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CLIQUE

Given a graph  a clique is a subset of 
vertices  such that

• Each pair of distinct vertices  are adjacent.

• In other words, a clique  is a complete 
subgraph of .

• The size of a clique is the number of vertices it 
contains.

G = (VG, EG)
S ⊆ VG

u, v ∈ S

G′ = (S, E′ G)
G

a

f

c

ed

b

 set∈

 dist( , ) = 1
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A GRAPH-THEORETIC DEFINITION OF A 
SOCIOMETRIC CLIQUE * 

RICHARD  D. ALBA  

Columbia University 

The intent of this paper is to provide a definition of a sociometric clique in the language of graph 
theory. This problem is viewed from two perspectives: maintaining fidelity to the intuitive notion of 
a clique; and providing adequate computational mechanics for large bodies of data. Luce's (1950) 
concept of an K-clique is used, but further qualifications are added. Two statistics or measures with 
associated probability distributions are defined for testing the adequacy of a subgraph which qualifies 
according to the definition. 

1. INTRODUCTION 

One of the factors which has most confused the discussion of sociometric clique 
identification in large bodies of data is the absence of a formal definition of a clique. 
Luce and Perry (1949) and Luce (1950) are the only well-known sources for such a 
formalization, and their attempts have not been followed out in the literature. Rather, 
more recent attempts to satisfactorily identify cliques have employed ad hoc clustering 
or taxonomic procedures which allow the data to suggest natural groupings. Notable 
among these are the approaches of MacRae (1960), Coleman and MacRae (1960), 
and Hubbel (1965). 

One difficulty in the approach of Luce and Perry (1949) and Luce (1950) was that 
an adequate computational procedure to locate subsets of the data which satisfied 
their criteria was lacking. Recent computational literature, such as Bonner (1963) 
and especially Auguston and Minker (1970), contains algorithms which can be used 
to identify these subsets in reasonably large bodies of data (whose sizes are on the 
order of 100 to 1000 individuals). 

Other difficulties, however, remain. The definition in Luce and Perry (1949), in 
which a clique is defined as a maximal complete subgraph, is too stringent for most 
purposes. The concept of n-clique, as presented in Luce (1950), may provide a suitable 
basis for a formalization but its properties must be explored further before any 
judgment can be made. 

The intent of this paper is to provide a suitable definition of a sociometric clique. 

 *A version of this paper was read at the 1972 meetings of the American Sociological 
Association in New Orleans. This paper was prepared under National Science Foundation Grant GS 
3231 to Professor Charles Kadushin of Teachers College, Columbia University. I am grateful for the 
comments of Professor Kadushin, as well as those of Dr. Kenneth Land of the Russell Sage 
Foundation and Professor Seymour Spilerman of the University of Wisconsin to a draft of this paper. I 
particularly want to thank Dr. Tom Louis of Columbia University for his help in formulating the 
applications of probability theory in this paper. 
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C O N N E C T IVIT Y AND G E N E R ALIZ E D  C LIQ UE S  IN 
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By u s in g  th e  conce p ts  o f a n t im e try a n d  n -c h a in  it  is  pos s ib le  
to  de fine  a n d  to  in ve s tig a te  s ome  p ro p e rtie s  o f c o n n e c tivity in  a  
s oc iome tric  g ro u p .  It  is  s hown  th a t  tb e  n u m b e r o f e le me n ts  in  a  
g ro u p ,  th e  n u m b e r o f a n tim e trie s ,  a n d  th e  d e g re e  o f c o n n e c tivity 
m u s t  s a tis fy c e rta in  ine qua litie s .  Us in g  th e  id e a s  o f conne c tivity,  a  
g e n e ra liz e d  conce p t o f c lique , ca lle d  a n  n-c lique , is  in troduce d . 
n-cliques are shown to have a very close relationship to the existence 
of cliques in an artificial structure defined on the same set of ele- 
ments, thus permitting the determination of n-cliques by means of 
the same simple matrix procedures used to obtain the clique struc- 
tures. The presence of two or more m-cliques, where ~ is the num- 
ber of elements in the group, is proved to mean an almost complete 
splitting of the group. 

1. In tro d u c tio n  

Th is  p a p e r  is  d e vo te d  to  e xte n d in g  th e  th e o re tic a l a n d  p ra c tic a l 
m a th e m a tic a l re s u lts  p re s e n te d  in  a n  e a rlie r  p a p e r  (3 ).  In  th a t  p a - 
p e r  it wa s  s h o wn  th a t  c e rta in  e le m e n ta ry m a tr ix  o p e ra tio n s  p e rm it,  
to  s o m e  e xte n t,  a n  a n a lys is  o f th e  s im p le  typ e  o f p s yc h o lo g ic a l g ro u p  
s t ru c tu re  wh ic h  is  o fte n  e xp re s s e d  b y a  s o c io m e tric  d ia g ra m .  S p e - 
c ifica lly, we  e n vis a g e  a  fin ite  s e t  o f m (~  2 ) e le m e n ts  i,  ],  k ,  -.- 
h a vin g  a  s t ru c tu re  de fine d  on  th e m  a s  fo llo ws : F o r  a n y two  e le m e n ts  
i a n d  ] o f th e  s e t  th e re  e ith e r  e xis ts  o r  d o e s  n o t  e xis t  s o m e  one  type  
o f "d ire c t io n a l" re la t io n s h ip  f ro m  i to ].  Th is  o n e  typ e  o f re la tio n - 
s h ip  o n  th e  g ro u p  m a y  a s s u m e  va rio u s  fo rm s  s u c h  a s  c o m m u n ic a tio n  
o r  fr~ie nds hip  ; a n d  s o  to  a c q u ire  g e n e ra lity  in  th e  d is c u s s io n  we  s ha ll 
s p e a k o f a n  an tim e ~ry  fro m  i to  ].  Th e n  c o m m u n ic a tio n  is  m e re ly 
a  s p e c ia l typ e  o f a n t im e try.  It  is  a rb it ra r ily  a s s u m e d  th a t  n o  a n ti- 
m e rry  c a n  e xis t  fYom a n  e le m e n t i to  its e lf.  By  "d ire c tio n a l" is  
m e a n t  th a t  kn o win g  o f th e  e xis te n c e  o r n o n -e xis te n c e  o f a n  a n ti- 
m e rry  fro m  i to  j d o e s  n o t  g ive  a n y in fo rm a t io n  a b o u t  th e  e xis te n c e  
o r n o n -e xis te n c e  o f a n  a n t im e t ry  fro m  j to  i.  F o r  e xa m p le ,  if th e  
fo rm  o f th e  a n t im e t ry  is  "i c o m m u n ic a te s  to  j, " th e n  th e  s pe c ific  
knowledge that a can communicate to b does not tell us, in general, 
whether b can communicate to a. 

169  

• Luce, R.D., 1950. Connectivity and generalized cliques in sociometric group structure. Psychometrika, 15(2), pp.169-190.
• Alba, R.D., 1973. A graph-theoretic definition of a sociometric clique. Journal of Mathematical Sociology, 3(1), pp.113-126.
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APPLICATION EXAMPLE

Espinosa-Curiel, I.E., Rodríguez-Jacobo, J., Vázquez-Alfaro, E., Fernández-Zepeda, J.A. and Fajardo-Delgado, D., 2018. Analysis of the changes in communication and social interactions 
during the transformation of a traditional team into an agile team. Journal of Software: Evolution and Process, 30(9), p.e1946.
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Clique problem 
(maximum, maximal, 

enumeration…)

• Luce, R.D., 1950. Connectivity and generalized cliques in sociometric group structure. Psychometrika, 15(2), pp.169-190.
• Alba, R.D., 1973. A graph-theoretic definition of a sociometric clique. Journal of Mathematical Sociology, 3(1), pp.113-126.
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-CLIQUEs

Given a graph , an -clique is a subset of 
vertices  such that:

• The distance between each pair of distinct vertices 
 is at most  edges long.

-

G = (VG, EG) s
S ⊆ VG

u, v ∈ S s

dist(u, v) ≤ s

Clique as an -clique1

 dist(u, v) ≤ 1

 set∈

a

f

c

ed

b

Luce, R.D., 1950. Connectivity and generalized cliques in sociometric group structure. Psychometrika, 15(2), pp.169-190.
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-CLIQUE2

 set∈  uses edges dist(d, e)
{(d, f ), ( f, e)}

Input graph:
G = (VG, EG) S1 = {a, b, c, d, e} S2{b, c, d, e, f}

a

f

c

ed

b

a

f

c

ed

b

a

f

c

ed

b



9

CLIQUES, CLUBS, CLANS

2-clique

-clan2
-club2
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Clique problem 
(maximum, maximal, 

enumeration…)



10

Clique problem 
(maximum, maximal, 

enumeration…)

Clique-related 
models

-cliques

-clubs

-clans
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APPLICATIONS AND EXTENSIONS
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Clique-related 
models

-cliques

-clubs

-clans
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Clique-related 
models

-cliques

-clubs

-clans

Clique-related 
models

-cliques

-clubs

-plexs

-defective-cliques

-corek

-blockk

-quasi-cliqueγ

-quasi-clique(λ, γ)

-hereditary -clubk s

-clans
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FRAMEWORK

S.

W.

S.

St.

0. 

1er.

2do.

 …

Uses absolute parameter values (  or ) 

Replaces  or   by  ,  .

s k

s k γ |S | 0 ≤ γ ≤ 1

A property  holds in 

A property  holds in 

Π G[S]
Π G

All members of the set satisfy the property .

The members of the set satisfy, on average, the 
property .

Π

Π

It is the clique problem

It relaxes one of the above characteristics

It relaxes two of the above characteristics

 …   

Standard / Weak

Structural / Statistical

Absolute / Relative

Order

Taxonomic 
framework

(Shahinpour and Butenko, 
2013)

Pattillo, J., Youssef, N. and Butenko, S., 2013. On clique relaxation models in network analysis. European 
Journal of Operational Research, 226(1), pp.9-18.

A.

R.
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THE MAXIMUM -CLIQUE PROBLEM 
ON TREES (THIS TALK)

s

Dynamic programming 

-clique problems
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STRATEGY

Let  be a tree graph, 
 and  an integer.

For this example, consider 

T = (VT, ET)
v ∈ VT s

s = 5

Row Size Pointer

Each vertex  has an associated table with the following:

•  rows

•  columns: Size and Pointer

If  is a leaf vertex, trivial case:

Otherwise, there are four cases:

•

•

•

•

v

s + 1

2

v

t . table[row] . size ← 1,∀row ∈ [s]

row = 0

1 ≤ row ≤ ⌊ s
2 ⌋

⌊ s
2 ⌋ < row ≤ s − 1

row = s
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STRATEGY

<latexit sha1_base64="xq5gHAfYvHnvETa3DgoD/noBTvY="></latexit>
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Let  be a tree graph, 
 and  an integer.

For this example, consider 

T = (VT, ET)
v ∈ VT s

s = 5

Row Size Pointer

Each vertex  has an associated table with the following:

•  rows

•  columns: Size and Pointer

If  is a leaf vertex, trivial case:

Otherwise, there are four cases:

•

•

•

•

v

s + 1

2

v

t . table[row] . size ← 1,∀row ∈ [s]

row = 0

1 ≤ row ≤ ⌊ s
2 ⌋

⌊ s
2 ⌋ < row ≤ s − 1

row = s
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STRATEGY

a

b c

Row Size Pointer

0 —
1 —
2 —
3 —

Row Size Pointer

0 —
1 —
2 —
3 —

Row Size Pointer

0 —
1 —
2 —
3 —

, for a . table[row] . size ← max (a . table[row] . size, a . table[row − 1] . size) 1 ≤ row ≤ s
Update , accordinglya . table[row] . pointer ← a . table[row − 1] . pointer

Case

a . table[0] . size ← 1

a . table[row] . size ← 1 + ∑
w∈Ca

w . table[row − 1] . size

total ← ∑
∀w∈Ca

w . table[s − row − 1]

a . table[row] . size ← 1 + max
∀w∈Ca

{total −
(w . table[s − row − 1] . size + w . table[row − 1] . size)

a . table[s] . size ← 1 + max
∀w∈Ca

{w . table[s − 1] . size

3) ⌊ s
2 ⌋ < row ≤ s − 1

1) row = 0

2) 1 ≤ row ≤ ⌊ s
2 ⌋

4)                               row = s

Action
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STRATEGY

a

b

; i.e., vertex 1 a
1 + b . table[0] . size
1 + b . table[1] . size

Row Size Pointer

0 1
1 2
2 3
3 4

Row Size Pointer

0 1
1 2
2 3
3 3

1 + b . table[2] . size

, for a . table[row] . size ← max (a . table[row] . size, a . table[row − 1] . size) 1 ≤ row ≤ s
Update , accordinglya . table[row] . pointer ← a . table[row − 1] . pointer

Case

a . table[0] . size ← 1

a . table[row] . size ← 1 + ∑
w∈Ca

w . table[row − 1] . size

total ← ∑
∀w∈Ca

w . table[s − row − 1]

a . table[row] . size ← 1 + max
∀w∈Ca

{total −
(w . table[s − row − 1] . size + w . table[row − 1] . size)

a . table[s] . size ← 1 + max
∀w∈Ca

{w . table[s − 1] . size

3) ⌊ s
2 ⌋ < row ≤ s − 1

1) row = 0

2) 1 ≤ row ≤ ⌊ s
2 ⌋

4)                               row = s

Action
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STRATEGY
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CORRECTNESS AND ANALYSIS
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<latexit sha1_base64="ze1jsWZHe7QkEGBTXduzZP+DfJQ=">AAACKHicdVDLTgIxFO3gG1+gSzeNYOLCkGEW6pLoxqUmgiRASKdzYRr6mLQdI5nwC271G/wad8atX2IHMBEfJ2l7cu6j954w4cxY33/3CkvLK6tr6xvFza3tnd1Sea9lVKopNKniSrdDYoAzCU3LLId2ooGIkMNdOLrM43f3oA1T8taOE+gJMpRswCixuVTtZtV+qeLXAj8H/k3qtenrV9Ac1/2yt9ONFE0FSEs5MaZT9xPby4i2jHKYFLupgYTQERlCx1FJBJheNh12go+cEuGB0u5Ii6fq94qMCGPGInSZgtjY/Izl4l+xTmoH572MySS1IOnso0HKsVU43xxHTAO1fOwIoZq5WTGNiSbUOn8WOuVmRiehepjdOuWO5KKRqQhBQ+SW5UPlmsQigIlz8Msm/D9pBbX6aS24CSqNi7mX6+gAHaJjVEdnqIGu0DVqIopi9Iie0LP34r16b977LLXgzWv20QK8j09eyKYy</latexit>

{h

• Filling in the table of each vertex :

• Traversals on the tree:

• Total execution time:

v  u.t.O (s ⋅ |Cv |)
 u.t.O(n)

 u.t.O(s ⋅ n)
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OTHER METHODOLOGIES
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SCHÄFER’S ALGORITHM & 
OUR PROPOSAL

Schäfer, A.: Exact algorithms for s-club finding and related problems. Ph.D. thesis, Friedrich-Schiller-University Jena (2009) 

On trees: the -clan, -club, 
and -clique problems are 

equivalent

s s
s

The maximum -club 
problem on trees

s The maximum -clique 
problem on trees

s

 T(n) = O (s2 ⋅ n)  T(n) = O (s ⋅ n)

Schäfer’s Our proposal



22

EXPERIMENTS

 

where appropriate

s ∈
4, 5, 10, 15, 20,
25, 30, 100, 500,
1 000, 10 000

<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{ 1

2

3

4

5

6

, Prof. Brendan McKay.|*22_16 | = 12,761, |VT | = 22

, PhylomeDB|*Ph | = 5,722, |VT | = up to 297

, a doubly logarithmic tree of height  ( )TD 5 |VT | = 119,041

  a linear tree ( )TL |VT | = 10,000

 a full balanced binary tree with  leavesTB 216

 for  and  nodesTηe6 η ∈ {0.3,0.5,0.75,1} e6 = 106

Data set
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RESULTS

https://www.cs.rhul.ac.uk/home/uhac208/RP_2022/Experiments.html

<latexit sha1_base64="Jrq4xb3AKJAhDvmT79i7erm8U4g="></latexit>

Table 2: Wall-clock running time of Schäfer’s implementation and Max-DsT
on the six cases of studies. We denote ‘timeouts’ and ‘not applicable’ by ‘—’
and ‘n/a’, respectively.
Row Graph

Running time in seconds tSchäfer
tMax-DsT

Row Graph
Running time in seconds tSchäfer

tMax-DsTtSchäfer tMax-DsT tSchäfer tMax-DsT

1 T22 16 132.4492 60.8545 2.1 14 TPh 719.4773 185.4435 3.8
2 TD, s = 4 109.9832 1.8577 59.2 15 T0.3e6, s = 10 1 022.6843 9.4978 107.7
3 TD, s = 5 116.5945 1.5734 74.1 16 T0.3e6, s = 100 1 439.42 17.3046 83.1
4 TL, s = 10 1.5289 0.5584 2.7 17 T0.3e6, s = 500 5 989.8246 74.7689 80.1
5 TL, s = 100 12.6688 4.8969 2.5 18 T0.5e6, s = 10 2 945.4381 15.6059 188.7
6 TL, s = 1000 602.9626 45.2492 13.3 19 T0.5e6, s = 100 3 654.6010 44.1117 82.8
7 TL, s = 10 000 19 859.2017 241.7339 82.1 20 T0.5e6, s = 500 — 2661.9666 n/a
8 TB , s = 5 117.9299 2.0445 57.6 21 T0.75e6, s = 10 6 436.4398 22.7611 282.7
9 TB , s = 10 121.7708 1.9870 61.2 22 T0.75e6, s = 100 7 807.3684 94.7391 82.4
10 TB , s = 15 125.8261 1.9811 63.5 23 T0.75e6, s = 500 — 5657.6981 n/a
11 TB , s = 20 125.4565 1.9592 64.0 24 T1e6, s = 10 11 529.7250 31.8786 361.6
12 TB , s = 25 126.7537 1.9809 63.9 25 T1e6, s = 100 14 167.638 198.9311 71.2
13 TB , s = 30 148.4265 1.9831 74.8 26 T1e6, s = 500 — 11 422.2738 n/a

1
<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{
<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{
<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{
<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{
2

3

4

<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{
<latexit sha1_base64="CiHMDuLrn9Vlk0vvZye25RFSYag=">AAACKHicbVDLTgIxFO3gC1ERdOlmIpi4MGSGGHVJdOMSE3kkQEinc4GGPiZtx0gm/IJb/Qa/xp1h65fYARYC3qTNyTn3eYKIUW08b+ZktrZ3dvey+7mDw6P8caF40tQyVgQaRDKp2gHWwKiAhqGGQTtSgHnAoBWMH1K99QJKUymezSSCHsdDQQeUYJNS5W5S7hdKXsWbh7sJ/CUooWXU+0Un3w0liTkIQxjWuuN7keklWBlKGExz3VhDhMkYD6FjocAcdC+ZLzt1LywTugOp7BPGnbN/KxLMtZ7wwGZybEZ6XUvJ/7RObAZ3vYSKKDYgyGLQIGaukW56uRtSBcSwiQWYKGp3dckIK0yM9WelU2pmeBXI18WvYmZBSmoR8wAUhPZYNpS2yYhXYWod9Nf92gTNasW/qVw/VUu1+6WXWXSGztEl8tEtqqFHVEcNRNAIvaF39OF8Ol/OtzNbpGacZc0pWgnn5xdVQKYu</latexit>

{
5

6
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A PHYLOGENETIC TREE

It can potentially help us 
find relationships that we 

didn’t see before!

https://www.cs.rhul.ac.uk/home/uhac208/RP_2022/Database.html
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FUTURE WORK

• Extend this dynamic programming approach for a 
broader graph family 

• Preferably one with an underlying structure close 
to a tree 

• cordal graphs

• outerplanar graphs 

• bounded treewidth
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FUTURE WORK

• Extend this dynamic programming approach for a 
broader graph family 

• Preferably one with an underlying structure close 
to a tree 

• cordal graphs

• outerplanar graphs 

• bounded treewidth
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CHALLENGES + ADDITIONAL 
INFORMATION

• There could exist more than one path between 
some pair of vertices

• Cycle-breaking strategy or some hierarchy-like 
structure to avoid overlapping computations

• On other graphs, the -clique, -clan, and -club 
might not reflect equivalent problems.

s s s

≠
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EXAMPLE

 set∈  dist( , ) = 4



THANK YOU
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COMMENTS?

Matthew.Hague@rhul.ac.uk

Alejandro.Flores-Lamas@rhul.ac.uk

fernan@cicese.mx

joel.trejo@cimat.mx


