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Toxicological Tipping Points 

Krewski, Daniel, Daniel Acosta Jr, Melvin Andersen, Henry Anderson, John C 
Bailar 3rd, Kim Boekelheide, Robert Brent, et al. “Toxicity Testing in the 21st 
Century: a Vision and a Strategy.” Journal of Toxicology and Environmental 
Health. Part B, Critical Reviews 13, no. 2–4 (February 2010): 51–138.

Bio log ica l  systems are  res i l ient  and 
adapt  to  env i ronmenta l  perturbat ions

Can we f ind  tox ico log ica l  t ipp ing  
po ints?

Can a  t ipp ing  point  def ine  a  po int  of  
departure  (PoD)  ?  



Tipping Points, in vitro 

U s e d  h i g h - co nte nt  i m a g i n g  to  
m o d e l  syste m  t ra j e c to r i e s :  n o -
ef fe c t ,  a d a pt i ve  a n d  a d ve rs e

 T i p p i n g  p o i n t :  c r i t i c a l  p o i n t  
b et we e n  a d a pt i ve  a n d  a d ve rs e  
t ra j e c to r i e s

H o w  c a n  w e  u s e  n e t w o r k  
m o d e l i n g  to  a n a l yze  t i p p i n g  
p o i nt s ?
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High Content Imaging (HCI)
 S t u d y  
 H e p G 2  c e l l  c u l t u r e
 9 6 7  c h e m i c a l s  ( T o x C a s t )
 1 0  c o n c

 H C I  A s s a y s  
 H e a l t h
 S t r e s s
 C e l l  c y c l e

 L a r g e - s c a l e  d a t a
• ~ 4 0 0  p l a t e s
• ~ 1 0 0 , 0 0 0  w e l l s
• ~ 2 , 4 0 0 , 0 0 0  i m a g e s
• ~ 3 0 , 0 0 0  c h e m i c a l - c o n c -

t i m e - r e s p o n s e  p o i n t s
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Sample Results

− P53: p53 activity (p53)
− c-Jun: stress kinase (SK)
− Tubulin: microtubule organisation (Mt)
− MitoTrackerRed: Mitochondrial memb. pot. 

(MMP)

− PH3: mitotic arrest (MA)
− Hoechst33342: nuclear size (NS), cell number 

(CN)
− MitoTrackerRed: Mitochondrial memb. pot. 

(MMP)



Butachlor 200µM Trajectory

p53 SK Mt MMP MA NS CN

− P53: p53 activity (p53)
− c-Jun: stress kinase (SK)
− Tubulin: microtubule organisation (Mt)
− MitoTrackerRed: Mitochondrial memb. pot. (MMP)

− PH3: mitotic arrest (MA)
− Hoechst33342: nuclear size (NS), cell number (CN)
− MitoTrackerRed: Mitochondrial memb. pot. (MMP)

Antonijevic & Shah (in preparation)



Discretizing Data
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Antonijevic & Shah (in preparation)

D i s c r e t i z a t i o n  h i g h l i g h t s  k e y  r e s p o n s e s  a n d  r e d u c e s  n o i s e  
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Chemicals
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Learning Mechanisms from Data
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A n a l y s e d e p e n d e n c i e s  
b et we e n  e n d p o i nt s  
a c ro ss  t i m e

Te d i o u s  to  d o  by  h a n d
M a ny  n et wo r k  i n fe re n c e  

a p p ro a c h e s
We  u se d  B o o l e a n  

n et wo r k  ( B N )  i n fe re n c e  
u s i n g  b e st - f i t  ex te n s i o n

?

?



Butachlor 200µM
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B N  P r e d i c t i o n s C o v e r a g e

 P r e d i c t e d  5 x 1 0 5 B N  f o r  e a c h  t r a j e c t o r y  ( 1 0 9 )
 E v a l u a t e d  e a c h  B N  a g a i n s t  e a c h  t r a j e c t o r y
 J u s t  1 0  B N  p r e d i c t  8 0 %  o f  a l l  t r a j e c t o r i e s
 A d v e r s e  t r a j e c t o r i e s  
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Summary

Toxicological  t ipping points  are cr it ical  points  
between adaptive and adverse trajectories
Adaptive trajectories  can be modeled by Boolean 

Networks
Feasible to predict  t ipping points  

computational ly  (?)
Need to understand chemical  perturbations alter  

biological  networks 
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