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“ In the end, more than they wanted freedom, 
they wanted security. They wanted a comfortable 

life and they lost  it  all -- security, comfort  and 
freedom.... When the Athenians finally wanted 
not  to give to society but  for society to give to 
them, when the freedom they wished for most  
was freedom from responsibility, then Athens 

ceased to be free.”  
-- Edward Gibbon 
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Community Detect ion: 

› Community Detect ion is the process of 
seeking out community structures 
within a network 
B ut  what  is a community? 

›  Community structure is the occurrence 
of groups of nodes in a network that are 
more densely connected internally than 
with the rest of the network 
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A community is 
essent ially a 
subgraph 
selected from 
within a 
network 

While this makes sense as a 
simplificat ion a communit ies may not be 
a complete graph or may overlap with 
other communit ies 
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Barabasi’s Hypotheses 

› A network’s community structure is 
uniquely encoded in its wiring diagram 

› A community corresponds to a 
connected subgraph (connectedness) 

› Communit ies correspond to locally dense 
neighborhoods of a network (density) 

› Randomly wired networks are not 
expected to have a community structure. 
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As networks 
become larger and 
more complex it  is 
harder to detect  
defined 
communit ies 
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And thus we must  
employ algorithms to 
detect  them where 
mere inference fails 



Basic Part it ioning 
› In the minimum-cut  method: the network is 

divided into a predetermined number of 
parts, usually of approximately the same size, 
chosen such that the number of edges 
between groups is minimized. 

› Kernighan-Lin algorithm attempts to find an 
optimal series of interchange operat ions 
between elements of A and B which 
maximizes the difference in total weights 
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In order to create partitions  A  and B let      be the 
internal cost of a, that is, the sum of the costs of 
edges between a and other nodes in A, and let      
be the external cost of a, that is, the sum of the 
costs of edges between A and nodes in B. 
Furthermore, let 

  

be the difference between the external and internal 
costs of a. If a and b are interchanged, then the 
reduction in cost is 

  

 

where             is the cost of the possible edge 
between a and b. 
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Kernighan-Lin Algorithm 



 1  function Kernighan-Lin(G(V,E)): 
 2      determine a balanced initial partition of 
the nodes into sets A and B 
 3       
 4      do 
 5         compute D values for all a in A and b in 
B 
 6         let gv, av, and bv be empty lists 
 7         for (n := 1 to |V|/2) 
 8            find a from A and b from B, such that 
g = D[a] + D[b] - 2*c(a, b) is maximal 
 9            remove a and b from further 
consideration in this pass 
 10           add g to gv, a to av, and b to bv 
 11           update D values for the elements of A 
= A \ a and B = B \ b 
 12        end for 
 13        find k which maximizes g_max, the 
sum of gv[1],...,gv[k] 
 14        if (g_max > 0) then 
 15           Exchange av[1],av[2],...,av[k] with 
bv[1],bv[2],...,bv[k] 
 16     until (g_max <= 0) 
 17  return G(V,E) 
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where             is the cost of the possible edge 
between a and b. 
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 9            remove a and b from further 
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 11           update D values for the elements of A 
= A \ a and B = B \ b 
 12        end for 
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› Partition a network into two groups of 
predefined size. This partition is called 
cut. 

› Inspect each a pair of nodes, one from 
each group. Identify the pair that results 
in the largest reduction of the cut size 
(links between the two groups) if we swap 
them 

› Swap them.  
› If no pair deduces the cut size, we swap 

the pair that increases the cut size the 
least.  

› The process is repeated until each node 
is moved once. 

10 

Kernighan-Lin Algorithm 



Kernighan-Lin 
Algorithm 
Bipart it ioning market 
data 
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Kernighan-Lin 
Algorithm 
Mixed Market Highs 



Kernighan-Lin 
Algorithm 
Stock Market Indexes 



Kernighan-Lin 
Algorithm 
Cryptocurrency Part it ion 



Divisive Clustering 
Divisive algorithms split  
communit ies by removing 
links that connect nodes 
with low similarity.  
› Girvan-Newman 

algorithm 

Hierarchical Clustering 

Agglomerat ive Clustering 
Agglomerative algorithms 
merge nodes and 
communit ies with high 
similarity.  
› Clauset-Newman-Moore 

algorithm 
› Louvain algorithm 
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› the Girvan–Newman algorithm 
focuses on edges that are most 
likely "between" communities 

› Vertex Betweenness is an indicator 
of highly central nodes in networks 

› The Girvan–Newman algorithm 
extends this definit ion to the case 
of edges, defining the "edge 
betweenness" of an edge as the 
number of shortest  paths between 
pairs of nodes that run along it . 
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Girvan-Newman 
Algorithm 
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Girvan-Newman 
Algorithm 

1. The betweenness of all 
existing edges in the 
network is calculated 
first. 

2. The edge with the 
highest betweenness is 
removed. 

3. The betweenness of all 
edges affected by the 
removal is recalculated. 

4. Steps 2 and 3 are 
repeated until no edges 
remain. 



Girvan-
NewmanAlgorit
hm 
As applied to stock 
indexes 
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Girvan-
NewmanAlgorit
hm 
Part it ions stock 
indexes 



Girvan-
NewmanAlgorit
hm 
High Currency Values 



Girvan-
NewmanAlgorit
hm 
Cryptocurrency 
part it ioned by volume  



Divisive Clustering 
Cryptocurrency and 
Foreign Exchange 



› Modularity is a scale value 
between -1 and 1 that measures the 
density of edges inside 
communities to edges outside 
communities  

› For a weighted graph, modularity is 
defined as:  
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Agglomerat ive 
Clustering 

●     represents the edge weight 
between nodes   and   ; 

●    and     are the sum of the 
weights of the edges attached to 
nodes    and   , respectively; 

●     is the sum of all of the edge 
weights in the graph; 

●     and      are the communities of 
the nodes; and 

● is a simple delta function. 



Clauset-Newman-
Moore Algorithm 

Part it ioning Currencies 
by Opt imizing 
Modularity 



› First , each node in the network is 
assigned to its own community 

› Then for each node i, the change in 
modularity is calculated for 
removing i from its own community 
and moving it  into the community 
of each neighbor j of i  
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Louvain Algorithm 



    inc = dict([]) 
    deg = dict([]) 
    links = graph.size(weight=weight) 
    if links == 0: 
        raise ValueError("A graph without link has 
an undefined modularity") 
 
    for node in graph: 
        com = partition[node] 
        deg[com] = deg.get(com, 0.) + 
graph.degree(node, weight=weight) 
        for neighbor, datas in 
graph[node].items(): 
            edge_weight = datas.get(weight, 1) 
            if partition[neighbor] == com: 
                if neighbor == node: 
                    inc[com] = inc.get(com, 0.) + 
float(edge_weight) 
                else: 
                    inc[com] = inc.get(com, 0.) + 
float(edge_weight) / 2. 
 
    res = 0. 
    for com in set(partition.values()): 
        res += (inc.get(com, 0.) / links) - \ 
               (deg.get(com, 0.) / (2. * links)) ** 2 
    return res 
 

› First , each node in the network is 
assigned to its own community 

› Then for each node i, the change in 
modularity is calculated for 
removing i from its own community 
and moving it  into the community 
of each neighbor j of i  
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Louvain Algorithm 



 
 

 

› By utilizing this formula for 
modularity we can build 
communities by optimizing 
modularity value 

› These communities are organized 
hierarchically in a dendrogram 
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Louvain Algorithm 



1.     current_graph = graph.copy() 
2.     status = Status() 
3.     status.init(current_graph, weight, part_init) 
4.     status_list = list() 
5.     __one_level(current_graph, status, weight, 

resolution, random_state) 
6.     new_mod = __modularity(status) 
7.     partition = __renumber(status.node2com) 
8.     status_list.append(partition) 
9.     mod = new_mod 
10.     current_graph = induced_graph(partition, 

current_graph, weight) 
11.     status.init(current_graph, weight) 

 
12.     while True: 
13.         __one_level(current_graph, status, 

weight, resolution, random_state) 
14.         new_mod = __modularity(status) 
15.         if new_mod - mod < __MIN: 
16.             break 
17.         partition = __renumber(status.node2com) 
18.         status_list.append(partition) 
19.         mod = new_mod 
20.         current_graph = induced_graph(partition, 

current_graph, weight) 
21.         status.init(current_graph, weight) 
22.     return status_list[:] 

 

 

› By utilizing this formula for 
modularity we can build 
communities by optimizing 
modularity value 

› These communities are organized 
hierarchically in a dendrogram 

28 

Louvain Algorithm 



A set  of Dendrograms 
In hierarchical levels 



A set  of Dendrograms 
In hierarchical levels 



A set  of Dendrograms 
In hierarchical levels 



The best  part it ion 



Louvain 
Algorithm 
Cryptocurrency under 
Agglomerative 
part it ioning 
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Louvain 
Algorithm 
Cryptocurrency under 
Agglomerative 
part it ioning 



Louvain 
Algorithm 
Cryptocurrency by 
volume 



Louvain 
part it ioning of 
the markets 



Louvain 
part it ioning of 
the coins and 
currency 



 
 

› Cliques are subgraphs in which 
every node is connected to every 
other node in the clique. 

› Cliques allow nodes to be in 
multiple communities at  a t ime 

› One might choose cliques of a fixed 
size k or find the maximal cliques 

› Maximal Cliques are typically 
calculated through the Bron-
Kerbosch algorithm 
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Cliques 



1.    BronKerbosch1(R, P, X): 
2.        if P and X are both empty: 
3.            report R as a maximal 

clique 
4.        for each vertex v in P: 
5.            BronKerbosch1(R ⋃ {v}, 

P ⋂ N(v), X ⋂ N(v)) 
6.            P := P \ {v} 
7.            X := X ⋃ {v} 

 
 

› Cliques are subgraphs in which 
every node is connected to every 
other node in the clique. 

› Cliques allow nodes to be in 
multiple communities at  a t ime 

› One might choose cliques of a fixed 
size k or find the maximal cliques 

› Maximal Cliques are typically 
calculated through the Bron-
Kerbosch algorithm 
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Cliques 



The Index Graph 
is too small 



Cryptorrency 
By volume 



Cryptorrency 
Price network 



Forex Averages 
Maximal Clique 
Communit ies 



Currency with 
Crypto 
Maximal Clique 
Communit ies 



Data Acquisit ion 

Forex 
›           The oanda 

api supports 
price streaming 

›                   Posts 
prices on their 
website 

›        

Crypto 
›       Coinmarket Cap 

provides us with 
easily scrapable 
prices 

Stock 
›      Supposedly the 

yahoo api is 
discontinued 
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Our process seemed st raight forward 

Download 
Data 

Build 
Database 

Analyze 
Data 
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MARKET DATA 
Requires curation 
which must be 
automated with bash 
scripts 
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MARKET DATA 
Data from different 
types of prices was 
joined in the database 
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Automated Downloader 

Turnkey VM with Database 

SSH Tunnel & 
Psycopg2 

Internet 

Port forwarded SSH 
Tunnel to Notebook 



Queries to Correlat ions 

We can query which currencies we want to 
look at during specific intervals to generate 
a data matrix, which we can then find 
correlat ions between 



Correlat ions to Networks 

› Create weighted network between 
every currency with the correlat ions as 
weights 

› Use Maximum Spanning Tree to trim 
network, keeping high correlat ions 

› Add labels on nodes 
 



Pit falls 

› Fully connected network has trivial 
metrics 

› Self loops will always be highest 
correlat ions 

› Hard to find true important nodes and 
relat ionships 



Significance of Metrics 

› Weighted degree = nodes w/  most pos. 
Correlat ions 

› Shortest Path: Chain of most negatively 
correlated currencies 

› Betweenness centrality: currencies used 
as intermediary exchanges 



Use for t rading 

› Find currency /  index of interest 
› Use max spanning tree as well as min 

 



Int ro to Modularity 

Network: N nodes, L links, and a part it ion into nc 
communit ies, each having Nc nodes connected 
to each other by Lc links, where c=1,...,nc. 
If Lc is larger than the expected #  of links 
between the Nc nodes given the network’s 
degree sequence, then the nodes of the 
subgraph Cc could be a true community 



Modularity Formulas 

We therefore measure the difference between 
the network’s real wiring diagram (Aij) and the 
expected number of links between i and j if the 
network is randomly wired (pij), 
 



Modularity Examples 



Modularity: Key Propert ies 

› Higher Modularity Implies Better Part it ion 
The higher M for a part it ion, the better the 
corresponding community structure. The 
part it ion with the max modularity (M=0.41) 
accurately captures the two obvious 
communit ies. M <= 1 in general 



Key Propert ies cont . 

› Zero and Negative Modularity 
By taking the whole network as a single 
community we obtain M=0, as in this case 
the two terms in the parenthesis are equal. 
If each node belongs to a separate 
community, we have Lc=0 and the sum has 
nc negative terms, hence M is negative 



Limits of Modularity 

Given the important role modularity plays in 
community identificat ion, we must be 
aware of some of its limitat ions. 



Resolut ion Limit 

 
Modularity maximization forces small 
communities into larger ones. If we merge 
communities A and B into a single community, 
the network’s modularity changes with 



Resolut ion Limit highlighted 

› Consider the case when kAkB|2L < 1 
› predicts ΔMAB > 0 if there is at  least  one link 

between the two communities (lAB ≥ 1).  
› Must merge A and B to maximize modularity. 

Assume kA ~ kB= k, if the total degree of the 
communities satisfies 

› Then modularity increases by merging A and B 
into a single community, even if they’re dist inct . 



Resolut ion Limit consequences 

› Modularity maximization can’t  detect  communities 
smaller than the resolution limit . For the WWW 
sample, modularity maximization will have difficult ies 
resolving communities with total degree kC ≲ 1,730. 
 
 

 
› Real networks contain numerous small communities 



Modularity Maxima 
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