and bio-networks is ridden 
with imperfections and errors, so robustness of the methods applied 
in this domains is essential for success 
 

 Overlapping communities: all realistic communities are 
overlapping having members playing multiple roles in multiple 
networks, so accounting for overlapping communities is important. 
They can be obtained with co-occurrence matrix. Multi-community 
nodes are selected as nodes which co-occur with more than one of 
the final clusters with greater than a user-selected threshold. 

 
 Temporal and multilayer networks: New frontier of challenging 

community detection methods is currently on temporal/evolving 
networks and networks that are multilayer or multiplex. 
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