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Defining tipping points for social-ecological systems
scholarship—an interdisciplinary literature review

Manjana Milkoreit, Jennifer Hodbod*''®, Jacopo Baggio’, Karina Benessaiah*, Rafael
Calder6n-Contreras’, Jonathan F Donges®’, Jean-Denis Mathias®, Juan Carlos Rocha’, Michael Schoon’

and Saskia E Werners'’

“A tipping point is a threshold at which small
quantitative changes in the system trigger a non-linear
change process that is driven by system-internal
feedback mechanisms and inevitably leads to a
qualitatively different state of the system, which is
often irreversible.”
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That’s not new ...

¢ |n the 1960s, René Thom developed catastrophe theory
e Describes how (low-dimensional) systems can change suddenly
e Popularized by Christopher Zeeman (1976), who applied it to everything

e There are a lot of key concepts in catastrophe theory:
e Multiple stable states, critical slowing down, sudden jumps, hysteresis etc.

e However, proponents of catastrophe theory have pushed it too far
e (Catastrophe theory has been described as a great intellectual bubble
e Zahler & Sussmann (1977) offer a prominent critique
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Anticipating Critical Transitions

Marten Scheffer,** Stephen R. Carpenter,’ Timothy M. Lenton,* Jordi Bascompte,’
William Brock,® Vasilis Dakos,™ Johan van de Koppel,”# Ingrid A. van de Leemput,* Simon A. Levin,’
Egbert H. van Nes,® Mercedes Pascual,*>** John Vandermeer™

Tipping points in complex systems may imply risks of unwanted collapse, but also opportunities
for positive change. Our capacity to navigate such risks and opportunities can be boosted by
combining emerging insights from two unconnected fields of research. One line of work is
revealing fundamental architectural features that may cause ecological networks, financial
markets, and other complex systems to have tipping points. Another field of research is uncovering
generic empirical indicators of the proximity to such critical thresholds. Although sudden

shifts in complex systems will inevitably continue to surprise us, work at the crossroads of these
emerging fields offers new approaches for anticipating critical transitions.

Critical Transitions
in Nature and Society

Marten Scheffer

penter®, Vasilis Dakos',

have tipping points at which
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Theoretical considerations



EWS without critical transitions Critical transitions without EWS

EWS can occur prior to smooth transitions Strong external perturbations can lead to transitions without EWS (Ditlevsen
between stable states & Johnsen, 2010; van Nes et al., 2016).
(Drake & Griffen, 2010; Kéfi et al., 2013).

EWS can occur when there is no transition EWS may not occur prior to critical transitions in systems with nonsmooth
(e.g., Wagner & Eisenman, 2015). potentials (Hastings & Wysham, 2010).

Not all variables in a system generally express EWS equally strongly or at all
(Boerlijst et al., 2013; Patterson et al., 2021).

EWS may not occur under correlated or extrinsic noise (Dakos, van Nes,
et al., 2012; O’Regan & Burton, 2018; Qin & Tang, 2018).




EWS prior to non-catastrophic transitions
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EWS not in all variables

* Not all variables express critical slowing down equally strongly or at all

* Boerlijst et al. (2013) study a staged predator-prey system
* Predator preys on adult prey but not on juvenile prey
* 1 ~ 0.553 is the bifurcation point for which the predators collapse

Autocorrelation Standard Deviation Multivariate Indicators
1.0 7 — Juveniles 0.010 7 —— juveniles 4 7 CovEigen
09 4 Adults —  Adults Spatial Variance
' - Predator 0.008 4 — Predator Cross~-correlation
0.8 - S 2 -
< =
2 o
g 077 2 0.006 - Q
L _ o - ~
é 0.6 ° 2 0
o] - ® 0.004 — N
- 0.5 °
= 0.4 A % 2 -
' ? 0.002 -
0.3 -
0.2 — 0.000 - -4 -
| | | | | | | | | | | | | | | | | |
0450 0.470 0.490 0.510 0.530 0.552 0450 0470 0.490 0.510 0.530 0.552 0.450 0470 0.49 0.510 0.530 0.552
up up up

Patterson et al. (2021)


https://www.journals.uchicago.edu/doi/abs/10.1086/714275
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0062033

Interim conclusion Il

* To use EWS sensibly, we need to have a good understanding of the system
e Some vague references to “complex systems” will not do

* Finding that EWS rise does not mean that a tipping point is near
* Need independent evidence of a tipping point, then EWS potentially useful
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Practical considerations



EWS performance in simulation

e EWS as online-monitoring tool for systems
e Signal potential bad transition — intervene to prevent transition
e Signal potential good transition — intervene to bring about transition

e Difficult statistical challenge!

* Need to correctly estimate increasing EWS (stationarity violation)
* Need to adequately test increase against baseline (not all EWS)
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EWS performance in simulation

Early Warning Indicator

Source

Autocorrelation and Variance

Skewness and Kurtosis

Cross-correlation

Dominant eigenvalue of covariance matrix
Spatial-Variance, Spatial-Kurtosis,

and Spatial-Skewness

Scheffer et al. (2009)

Guttal and Jayaprakash (2008)
Dakos et al. (2010)

Chen et al. (2019)

Kéfi et al. (2014)

Parameter Values
Uncontrollable
Noise intensity o, 4, 6, 8, 10

Transition Period

10, 25, 50 days

Controllable
Sampling Frequency
Baseline

Rolling Window Size

1x, 5x, 10x per day
25, 50, 100 days
10, 25, 50 days




EWS performance in simulation
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Early warning signals have limited applicability to
empirical lake data

Duncan A. O'Brien B, Smita Deb, Gideon Gal, Stephen J. Thackeray, Partha S. Dutta, Shin-ichiro S.
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* Even if tipping points exist, using EWS successfully is very difficult
* Extent of noise and sampling frequency huge impact on performance
 Time to transition, extent of baseline, decision threshold, ...
e Caveat: type of system
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Ahead of the curve

e O’'Regan & Drake (2013)
e Critical slowing down occurs in the basic SIS and SIR compartmental models

e O’'Deacet al. (2018)
* In a SIR model, the autocorrelation of the number of infected provides a better
estimate of the distance to the epidemic threshold than the autocorrelation of the
number of susceptibles

* Brett et al. (2018)
* Case reports are lagging behind; deaths lag behind substantially
e Estimating Rt is extremely difficult
e Several early warning indicators robust to reporting errors and aggregation in
anticipating epidemic transitions

* Brett et al. (2020)
e Critical slowing down occurs in high-dimensional models
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Second outbreak Early warning indicators
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Reported and estimated COVID-19 cases in Europe
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Kendall’s 1 for early warning indicators across countries
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Second outbreak Early warning indicators
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Interim conclusion lii

* Indicators did not reliably rise prior to the 2nd COVID-19 wave
* |n fact, they tended to decrease rather than increase
e This is due to the persistent transient of the first wave
* Assumption of slow forcing critical

* Theoretical understanding helped to make sense of “peculiar” patterns

 Even if indicators would reliably rise, many practical challenges remain
e For details, see Dablander, Heesterbeek, Borsboom, & Drake (2022)
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Conclusion |

* Allure of generic early warning signals may have led some fields astray
(again)

e Successfully applying EWS in practice requires a good understanding of
the system
* Type of bifurcation, linear / nonlinear driver, timescales, measurement,
system components, type of noise, ...
* Dampen enthusiasm for “softer” sciences and social tipping points
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 Even with a good understanding, statistical challenges remain tough
e Distinguish the bifurcation type promising (Bury et al, Grziwotz et al)
* Move towards more general prediction tools? (Boettiger & Hastings, 2013)

e Lots of EWS research — but remains mostly an “intellectual” exercise?
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