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Outline of the Lecture

1. What are Emergent Constraints (good for)?


2. The Concept and Ingredients of Emergent Constraints


3. Illustrative and In-depth Examples


4. Different Types of Emergent Constraints


1. EC in Space


2. EC in Time


3. EC across Variables


5. Uncertainties, Pitfalls, and Limitations of Emergent Constraints
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Motivation

• A major research discipline in climate science is looking back (paleoclimatology) or 
forward (future climate change research) in time.


• Model Intercomparison Projects as tool (e.g. CMIPs): focus on scenarios and future 
projections of how the Earth system changes under the human influence.


• Key remarkable aspect of MIP-style modeling: huge uncertainty in key entities of the 
climate / Earth system, e.g. climate sensitivity (global T increase for 2xCO2), land carbon 
sink of CO2 emissions.


• Emergent Constraints is a method to reduce uncertainty in important unknown entities of 
the climate system using observations. Predictand

Predictor
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The Predictand - the variable we want to know
• Unknown entity of the system (high 

uncertainty):


1. Not observable or difficult to measure 
(e.g. only measurable at local scale but 
not on large scale)


2. System at different state (e.g. at potential 
future CO2 concentration)


3. Combination of 1. and 2.


• Example: Equilibrium climate sensitivity 
(not observable and at a different state of 
the system)

Source: https://www.carbonbrief.org/guest-post-why-results-from-the-next-generation-of-climate-models-matter
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https://www.carbonbrief.org/guest-post-why-results-from-the-next-generation-of-climate-models-matter
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The Predictor - the variable we can observe
• Observable entity of the system:


– diagnostic variable of the predictand via causal 
relationship


– representable for the state of the system 


• Predictor can be estimated using


– the long-term change of the system (i.e. sensitivity to a 
forcing)


– mean state of the system


– inter-annual variations


– seasonality


– spatial gradients (space for time)


• Example: Observations and simulations of historical 
warming

Cox et al., Nature, (2018)

Simulations



• Forcing of the system (i.e. increasing CO2 
concentration)


• Predictand:

– predicted response to forcing


– not observable


– at different state of the system


• Predictor:

– diagnostic variable of Predictand

– observable entity of the system


– representative historical period

6

Predictor
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At on glance: The Concept of Emergent Constraints
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Essential ingredients of Emergent Constraints 

1.Multi-model ensemble of historical simulations and predictive simulations (e.g. 
climate projections)


2.Causal relationship between the entity of interest (predictand) and an observable 
variable (predictor).


3.Linear* emergent relationship between the two variables arising from the 
collective model behavior in an ensemble.


4.Observational predictor estimate for imposing a constraint on the predictand.


*non-linear predictor-predictand relationships are under debate
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Non-Climate Science example „Multi-Baby" Ensemble

ΔBody Height

Δ
Bo

dy
 W

ei
gh

t A
B

D
EC

F

• Predictand: increase in body weight


• Forcing: all babies receive the same nutrition (analog to 
CO2 forcing)


• Predictor: increase in body height 


• Causal relationship: human body height and weight are 
correlated


• Individual human metabolism analog to specific process 
implementation of different models.


• We know the height of Person C, what is his*her body 
weight?

Disclaimer: This example is only partially transmissive to Emergent Constraints in Climate Science.

?
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Uncertainty in Climate Change Projections

• CMIP5 models largely disagree on the 
gross primary production (GPP) 
response to rising CO2. 


• Conventional approach of handling these 
multi-model ensembles is to use 
unweighted ensemble averages.


• Can we apply the observed greening 
response to reduce the uncertainty in 
GPP projections?

CMIP5 1pctCO2
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Winkler et al., Nature Communications, (2019)
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Greening of Northern Lands

• Widespread increase in summer time 
Leaf Area Index (LAI) for the 
observational period (1982-2016).


• 52% of vegetated land show significant 
greening trends (12% browning trends 
likely due to disturbances).


• Link between greening and enhanced 
photosynthetic activity (GPP):


– carbon allocation to leaves


– more leaves → higher carbon 
assimilation

AVHRR LAI3g

Predictor

Causal relationship

Winkler et al., Nature Communications, (2019)



11

Tight Coupling of Changes in LAI and GPP

• Predictor-Predictand relationship in 
historical simulations (1850 – 2005,  30-
years averages).


• Linear relationship between concurrent 
changes in LAI and annual mean GPP 
across all models.

CMIP5 esmHistorical

ΔGPP, Pg C yr -1
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m

2  
m

 -2
Winkler et al., Nature Communications, (2019)
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Dominant Forcing in Northern High Latitudes

• CO2 and temperature are highly 
correlated for northern lands.


• Overall forcing signal: First 
Principal Component (ω) explains 
most of the variance.

Winkler et al., Nature Communications, (2019)
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Observed and Modelled Sensitivities to Forcing
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Observations

Winkler, Nature Communications, (2019)

Winkler et al., Nature Communications, (2019)
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The EC Approach at one Glance

LAI sensitivity to ω

OBS / Historical simulations

Principal 
Component


Analysis

Emergent 
Linear 

Relationship

CO2

GDD0

OBS / Historical 
simulations

Forcing

Reduction in uncertainty of 
∆GPP projections based on LAI 

sensitivity observations

Emergent Constraint

LAI

OBS / Historical 
simulations

Predictor

∆GPP for 2xCO2

1pctCO2 simulation

Predictand
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Emerging Linear Relationship
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Winkler et al., Nature Communications, (2019)
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Emergent Constraints: Reducing Uncertainty of ∆GPP

~60% higher

Winkler, Nature Communications, (2019)

Winkler et al., Nature Communications, (2019)
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Lines of Evidence for EC: Seasonal CO2 Cycle

•
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Winkler et al., Nature Communications, (2019)
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Lines of Evidence for EC: CO2 Drawdown Slope

enhancement). Together, these results indicate that most models
are largely underestimating photosynthetic carbon fixation, which
is in contrast to previous studies5,7 that suggested an over-
sensitivity of ESMs to atmospheric CO2. Below, we provide three
independent lines of evidence, i.e., not using LAImax but atmo-
spheric CO2 measurements, to buttress our EC estimate.

Independent lines of evidence. First, the seasonal cycle of CO2
concentration in the NHL, which shows a winter maximum due
to respiratory processes and a late-summer minimum due to
photosynthetic drawdown, may be considered as a proxy for NHL
carbon exchange with the atmosphere15–17. Analyses of long-
term measurements at NHL stations, Point Barrow (BRW,
Alaska) and Alert Nunavut (ALT, Canada), reveal that this sea-
sonal cycle has changed over time, dominated by a decreasing
trend in the annual CO2 minimum (Fig. 3a, b). Nearly all of this

change can be attributed to the land, as the trend in the abutting
Arctic Ocean flux is ~15 times smaller (Fig. 3d; Methods). This
strengthening of the seasonal swings of CO2 concentration relates
to photosynthesis rather than respiration changes15–17 and thus
features changes in GPP. So, if the EC estimate is closer to the
true value of ΔGPP at 2 ×CO2, then, models matching the EC
estimate (e.g., MIROC-ESM) must also better simulate the
changing CO2 seasonal cycle measured at the NHL stations, in
comparison to models that over- (e.g., HadGEM2-ES) or
underestimate (e.g., CESM1-BGC). Indeed, the MIROC-ESM best
reproduces the average observed seasonal cycle, and critically, the
change in summertime minimum over time at both stations, in
comparison to the other models (Fig. 3a, b). None of the models
reproduce the observed phase of the seasonal cycle, which sug-
gests a recurring problem among models in their representation
of vegetation phenology5. Nevertheless, the model that projects
ΔGPP matching the LAImax-based EC estimate is also the one
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Fig. 3 Lines of evidence in support of the Emergent Constraint estimate of NHL GPP. a Detrended seasonal cycle of Point Barrow (71.3°N, 203.4°E) CO2

concentration at two time periods, 1974–1979 (dashed) and 2000–2005 (solid), from observations (black) and selected CMIP5 models (colored) spanning
the full range of LAImax sensitivity (low-end: CESM1-BGC, closest-to-observations: MIROC-ESM, and high-end: HadGEM2-ES). b As in a, but showing the
detrended seasonal cycle of Alert Nunavut (82.5°N, 297.7°E) CO2 concentration at the two time periods, 1985–1990 (dashed) and 2000–2005 (solid).
c Changes in the slope of summertime drawdown of CO2 concentration over a 30-year period in representative models and observations at both stations
(Methods). Gray bars denote one standard deviation. d Seasonal cycle of CO2 fluxes into NHL land (green, 60°N–90°N, historical simulation, average of
3 realizations, MPI-ESM-LR) and Arctic Ocean (blue, ≥ 65°N, historical simulation, average of 10 realizations, MPI-ESM-HR), for two time periods,
1970–1975 (dashed) and 2000–2005 (solid). Shading indicates one standard deviation

ARTICLE NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-019-08633-z

4 NATURE COMMUNICATIONS | ���������(2019)�10:885� | https://doi.org/10.1038/s41467-019-08633-z | www.nature.com/naturecommunications

Winkler et al., Nature Communications, (2019)
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Lines of Evidence for EC: Atmospheric CO2 Inversions
• Analysis of two state-of-the-art inversion 

products (Jena Carboscope, CAMS ECMWF).


• Both products agree on increasing carbon sink 
of high latitudes ecosystems in the last 30 
years:


- JENA: ~0.45 Pg C yr-1


- CAMS: ~1.13 Pg C yr-1


• In line with Emerging Constraint estimate of 
~0.46 Pg C yr-1*


*converted to NPP and adjusted to CO2 increase in the last three decades

Winkler et al., Nature Communications, (2019)
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Different Types of Emergent Constraints

1. EC in Time (e.g. historical increase in T to constrain increase in T 
at 2xCO2)


2. EC in Space (e.g. local measurements to constraint large scale 
process)


3. EC across different Variables (observable variable, e.g. LAI, to 
constrain difficult-to-measure variable, e.g. GPP)


4. Mixed types of EC
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Emergent Constraints in Time

• Concept: Use observations of the 
contemporary/past climate to constrain the 
future/different state of the system


• Example: Hall & Qu (2006)


– Predictand: future snow albedo 
feedback under climate change


– Predictor: snow albedo feedback of the 
current seasonal cycle

evaluated qualitatively: Measurements of Ts are an unlikely
source of systematic or random measurement error. Ts over
the NH landmasses is well-sampled in space and time and the
measurements are accurate, so we expect the reanalysis to
provide highly reliable estimates of climatological Ts. Addi-
tional evidence for this is that values of DTs calculated from
reanalysis agree nearly perfectly with those calculated from
another standard Ts data set constructed by the University of
East Anglia Climate Research Unit [New et al., 2000].
Observations of as present a more likely error source. ISCCP
as values are based on satellite measurements at a single
visible channel, and a dependence of albedo on wavelength is
assumed to convert these observations to a broadband value.
This functional dependence is in turn derived from measure-

ments of the Earth Radiation Budget Experiment, when
shortwave fluxes were measured simultaneously with ISCCP
at seven visible and near infrared channels for the 1984–1989
period [Zhang et al., 2004]. This approach, though reasonable
as reflectances measured at the ISCCP channel are highly
correlated with reflectances at other wavelengths where solar
energy is concentrated, may introduce errors. Because of
these errors the actual uncertainty range in observed values of
Das/DTs may be somewhat larger than the range of Figure 3;
however, it seems improbable that the range would broaden
enough to include all models. For example, for models in the
low end of the range of Figure 3 to be realistic, ISCCP’s
climatological seasonal reduction in as from April to May
would have to be too large by a factor of two.

4. Concluding Remarks

[10] The difficulty in quantifying all errors in the estimate
of climatological Das/DTs points to a clear strategy for

Figure 2. (a) Dependence of April ap on as in NH land
masses poleward of 30!N seen in AR4 experiments for the
20th century, showing how large a typical ap anomaly is for
a 1% as anomaly in areas likely to be affected by SAF. The
data required for this calculation [Qu and Hall, 2006] were
only available for 13 simulations. We performed the same
calculation for other time periods (not shown), and found
these values exhibit very little dependence on time period
chosen. We also used this method to calculate @ap/@as from
ISCCP data (1984–2000 period). This observed value (solid
line) is in general agreement with simulated values. (b) The
externally-forced change in April as (%) averaged over NH
land masses poleward of 30!N in the AR4 experiments,
divided by the change in April Ts in these experiments
averaged over the same region. The change in as (or Ts) is
defined as the difference between 22nd-century-mean as (Ts)
and 20th-century-mean as(Ts). Values of as were weighted
by April incoming insolation prior to averaging. Though
these values of Das/DTs are based on transient climate
change experiments, they agree closely with the values of
Das/DTs that would result from equilibrium climate change
experiments with the same models: In climate simulations
the NH snow pack thermodynamically adjusts almost
instantaneously to anthropogenic forcing [Hall, 2004]. The
experiment names corresponding to numbers on the x-axis
are given in Table 1.

Figure 3. Scatterplot of simulated springtime Das/DTs
values in climate change (ordinate) vs. simulated springtime
Das/DTs values in the seasonal cycle (abscissa). The
numbers of the 17 experiments (Table 1) are used as
plotting symbols. The climate change Das/DTs values are
simply the data in Figure 2b. Seasonal cycle Das/DTs
values, based on 20th century climatological means, are
calculated by dividing the difference between April and
May as averaged over NH continents poleward of 30!N by
the difference between April and May Ts averaged over the
same area. Values of as were weighted by April incoming
insolation prior to averaging. A least-squares fit regression
line for the simulations is also shown. The two Das/D Ts
parameters are highly correlated (r2 = 0.92). The observed
springtime D as/DTs value based on ISCCP and the ERA40
reanalysis (see text) is plotted as a dashed vertical line. The
grey bar gives an estimate of statistical error, calculated
according to a standard formula for error in the estimate of
the mean of a time series (in this case the observed time
series of Das/DTs) given the time series’ length and variance
[Neter et al., 1996]. If this statistical error only is taken into
account, the probability the actual observed value lies
outside the grey bar is 5%.

L03502 HALL AND QU: SNOW ALBEDO FEEDBACK L03502

3 of 4

Hall & Qu, Geophys. Res. Lett., (2006)
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Emergent Constraints in SpaceARTICLES NATURE CLIMATE CHANGE

air temperature (TMX) or diurnal temperature range (DTR)), 
water availability (PRE or soil water content (SWC)), or radiation  
(net radiation (RN)).

To explore whether any biases in the dominant drivers (those 
that explain over 10% of the total spatial variations in T/ET) cause 
an underestimation in the modelled T/ET, we re-ran the BRT model 
calibrated for each ESM, but with the dominant drivers replaced 

by corresponding global observations instead of ESM outputs 
(Methods). All the ESMs, except MIROC5 and CanESM2, overes-
timate LAI, with the ensemble mean LAI being approximately 1.5 
times that of satellite observations (Fig. 4a). These ESMs thus proj-
ect a too high T/ET because of their too high LAI values, although 
different models show substantially different relationships between 
T/ET and LAI (Fig. 4b). Accordingly, compared to the original ESM 
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Fig. 2 | Emergent constraint on the model-simulated global T/ET. a, Global average T/ET versus the simulated cross-site average T/ET based on 
observational site locations for the 19 CMIP5 ESMs. The grey line indicates the best-fit regression line across the models. The green dashed line  
(stand-level average T/ET) and shaded areas (uncertainty range) represent the observation-based constraint on the simulated global average T/ET value. 
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Fig. 3 | Contribution of environmental drivers to spatial variations of T/ET in ESMs. Shown are the relative contributions, as integer percentages 
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© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

NATURE CLIMATE CHANGE | VOL 8 | JULY 2018 | 640–646 | www.nature.com/natureclimatechange642

Lian et al., Nature Climate Change, (2018)

• Concept: Use local measurements to 
constrain large-scale/global estimates


• Example: Lian et al. (2018)


– Predictand: global average ratio of 
transpiration to evapotranspiration


– Predictor: site-level average ratio of 
transpiration to evapotranspiration
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Emergent Constraints across variables

LETTER RESEARCH

2 7  O C T O B E R  2 0 1 6  |  V O L  5 3 8  |  N A T U R E  |  5 0 1

0.13% ±  0.03% per p.p.m.v. for high latitudes and 0.11% ±  0.03% 
per p.p.m.v. for the extratropics), but with significantly reduced  
uncertainties. Models without nitrogen limitations span the full range 
of CO2 fertilization (20%–60%), whereas the current models that 
include nitrogen limitations appear to underestimate CO2 fertilization 
(20%–25%), especially for the extratropical domain. These emergent 
constraints therefore give a consistent picture of a substantial CO2-
fertilization effect and point to the need for further improvements in 
the treatment of nutrient limitations in ESMs.
Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.
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Published online 28 September 2016.
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Figure 3 | Emergent constraints on the relative increase of large-scale 
GPP for a doubling of CO2. a, c, Correlations between the sensitivity of 
the CO2 amplitude to annual mean CO2 increases at BRW (x axis) and 
the high-latitude (60° N–90° N) CO2 fertilization on GPP at 2 ×  CO2 (a) 
and the same for KMK and extratropical (30° N–90° N) GPP (c). The grey 
shading shows the range of the observed sensitivity. The red line shows 
the linear best fit across the CMIP5 ensemble together with the prediction 
error (orange) and error bars show the standard deviation for each data 
point. b, d, The probability density histogram for the unconstrained CO2 
fertilization of GPP (black) and the conditional PDF arising from the 
emergent constraints (red) for BRW (b) and KMK (d).
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• Concept: Use observable variable to constrain 
non-observable variable  


• Example: Wenzel et al. (2016)


– Predictand: relative change in GPP for a 
doubling of atmospheric CO2


– Predictor: historical sensitivity of CO2 amplitude 
to rising CO2


– Causal relationship: In the high northern 
ecosystems, changes in plant productivity lead to 
changes in CO2 amplitude


– This example is actually a mixed type: EC across 
variables (CO2 amplitude vs. GPP) and in time 
(historical vs. 2xCO2)
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General Uncertainties in the Multi-Model Ensemble

• Common systematic errors in a multi-model ensemble (i.e., the entire ensemble misses 
an unknown process that plays a key role in a high CO2 world): general overestimation or 
underestimation of the constrained value


• Set of forcing variables for historical simulations may be incomplete (i.e., not yet 
identified drivers of observed changes): comparability of observations and model 
simulations could be limited


• EC method can be overly sensitive to individual models of the ensemble: test ensemble 
for influential models (see Bracegirdle and Stephenson, 2012)

Winkler et al., Earth System Dynamics, (2019)
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Applicability of the EC method
Key issues concerning the applicability of the 
EC method:


1. Uncertainty in data source of observed 
predictor


2. Uncertainty due to spatial aggregation


3. Uncertainty due to temporal variations of 
the predictor


4. Level of CO2 forcing


5. Time rate of CO2 forcing


6. Different effects of CO2 forcing
Predictor 
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Thought Experiment
• Does EC implicitly assume that the 

mechanism underpinning the relation 
remains unchanged because the 
future state of the system is being 
predicted based on its past behavior?


• Understanding the relationship and 
interplay between forcing (CO2), 
predictor (LAI), and the predictand 
(GPP) is key to evaluating the EC 
method.


• Thought experiment of four possible 
scenarios under increasing forcing: All 
linear, all nonlinear (saturation), and 
two mixed linear / nonlinear cases.

Table A1. Overview of four possible cases of interaction between forcing, non-observable and observable identified in the Gedankenexperi-

ment: All linear, all nonlinear, and two mixed cases.

1

2

Different assumptions d[non�observable]

d[forcing]
, e.g. d[GPP]

d[CO2]

d[observable]

d[non�observable]
, e.g. d[LAI]

d[GPP]

1 linear linear

2 nonlinear linear

3 linear nonlinear

4 nonlinear nonlinear

3

4

33

d[Predictand]
d[Predictand]
d[Predictor]

d[Forcing]

Winkler et al., Earth System Dynamics, (2019)
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Example: Linear / Nonlinear Case
• Multi-model ensemble emulated using 

different random parameterizations for 
linear and saturation (hyperbolic tangent 
function) responses.


• Constrained GPP estimate in theory 
independent of the past periods from 
when the observational sensitivities are 
derived.


• Relationship between predictor and 
predictand remains linear within the 
model ensemble, although their 
relationship becomes non-linear 
within each model and reality.
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Winkler et al., Earth System Dynamics, (2019)
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Saturation at high CO2 levels

• Changes in GPP and LAI relate linearly in all CMIP5 models until 2×CO2.


• Beyond 2×CO2, all models show weakening linearity (saturating rate of allocation of additional GPP to new leaves).


• How does the weakening relationship between predictor and predictand at higher CO2 concentration affect the EC 
analysis?

CMIP5 1pctCO2
60°N - 90°N

∆L
AI

, m
2  m

-2

Winkler et al., Earth System Dynamics, (2019)
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Constraints at different CO2 levels

• Linear relationship between predictor and predictand within the CMIP5 ensemble breaks up with rising CO2 concentration.


• Saturation effect manifests in decreasing increments in constrained GPP estimates for successive equal increments of 
CO2.


• All CMIP5 models agree on saturation, but disagree on the timing and magnitude of saturation.

2×CO2 3×CO2 4×CO2

R2: 0.96* R2: 0.93* R2: 0.88*

* p < 0.05

LAI sensitivity to ω

∆G
PP

, P
g 

C
 y

r-1

Winkler et al., Earth System Dynamics, (2019)
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Summary

• Emergent Constraints are a tool to reduce uncertainties of unknown entities in the Earth 
system using observations.


• Understanding the relationship and interplay between forcing, predictor, and the 
predictand is key to evaluating the Emergent Constraints method.


• Three different types of Emergent Constraints have been identified: in time, in space and 
across variables - most studies apply mixed types.


• Emergent Constraints are subject to several sources of uncertainty, pitfalls and limitations. 


• Emergent Constraints should not be ‚sold‘ as the ‚true‘ value, but rather as an improvement 
compared to the unweighted average value of the multi-model ensemble.
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Further Reading
Overview of Emergent Constraint Method and Examples
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Question 1:

Can you think of at least three interesting Predictands 
in the Earth system?
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Question 2:

Can you specify adequate Predictors of the Predictands 
you determined in Question 1?
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Question 3:

What do you think are potential uncertainties or 
limitations of the Emergent Constraint method?


