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Toxicological Tipping Points
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Tipping Points, in vitro

JUsed high-content imaging to
model system trajectories: no-
effect, adaptive and adverse

A Tipping point: critical point
between adaptive and adverse
trajectories

JdHow can we use network
modeling to analyze tipping
points?
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High Content Imaging (HCI)

aStudy
HepG2 cell culture
967 chemicals (ToxCast)
10 conc

aHCI Assays
Health
Stress
Cell cycle

aLarge-scale data
~400 plates
~100,000 wells
~2,400,000 images
~30,000 chemical-conc-
time-response points
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- P53: p53 activity (p53) - PH3: mitotic arrest (MA)
- c-Jun: stress kinase (SK) - Hoechst33342: nuclear size (NS), cell number
- Tubulin: microtubuleorganisation (Mt) (CN)
- MitoTracker Red: Mitochondrial memb. pot. - MitoTracker Red: Mitochondrial memb. pot.
(MMP) (MMP) Lo
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Butachlor 200uM Trajectory
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Discretizing Data
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Discretization highlights key responses and reduces noise
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Learning Mechanisms from Data

aAnalyse dependencies 05
. — MM
between endpoints
. 100uM SK —*CN
across time L
. CCHE | | — [\t —
aTedious to do by hand o — MA —
aMany network inference 2 St
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aWe used Boolean e
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HCI Data Predicted Mechanism

i? p53
<y7 CCA
Butachlor 200uM Y v
| | | | MA
CN - | R v
o EE 5
CCA - | B ?
MA | B %7 %?
MMP - i Tb "
MM —--=— s %
o L.
05 - --_ v % ﬁ%j; d
not an or
i ) VOO
2| I :
0 1 24 72 v |

time [h] (9




Mt MM MMP MA

BN Predictions
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Antonijevic & Shah (in preparation)



Summary

JdToxicological tipping points are critical points
between adaptive and adverse trajectories

JAdaptive trajectories can be modeled by Boolean
Networks

JFeasible to predict tipping points
computationally (?)

(UNeed to understand chemical perturbations alter
biological networks
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