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Target : a molecule whose interaction with  
an anticancer agent will induce a cytotoxic effect 

Targets are key molecules involved or required 
for cell mitosis and/or survival 

Conventional chemotherapy acts on dividing 
cells only, but does not distinguish normal and 
abnormal dividing cells 

Targeted agents are designed to act on targets 
which are specific for tumor cells 





Drug / Ligand 

Protein 

Cavity 

Cavity 

Cavity 



Approximately	
  100	
  standard	
  chemotherapeu6c	
  drugs:	
  

1)  Alkyla6ng	
  agents:	
  Genotoxic	
  (20-­‐25)	
  

2)  	
  Plant	
  alkaloids:	
  Inhibi6on	
  of	
  mitosis	
  (10-­‐15)	
  

3)  An6metabolites:	
  Inhibi6on	
  of	
  base	
  synthesis	
  (15-­‐20)	
  

4)  	
  An6bio6cs:	
  Derived	
  from	
  Streptomyces	
  (10-­‐15)	
  

5)  	
  Targeted	
  an6bodies:	
  Bind	
  cell	
  surface	
  receptors	
  (5-­‐10)	
  

6)  Hormones:	
  Inhibit	
  or	
  s6mulate	
  hormone	
  signaling	
  (15-­‐20)	
  

7)  	
  Directly	
  targeted	
  

8)  Other	
  indirect	
  effects:	
  Angiogenesis	
  or	
  immune	
  modulators	
  (10-­‐15)	
  

Number	
  of	
  current	
  chemotherapy	
  targets:	
  101	
  

Number	
  of	
  chemotherapy	
  drugs:	
  102	
  

Poten6al	
  Targets	
  (Pharmacogenomics):	
  103	
  

Paclitaxel	
  
Cispla

-n	
  
Methotrexate	
  

Trastuzumab	
  

Ima-nib	
  
Tamoxifen	
  

Doxorubicin	
  

Bevacizumab	
  



G2 

M 

G1 

S 

G0 

tyrosine kinases 

DNA synthesis 

topoisomerase I 

CDK2 

tubulin 
polymerisation/ 

depolymerisation 

Vinca alkaloids* 
taxol/taxotere 
halichondrin* 
spongistatin* 
rhizoxin* 
cryptophycin 
sarcodictyin  
eleutherobin 
epothilones 
discodermolide 
D-24851 ? 
dolastatin* 
combretastatin* 

camptothecin 

CDK4 

flavopiridol 

(R)-roscovitine (CYC202) 
paullones, indirubins 

gleevec 
iressa 
OSI774 

hydroxyurea 
cytarabine 
antifolates 

5-fluorouracil 
6-mercaptopurine 

nitrogen mustards 
nitrosoureas 
mitomycin C 

CDK1 

Chk1 
Chk2 

UCN-01, SB-218078 
debromohymenialdisine 
isogranulatimide 

AhR 

actin 

kinesin Eg5 

monastrol 

ecteinascidin 743 

podophyllotoxin,doxorubicin 
etoposide, mitoxantrone 

topoisomerase II 

ATM/ATR 

R115777 
SCH66336 

ROCK 

Y-27632 

CDC25 

DF203 

FK317 HMGA 

Plk1 

Aurora 

wortmannin 
caffeine 

ODC/SAMDC 

Pin1 

GSK-3 

Cdc7 

nucleotide excision 
repair 

Raf cytochalasins 
latrunculin A 
scytophycins 
dolastatin 11 
jasplakinolide 

paullones, indirubins 

(R)-roscovitine (CYC202) 
paullones, indirubins 

BAY-43-9006 

fumagillin,TNP-470 
PRIMA-1, pifithrin a 

rapamycin mTOR/FRAP 

PS-341 proteasome 

bryostatin, PKC412 PKC 

histone deacetylase trichostatin, FK228 

HSP90 geldanamycin, 17-AAG 
ATK, MAFP cytosolic phospholipase A2 

hexadecylphosphocholine phospholipase D 

CT-2584 choline kinase 

MEK1/Erk-1/2 

PD98059, U0126 

menadione (K3) 

farnesyl transferase 

phosphatases okadaic acid, fostreicin, calyculin A 

Wee1 

PD0166285 

polyamine analogues 
Pin1 

p53/MDM2 

Source: Cell cycle laboratory, L. Meijer, Roscoff, France  

~80 drugs and drug candidates 

KEY TARGETS: 
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Citrate Cycle	
  



Genetic interaction 
Networks (SGA) 

Regulatory 
networks 
(ChIP-chip) 

Metabolic 
networks 
(KEGG) 

Func6onal	
  interac6ons	
  

Protein interaction 
networks (Y2H) 

Regulatory 
networks 

Physical	
  interac6ons	
  

Knowledgebases, Computational 
predictions 
 - Functional interactions 
 - Pathways and functional ‘modules’ 

Y2H, TAP, Co-IP, Protein chips, 
ChIP-chip 
 - Physical interactions (protein-
protein / protein-DNA) 
 - Complexes 



Nodes represent e.g. proteins, genes or substrates 

Links between nodes represent interactions e.g. 
physical, genetic, biochemical 

Analyses can be performed at different levels 

Global 	
   Complexes / cliques / pathways	
   Local	
  



One of the more 
commonly used is  

Node Degree 
log(Degree) 

Lo
g 

(F
re

qu
en

cy
) 

Scale free networks are thought to be more resistant 
to disruption 

Topological	
  proper6es	
  of	
  networks	
  

A 

Global analyses of these properties over an entire network provide 
insights into its organization 

Many networks display small 
world / scale free behaviour (many 
nodes with few connections; few 
nodes with many connections) 

(K = 5) 
Node A interacts 
with five other 
nodes 



Topological	
  proper6es	
  of	
  networks	
  

Cluster 
coefficient 

(B = 13/15) 
13 out 15 shortest 
paths in the network 
go through node A 

Shortest path 
length 

A 

The shortest path between 
A and B is via 2 links 

A 

B 

Of the six possible 
connections between the 
neighbours of A, only one is 
actually made 

A 

(C = 1/6) (L = 2) 

Betweenness 

Mean path length 
offers a measure 
of a networks 
overall 
navigability 

Average cluster 
coefficient 
characterizes the 
overall tendency 
of the network to 
form clusters 

Nodes with high 
betweenness are 
‘central’ to the 
network 



Common patterns of local interactions may be exploited to define cliques   

One method uses shortest path lengths to create a matrix of local connectivity's 

Other methods include use of clustering coefficients, or specialized graph  
clustering algorithms  

What do cliques represent ? (complexes, pathways, ‘functional’ modules) 

Who are the main players connecting cliques ? 

0 1 3 3 2 
1 0 2 2 1 
3 2 0 1 1 
3 2 1 0 1 
2 1 1 1 0 



Concurrency	
  in	
  Biochemical	
  Networks	
  



Cancer	
  Cell	
  Network	
  



Informa6on	
  available	
  

•  Data	
  base	
  of	
  drugs	
  approved	
  and	
  inves6ga6onal,	
  
their	
  mode	
  of	
  ac6on,	
  	
  targets,	
  applica6ons	
  in	
  
cancer	
  

•  Biochemical	
  pathways	
  (iden6fy	
  where	
  drugs	
  
inhibit	
  them)	
  

•  List	
  of	
  “druggable	
  targets”	
  
•  Methods	
  of	
  modeling	
  networks	
  and	
  pathways	
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•  We want to know how resilient these pathways are to 
chemotherapy. 

•  How does the inhibition of an interaction effect function 
of the entire network? 

•  Robustness is the measure of how well networks 
function under random perturbation. 

•  Network robustness can be quantified as entropy. 
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•  A graph is a collection of nodes and edges. 
•  In this case nodes represent proteins and genes 

while edges represent interactions between 
them. 

•  The degree of a node is a count of how many 
edges lead to or from it. 

•  Pathways were converted into graphs using R 
and KEGGgraph. 

•  The entropy of these graphs is then given by              
H = -Σ p(k)*ln(p(k)), where p(k) is the probability 
that a node has degree k. 



KEGG	
  Pathway	
  Networks	
  

•  Kyoto	
  Encyclopedia	
  of	
  Genes	
  and	
  Genomes	
  (KEGG)	
  

•  www.genome.jp/kegg	
  
•  A	
  highly	
  comprehensive	
  pathway	
  network	
  for	
  some	
  cancers	
  

derived	
  from	
  extensive	
  literature,	
  textbooks,	
  other	
  database	
  
and	
  expert	
  knowledge.	
  	
  

•  An	
  R	
  program,	
  KEGGgraph,	
  extracts	
  the	
  protein-­‐protein	
  
interac6on	
  network	
  for	
  the	
  relevant	
  pathway,	
  producing	
  an	
  
adjacency	
  list.	
  

29	
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•  The next step was to calculate the entropy of 
each pathway. 

•  This was done using both R and Excel. 
•  After that,  to draw useful information from 

these entropies. 
•  We hypothesized that there should be a 

correlation between entropy and lethality. 
•  The most lethal cancers should be the most 

robust. 





General	
  cancer	
  pathway	
  



Acute	
  myeloid	
  leukemia	
  



Basal	
  cell	
  carcinoma	
  



Bladder	
  cancer	
  



Chronic	
  myeloid	
  leukemia	
  



Colorectal	
  cancer	
  



Endometrial	
  cancer	
  



melanoma	
  



Non-­‐small	
  cell	
  lung	
  cancer	
  



Pancrea6c	
  cancer	
  



Prostate	
  cancer	
  



Renal	
  cell	
  carcinoma	
  



Thyroid	
  cancer	
  



Small	
  cell	
  lung	
  cancer	
  



glioma	
  



Glioma Carcinoma Protein-Protein  
Interaction Network 



Calculating Degree Entropy 



Calculating Betweenness-Centrality 



Table 1. Cancer, survival probability, network statistics. Here, 
H stands for degree-entropy; nodes for the number of nodes; 
edges for the number of edges; degree for the average degree. 
The symbols B1, B2, B3 indicate the Entrez ID’s for the top 
three betweenness centrality nodes, respectively. 





Main Result: 
Pathway Network Degree Entropy vs. Survival 

(correlation R2 = 0.702) 
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Preliminary	
  Work	
  in	
  Progress:	
  	
  
Metabolic	
  Entropy	
  and	
  Others	
  

53	
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•  A	
  possible	
  correla6on	
  between	
  entropy	
  and	
  lethality	
  is	
  seen.	
  	
  
•  These	
  survival	
  rates	
  however,	
  take	
  into	
  account	
  all	
  methods	
  of	
  

treatment.	
  

•  To	
  improve	
  both	
  the	
  reliability	
  and	
  clarity	
  of	
  this	
  correla6on	
  a	
  
few	
  things	
  are	
  being	
  done:	
  

•  Survival	
  sta6s6cs	
  of	
  pa6ents	
  who	
  refused	
  treatment	
  and	
  
those	
  that	
  only	
  received	
  chemotherapy	
  will	
  be	
  used.	
  

•  Check	
  how	
  the	
  random	
  dele6on	
  of	
  edges	
  affects	
  the	
  entropy	
  
of	
  each	
  pathway.	
  	
  



Drugged	
  Pathways	
  

•  Went	
  through	
  each	
  of	
  the	
  pathways	
  and	
  altered	
  them	
  depending	
  on	
  the	
  
drugs	
  that	
  inhibited	
  certain	
  interac6ons.	
  

•  Inhibi6on	
  was	
  represented	
  as	
  the	
  removal	
  of	
  certain	
  parts	
  of	
  the	
  graph	
  
that	
  could	
  only	
  be	
  reached	
  by	
  the	
  inhibited	
  interac6on.	
  

•  The	
  results	
  were	
  less	
  than	
  extraordinary,	
  only	
  a	
  few	
  pathways	
  were	
  altered	
  
by	
  more	
  than	
  about	
  ΔH=0.4	
  





Examples	
  of	
  combina6ons	
  

•  POMP	
  (prednisone,	
  methotrexate,	
  6-­‐
mercaptopurine,	
  vincris6ne)	
  

•  MOPP	
  (nitrogen	
  mustard,	
  vincris6ne,	
  
procarbazine,	
  prednisone)	
  

•  FAC	
  (5-­‐fluorouracil,	
  doxorubicin,	
  cyclophosphade)	
  
•  TAC	
  (docetaxel,	
  doxorubicin,	
  cyclophosphamide)	
  
•  CMF	
  (cyclophosphamide,	
  methotrexate,	
  
fluoruracil)	
  

•  AC	
  (doxorubicin,	
  cyclophosphamide)	
  
•  FOLFOX	
  (5-­‐fluoruracil,	
  leucovorin,	
  oxalipla6n)	
  







Implica6ons	
  for	
  Chemotherapy	
  

•  Three	
  main	
  avenues	
  of	
  applica6on:	
  

•  The	
  standard	
  chemotherapeu6c	
  treatments	
  can	
  be	
  
inves6gated.	
  

•  Important	
  nodes	
  of	
  the	
  graphs	
  may	
  be	
  ideal	
  targets	
  for	
  new	
  
drugs.	
  

•  An	
  accurate	
  model	
  of	
  drug	
  inhibi6on	
  would	
  allow	
  for	
  the	
  
development	
  of	
  new	
  synergis6c	
  chemotherapy	
  regimens.	
  



Conclusion	
  

•  Entropy	
  looks	
  like	
  a	
  promising	
  quan6ta6ve	
  measure	
  
of	
  the	
  robustness	
  of	
  biological	
  networks.	
  

•  The	
  next	
  step	
  will	
  be	
  to	
  see	
  how	
  our	
  current	
  arsenal	
  
of	
  cancer	
  drugs	
  affects	
  these	
  pathways.	
  

•  It	
  may	
  eventually	
  be	
  possible	
  to	
  use	
  these	
  pathways	
  
to	
  create	
  new	
  synergis6c	
  chemotherapy	
  regimens.	
  

















Results	
  of	
  the	
  analysis	
  of	
  SMR	
  as	
  a	
  func6on	
  of	
  network	
  entropy	
  
for	
  directed	
  NDD	
  networks	
  with	
  no	
  nodes	
  removed.	
  The	
  line	
  is	
  a	
  

linear	
  fit	
  with	
  R2	
  =	
  0.96447	
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Future	
  Projects:	
  
•  build	
  a	
  mathema6cal	
  model	
  with	
  the	
  presence	
  
of	
  both	
  bio-­‐molecules	
  and	
  their	
  inhibitors	
  

•  	
  simulate	
  the	
  ac6on	
  of	
  individual	
  drugs	
  as	
  well	
  
as	
  their	
  combina6ons	
  by	
  seing	
  coupled	
  ODE’s	
  
with	
  respect	
  to	
  6me	
  (find	
  parameter	
  values!)	
  

•  show	
  why	
  some	
  drug	
  combina6ons	
  are	
  not	
  
effec6ve	
  in	
  stopping	
  cancer	
  due	
  to	
  parallel	
  
pathways	
  and	
  redundancies	
  

•  	
  predict	
  the	
  op6mum	
  efficacy	
  of	
  drug	
  
combina6ons	
  as	
  a	
  func6on	
  of	
  scheduling	
  and	
  
amplitudes	
  


