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Motivation

Scientists, policy advisors, and the public struggle to synthe-
size the quickly evolving empirical work on climate change
impacts. The Integrated Assessment Models (IAMs) used
to estimate the impacts of climate change and the effects of
adaptation and mitigation policies are often out-of-date with
respect to empirical results./ŵƉĂĐƚƐ tŽƌůĚ ϮϬϭϯ͕ /ŶƚĞƌŶĂƟŽŶĂů �ŽŶĨĞƌĞŶĐĞ ŽŶ �ůŝŵĂƚĞ �ŚĂŶŐĞ �īĞĐƚƐ͕

WŽƚƐĚĂŵ͕ DĂǇ ϮϳͲϯϬ �ƌĂŌ͗ DĂƌĐŚ Ϯϳ͕ ϮϬϭϯ

0 1 2
ï��

ï��

ï��

ï�

0

�

Cotton

Wheat

Maize
Soy
Avg.

Change in global mean temperature (°C)

Pe
rc

en
t c

ha
ng

e 
(y

ie
ld

)

Damage to USA agriculture

 

 

Empirical
����&,

(19,6$*(
FUND
5,&(

&ŝŐƵƌĞ ϱ͗ �ůĂĐŬ͗ WƌŽũĞĐƚĞĚ ĐŚĂŶŐĞƐ ŝŶ ǇŝĞůĚƐ ƵƐŝŶŐ ƌĞƐƉŽŶƐĞ ĨƵŶĐƟŽŶƐ ŝŶ &ŝŐƵƌĞ ϰ ĂŶĚ ƚŚĞ ƉƌŽũĞĐƚĞĚ ĞǆƉŽƐƵƌĞ ŽĨ
h^� ĐƌŽƉůĂŶĚƐ͘ �ǀĞƌĂŐĞ ĐŚĂŶŐĞƐ ĂƌĞ ĂǀĞƌĂŐĞĚ ďǇ ĐƌŽƉůĂŶĚ ƉůĂŶƚĞĚ ŝŶ Ă ŐŝǀĞŶ ĐƌŽƉ͘ �ŽŵƉĂƌĂďůĞ ĚĂŵĂŐĞ ĨƵŶĐƟŽŶƐ
ĨƌŽŵ �Es/^�'�͕ &hE� ĂŶĚ Z/�� ĂƌĞ ĐŽůŽƌĞĚ͘

ůĞǀĞů ƌŝƐĞ ŝƐ ŶŽƚ ĚƵĞ ƚŽ ƚŚĞ ƉĞƌŵĂŶĞŶƚ ŝŶƵŶĚĂƟŽŶ ŽĨ ůĂŶĚ ďƵƚ ƚŽ ĞŶŚĂŶĐĞĚ ĞƉŝƐŽĚŝĐ ŇŽŽĚŝŶŐ͘ >ŽĐĂů ƐĞĂ ƐƵƌĨĂĐĞ

ŚĞŝŐŚƚ ŝƐ ƚŚĞ ƐƵŵ ŽĨ ůŽŶŐͲƚĞƌŵ ĂŶƚŚƌŽƉŽŐĞŶŝĐ ĂŶĚ ŶĂƚƵƌĂů ƚƌĞŶĚƐ͕ ŵƵůƟͲǇĞĂƌ ŽĐĞĂŶ ĚǇŶĂŵŝĐ ǀĂƌŝĂďŝůŝƚǇ͕ ƉĞƌŝŽĚŝĐ

ƟĚĂů ƐŝŐŶĂůƐ͕ ĂŶĚ ƐƚŽƌŵ ƐƵƌŐĞƐ͘ dŚĞ ȂϮϬ Đŵ ŽĨ ĐůŝŵĂƟĐĂůůǇͲĚƌŝǀĞŶ ƚǁĞŶƟĞƚŚͲĐĞŶƚƵƌǇ ƐĞĂ ůĞǀĞů ƌŝƐĞ ůĞĚ ƚŽ ĂĐƵƚĞ

ŝŵƉĂĐƚƐ ĨŽƌ ĮŌǇ ƚŚŽƵƐĂŶĚ ĂĚĚŝƟŽŶĂů ƌĞƐŝĚĞŶƚƐ ŽĨ EĞǁ zŽƌŬ �ŝƚǇ ǁŚĞŶ ƚŚĞ ĐŝƚǇ ǁĂƐ Śŝƚ ďǇ ^ƵƉĞƌƐƚŽƌŵ ^ĂŶĚǇ

;�ůŝŵĂƚĞ �ĞŶƚƌĂů͕ ϮϬϭϯͿ͖ ƚŚŝƐ ŝŵƉĂĐƚ ǁĂƐ ĞǆĂĐĞƌďĂƚĞĚ ďĞĐĂƵƐĞ ƚŚĞ ƐƚŽƌŵ ƐƵƌŐĞ ŽĐĐƵƌƌĞĚ ŝŶ ƐƵƉĞƌƉŽƐŝƟŽŶ ǁŝƚŚ

ƉƌĞͲĞǆŝƐƟŶŐ ƐĞĂ ůĞǀĞů ƌŝƐĞ ;ĂƐ ǁĞůů ĂƐ ŚŝŐŚ ƟĚĞͿ͘ /�DƐ͕ ĂƐ ƚŚĞǇ ĂƌĞ ĐƵƌƌĞŶƚůǇ ƐƚƌƵĐƚƵƌĞĚ͕ ĚŽ ŶŽƚ ĐĂƉƚƵƌĞ ƚŚĞƐĞ

ŬŝŶĚƐ ŽĨ ĂĐƵƚĞ ŝŵƉĂĐƚƐ ĂŶĚ ŝŶƐƚĞĂĚ ǁŽƵůĚ ŵŽĚĞů ƚŚĞ ŝŵƉĂĐƚ ŽĨ Ă ĐǇĐůŽŶĞͲŝŶĚƵĐĞĚ ƐƵƌŐĞ ĂƐ Ă ƐŵĂůů ŝŶĐƌĞĂƐĞ ŝŶ

ĂǀĞƌĂŐĞ ƐĞĂ ůĞǀĞů ƐƉƌĞĂĚ ĂĐƌŽƐƐ ŵĂŶǇ ǇĞĂƌƐ͘

EĂƚƵƌĂů ƐǇƐƚĞŵ ƐƚŽĐŚĂƐƟĐŝƚǇ ŝƐ ŶŽƚ ůŝŵŝƚĞĚ ƚŽ ƐĞĂ ůĞǀĞů ĂŶĚ ŇŽŽĚŝŶŐ͖ ŝƚ ŝƐ ƵďŝƋƵŝƚŽƵƐ ĂŶĚ ĂīĞĐƚƐ ŵŽƐƚ ĐůŝŵĂƚĞ

ĐŚĂŶŐĞ ŝŵƉĂĐƚƐ͘ �Ɛ ĂŶŽƚŚĞƌ ĞǆĂŵƉůĞ͕ ĐŽŶƐŝĚĞƌ ĐŽƌŶ ǇŝĞůĚƐ͘ �ŵƉůŽǇŝŶŐ ƚŚĞ ŝŵƉĂĐƚ ĨƵŶĐƟŽŶ ŽĨ ^ĐŚůĞŶŬĞƌ ĂŶĚ

ZŽďĞƌƚƐ ;ϮϬϬϵͿ ƚŽ ĚĂŝůǇ ƚĞŵƉĞƌĂƚƵƌĞƐ ĨƌŽŵ dŽƉĞŬĂ͕ <ĂŶƐĂƐ͕ h^� ;EĂƟŽŶĂů �ůŝŵĂƚĞ �ĂƚĂ �ĞŶƚĞƌ͕ ϮϬϭϯͿ͕ ǁĞ ĮŶĚ

ƚŚĂƚ ĐŽƌŶ ǇŝĞůĚ ŽǀĞƌ ƚŚĞ ŝŶƚĞƌǀĂů ϭϵϳϯͲϭϵϵϴ ƐŚŽƵůĚ ŚĂǀĞ ǀĂƌŝĞĚ ďĞƚǁĞĞŶ ϲϬй ĂŶĚ ϭϭϬй ŽĨ ŝƚƐ ĞǆƉĞĐƚĞĚ ǀĂůƵĞ ĚƵĞ

ũƵƐƚ ƚŽ ƚŚĞ ĞīĞĐƚƐ ŽĨ ƚĞŵƉĞƌĂƚƵƌĞ ;&ŝŐ͘ ϳͿ͘ dŚĞ ƌĞƚƵƌŶ ŝŶƚĞƌǀĂů ŽĨ Ă ϮϬй ůŽƐƐ ĞǀĞŶƚ ;ŝ͘Ğ͕͘ ǇŝĞůĚ ŽĨ ϴϬй ŽĨ ŝƚƐ ĞǆƉĞĐƚĞĚ

ǀĂůƵĞͿ ǁĂƐ ĂďŽƵƚ ϮϬ ǇĞĂƌƐ͘ /Ŷ &ŝŐƐ͘ ϴ ĂŶĚ ϵ ǁĞ ĞǆĂŵŝŶĞ ƚŚĞ ƉƌŽũĞĐƚĞĚ ĞīĞĐƚ ŽĨ ǁĂƌŵŝŶŐ ŽŶ ĞǆƉĞĐƚĞĚ ĐƌŽƉ ǇŝĞůĚ͕

ƚŚĞ ϱƚŚͲϵϱƚŚ ƉĞƌĐĞŶƟůĞƐ ŽĨ ĐƌŽƉ ǇŝĞůĚ͕ ĂŶĚ ƚŚĞ ƌĞƚƵƌŶ ŝŶƚĞƌǀĂůƐ ŽĨ ĐƌŽƉ ůŽƐƐ ĞǀĞŶƚƐ͘ tŝƚŚ ϭל� ŽĨ ǁĂƌŵŝŶŐ͕ ƚŚĞ

ƌĞƚƵƌŶ ŝŶƚĞƌǀĂů ŽĨ Ă ϮϬй ůŽƐƐ ĞǀĞŶƚ ĚƌŽƉƐ ƚŽ ϭϮ ǇĞĂƌƐ͖ ǁŝƚŚ Ϯל� ŽĨ ǁĂƌŵŝŶŐ͕ ƚŽ ϳ ǇĞĂƌƐ͖ ĂŶĚ ǁŝƚŚ ϰל� ŽĨ ǁĂƌŵŝŶŐ͕

ŝƚ ĚƌŽƉƐ ƚŽ ϭ͘Ϯ ǇĞĂƌƐ͘ �ƐƟŵĂƚĞƐ ŽĨ ǁĞůĨĂƌĞ ůŽƐƐĞƐ ĂŶĚ ĞīĞĐƟǀĞ ĂĚĂƉƟǀĞ ŵĞĂƐƵƌĞƐ ŵƵƐƚ ďŽƚŚ ƚĂŬĞ ŝŶƚŽ ĂĐĐŽƵŶƚ

ƚŚĞ ŝŶĐƌĞĂƐŝŶŐ ĨƌĞƋƵĞŶĐǇ ŽĨ ĞǆĐĞƉƟŽŶĂůůǇ ůŽǁ ŚĂƌǀĞƐƚ ǇĞĂƌƐ ĂŶĚ ƚŚĞ ƐƚƌĂŝŶ ƚŚĞǇ ĞǆĞƌƚ ŽŶ ŝŶƐƵƌĂŶĐĞ ĂŶĚ ƐĂĨĞƚǇ

ŶĞƚǁŽƌŬƐ͕ ŶŽƚ ũƵƐƚ ƚŚĞ ĐŚĂŶŐĞ ŝŶ ĞǆƉĞĐƚĞĚ ĂŐƌŝĐƵůƚƵƌĂů ǇŝĞůĚ͘ tŝƚŚ ϭל� ŽĨ ǁĂƌŵŝŶŐ͕ ƚŚĞ ŝŶĐƌĞĂƐĞĚ ĨƌĞƋƵĞŶĐǇ ŽĨ

Figure: Reproduced from [1]. Black: Projected changes in yields using
estimated models and the projected exposure of USA croplands. Changes
averaged by cropland planted in a given crop. Comparable damage
functions from ENVISAGE, FUND and RICE are colored.

A New Tool

We create an online tool for exploring, analyzing, combining, and
communicating a wide range of impact results, and supporting
their integration into IAMs. The tool uses a new database of
statistical results, which researchers can expand both in depth
(by providing additional results that describing existing relation-
ships) and breadth (by adding new relationships). It can au-
tomatically generate new meta-analyses as new parameter esti-
mates are added, and provide these to IAMs to be incorporated
into comprehensive impact estimates.

Applications

Scientists can use the tool to quickly performmeta-analyses of
related results, using Bayesian techniques to produce pooled
and partially-pooled posterior distributions. Policy advisors
can apply the statistical results to particular contexts, and
combine different kinds of results in a cost-benefit framework.
The general public can better understand the many estimates
of climate impacts and their range of uncertainty by exploring
these results dynamically, with maps, bar charts, and dose-
response-style plots.

Aggregation Tool Design

Model Types

Parameter estimates, represented as probability distributions,
are the building-blocks of the database.
1. Single parameter distributions
An unconditional probability density function, which may take any form,
input either as a spline or a sampled function.

Figure: Climate and Conflict [2]. PDFs
represent parameter estimates for the
US and the Bayesian aggregated
result, of the effect of a standard
deviation change in climate on
violence, in terms of a z-score.

2. Dose-Response parameter
A non-linear response, with a conditional PDF over the parameter values for
every value of the “dose” variable.

Figure: Energy and Temperature [3].
The relationship between log energy
consumption and daily temperature
from US data. 95% confidence
intervals are shown.

3. Categorical independent variable
When the independent variable takes discrete or categorical, the model is
represented as a bar graph.

Figure: Damages and Storms [4].
Impact from various categories of
hurricanes, and from tornadoes, floods,
and severe storms. Error bars show
95% confidence intervals.

4. Categorical dependent variable
When the probability distribution is defined over a discrete dimension, the
model is represented as a probability mass function.

Figure: Crop Areas [5]. Portion of
farm area by state, for cotton, maize,
soybeans, and wheat. Only states with
at least 25% of crop area allocated to
those four crops are shown.

Merging

Three methods are used to determine a meta-analysis merging
of parameter values.
Pooled Estimates
A pooled estimate assumes that all parameter estimates describe
the same underlying variable, and that they are independent.

p(θ) = p(∩Ni=1θ = θi) ∝
N∏
i=1
p(θi)

Figure: Pooled estimate of log
mortality as a function of temperature
[3, 6]. The 95% confidence interval of
the pooled result does not overlap with
the individual estimates when they are
far from each other.

Hierarchical Bayesian Modeling
We apply Hierarchical Bayesian modeling, which allows for
“partial-pooling”, whereby the degree to which estimates inform
the same underlying parameter is simultaneously estimated.

θi ∼ N(µ, τ 2)
yi ∼ N(θi, σ2

i )

where µ is the underlying parameter, τ 2 is the variance between
models of their individual parameters. We apply non-informative
distributions to µ and τ . θi is the parameter for model i, yi is
the estimated value of that parameter, and σ2

i is the standard
error of that estimate. Variables in green are given; variables in
red are simultaneously estimated.

Figure: Bayesian estimate of log
mortality as a function of temperature
[3, 6]. The confidence intervals on µ
are wide, reflecting the uncertainty in
resolving the two estimates.

Additionally, the spread between models can be better preserved, by sampling from τ .

Example: Average Crop Impacts

Below, we apply models for the impact of growing season tem-
perature on yields for four different crops. We calculate growing
season temperatures using state-specific planting and harvesting
days [7]. Then, we generate an average yield impact, by weight-
ing the effects by baseline crop productions by county [5].

Cotton Maize Soybeans Wheat

/ŵƉĂĐƚƐ tŽƌůĚ ϮϬϭϯ͕ /ŶƚĞƌŶĂƟŽŶĂů �ŽŶĨĞƌĞŶĐĞ ŽŶ �ůŝŵĂƚĞ �ŚĂŶŐĞ �īĞĐƚƐ͕
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&ŝŐƵƌĞ ϰ͗ dŽƉ ĨŽƵƌ ƉĂŶĞůƐ͗ �ŵƉŝƌŝĐĂůůǇͲĚĞƌŝǀĞĚ ƌĞƐƉŽŶƐĞƐ ŽĨ ĨŽƵƌ ŵĂũŽƌ ĐƌŽƉƐ ƚŽ ŐƌŽǁŝŶŐ ƐĞĂƐŽŶ ƚĞŵƉĞƌĂƚƵƌĞ ŝŶ
hŶŝƚĞĚ ^ƚĂƚĞƐ ĐŽƵŶƟĞƐ͕ ĨƌŽŵ ,ƐŝĂŶŐ Ğƚ Ăů͘ ;ϮϬϭϮͿ͘ >ŽǁĞƌ ƉĂŶĞůƐ͗ dŚĞ ĂĚĚŝƟŽŶĂů ĂŵŽƵŶƚ ŽĨ ƟŵĞ ƚŚĂƚ ĐƌŽƉůĂŶĚƐ
ŝŶ ƚŚĞ hŶŝƚĞĚ ^ƚĂƚĞƐ ĂŶĚ ƚŚĞ ǁŽƌůĚ ǁŝůů ďĞ ĞǆƉŽƐĞĚ ƚŽ ƚŚĞƐĞ ƚĞŵƉĞƌĂƚƵƌĞƐ ƵŶĚĞƌ Ϯל� ǁĂƌŵŝŶŐ ŝŶ ŐůŽďĂů ŵĞĂŶ
ƚĞŵƉĞƌĂƚƵƌĞ͘

�Ɛ ƉĂƌĂŵĞƚƌŝǌĂƟŽŶƐ ŽĨ ĂĚĂƉƚĂƟŽŶ ĂƌĞ ĚĞǀĞůŽƉĞĚ ŝŶ ƚŚĞ ĞŵƉŝƌŝĐĂů ůŝƚĞƌĂƚƵƌĞ͕ ƚŚĞƐĞ ĚĂŵĂŐĞ ĨƵŶĐƟŽŶ ĐĂůŝďƌĂƟŽŶƐ

ĐĂŶ ďĞ ĂĚũƵƐƚĞĚ ĂĐĐŽƌĚŝŶŐůǇ͘

ϯ dŚĞ ƌŽůĞ ŽĨ ƐƚŽĐŚĂƐƟĐŝƚǇ

DĂŶǇ ŶĂƚƵƌĂů ĂŶĚ ŚƵŵĂŶ ƐǇƐƚĞŵƐ ĂƌĞ ƐƚŽĐŚĂƐƟĐ͘ &Žƌ ĞǆĂŵƉůĞ͕ ǁĞĂƚŚĞƌ ŝƐ ƚŚĞ ŵĂŶŝĨĞƐƚĂƟŽŶ ŽĨ ǀĂƌŝĂŶĐĞ ĂƌŽƵŶĚ

ĐůŝŵĂƚŽůŽŐŝĐĂů ŵĞĂŶƐ͖ ďƵƐŝŶĞƐƐ ĐǇĐůĞƐ ĂƌĞ ŵĂŶŝĨĞƐƚĂƟŽŶƐ ŽĨ ǀĂƌŝĂŶĐĞ ĂƌŽƵŶĚ ůŽŶŐͲƚĞƌŵ ĞĐŽŶŽŵŝĐ ŐƌŽǁƚŚ͘ �ůͲ

ƚŚŽƵŐŚ ĐůŝŵĂƚĞ ĚĂŵĂŐĞƐ ĂƌĞ ŽŌĞŶ ƉĂƌƟĂůůǇ ƌĞĂůŝǌĞĚ ƚŚƌŽƵŐŚ ƐŚŝŌƐ ŝŶ ĐůŝŵĂƚŽůŽŐŝĐĂů ĞǆƚƌĞŵĞƐ͕ /�DƐ ŚĂǀĞ ŐĞŶĞƌͲ

ĂůůǇ ŶŽƚ ĞǆƉůŝĐŝƚůǇ ŝŶĐůƵĚĞĚ ǇĞĂƌͲƚŽͲǇĞĂƌ ǀĂƌŝĂďŝůŝƚǇ͘ /�D ǁĞůĨĂƌĞ ĂŶĂůǇƐŝƐ ƚŚĞƌĞĨŽƌĞ ŝŵƉůŝĐŝƚůǇ ĂƐƐƵŵĞƐ ƉĞƌĨĞĐƚůǇͲ

ĨƵŶĐƟŽŶŝŶŐ ŵĂƌŬĞƚƐ ĂŶĚ ŝŶƐƟƚƵƟŽŶƐ ĐĂƉĂďůĞ ŽĨ ƐƉƌĞĂĚŝŶŐ ƌŝƐŬ ŽǀĞƌ ƟŵĞ ĂŶĚ ƚŚƵƐ ĂůůŽǁŝŶŐ ƚŚĞ ǁĞůĨĂƌĞ ŝŵƉĂĐƚ ŽĨ

ĂǀĞƌĂŐĞ ĚĂŵĂŐĞƐ ƚŽ ďĞ Ă ŐŽŽĚ ƐƵďƐƟƚƵƚĞ ĨŽƌ ƚŚĞ ǁĞůĨĂƌĞ ŝŵƉĂĐƚ ŽĨ Ă ƐĞƋƵĞŶĐĞ ŽĨ ĂĐƚƵĂů ůŽƐƐ ƌĞĂůŝǌĂƟŽŶƐ ;ǁŚŝĐŚ

ǀĂƌǇ ĂƌŽƵŶĚ ƚŚŝƐ ĂǀĞƌĂŐĞͿ͘ tŝƚŚŽƵƚ ƐƵĐŚ ŵĂƌŬĞƚƐ Žƌ ŝŶƐƟƚƵƟŽŶƐ͕ ŚŽǁĞǀĞƌ͕ ƚŚĞ ĂďƐĞŶĐĞ ŽĨ ŝŶƚĞƌͲĂŶŶƵĂů ǀĂƌŝĂďŝůŝƚǇ

ůŝŬĞůǇ ůĞĂĚƐ ƚŽ ĂŶ ƵŶĚĞƌĞƐƟŵĂƚĞ ŽĨ ĨƵƚƵƌĞ ǁĞůĨĂƌĞ ůŽƐƐĞƐ͘

dŚĞ ŝŵƉŽƌƚĂŶĐĞ ŽĨ ƐƚŽĐŚĂƐƟĐŝƚǇ ŝƐ ĐůĞĂƌůǇ ŝůůƵƐƚƌĂƚĞĚ ďǇ ƚŚĞ ĞǆĂŵƉůĞ ŽĨ ƐĞĂ ůĞǀĞů ĐŚĂŶŐĞ͘ DŽƐƚ ĚĂŵĂŐĞ ĚƵĞ ƚŽ ƐĞĂ

Temperature Yield Models

Growing Season Average Temperatures

Yield Impacts by Crop

Baseline Production by County (2007)

Total Yield Impacts, averaged by production
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