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Broad Motivation

Observation #1: Climate news is gaining increasing prominence in the economic sphere

Observation #2: Several studies have focused on domestic stock returns and ‘low frequency’ data

Question: How does climate news impact international dynamics at a high-frequency?

↪→ Currencies: do they hedge climate news shocks?
↪→ Equity Returns: do green and brown stock returns respond differently after a climate news shock?
↪→ Current Accounts: do climate news shocks matter for int’l trade flows?
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Preview of Findings

Empirical:
↪→ Novel dataset: high-frequency, large cross section of countries, based on 24,000,000 tweets
(2014-2022) ⇒ Climate Attention Index (CAI)

↪→ Currency response: Currency in highly exposed countries appreciates
↪→ Green stocks: lose relative less value than brown stocks, especially for highly exposed countries.
↪→ Net exports: decline for more exposed countries

Theory:
A 2-period Int’l GE model with:
↪→ priced climate news shocks (recursive preferences)
↪→ international risk sharing through consumption and capital
↪→ green and brown investments & returns
The model drives our empirical strategy & explains our results
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Literature Review

I FX literature: among others, Lustig, Roussanov, Verdelhan (2011), Della Corte, Sarno, and

Tsiakas (2011), Mano et al (2019), ...

• Here: Climate news shocks impacts FX and international trade

I Climate Finance: among others, Engle et al (2020), Sautner et al (2023), Giglio et al (2021a,b),

Bansal et al (2029), Bolton et al (2021,2022,2023), ...

• Here: novel international big data set & cross-country stock market responses

I Macrofinance models of international finance: among others, Bansal and Shaliastovich

(2013); Colacito, Croce, Gavazzoni, Ready (2018) Lewis and Liu (2014), Zviadadze (2014) ...

• Here: Heterogeneous exposures to both global growth and climate spillovers
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Predictions from GE:

Flows & Prices



Basic Model Setup

I Two countries with trade on both consumption and investment goods (Colacito et al., 2018)

I Production generates emission ⇒ worsening climate condition ⇒ higher climate damage

I Damage/Vulnerability is distinct from climate sentiment shocks



Horizon and Shocks

Time 0: trade of arrow debrew securities takes place

Time 1: Both the Home and Foreign (*) agent receive news about:
- 1. global climate news shock g ;
- 2. local productivity shock θ

Time 2: No additional shocks, endogenous production and climate damages realized.
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Preferences

Time t ∈ {0, 1, 2}, recursive preferences identical between two countries:

ut = (1− β) log
(
C̃t · Gt

)
+

β

1− γ log Et [exp {(1− γ)ut+1}] , t = {0, 1, 2},

- With γ > 1: agent prefer early resolution of uncertainty (Ai et al., 2023)

- Gt := e−bg captures climate-related sentiment shocks with sensitivity b (b∗ = 1),

- C̃t = Ct · D−1
t comprises a consumption bundle C and disruption D

- C0, D0 and D1 are given (exog.) parameters in our setting

- C1, C2, and D2 are endogenous, i.e., depends on the shocks.
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Time 1: Get News and Trade Goods!

After receiving the news shocks, both countries choose maximizes time-1 utility subject to the
following resource constraints:

Home: 1 = X1 + X ∗1 + Ix,1 + Iy,1 + Ig,1,

Foreign: 1 = Y1 + Y ∗1 + I ∗y,1 + I ∗x,1 + I ∗g,1.

e.g., for the home country:

I X1 and Ix,1 refer to domestic consumption and investment goods

I X ∗1 and Iy,1 refer to exported consumption and investment goods

I Ig,1 and I ∗g,1 refers to green investments.
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Time 2: Fully Unwind Intl. Positions
I Output materializes, subject to productivity shock θ, and use of brown capital:

GDP2 = eθB, GDP∗2 = e−θB∗,

B = IλI
x,1I
∗1−λI
x,1 , B∗ = I 1−λI

y,1 I ∗λI
y,1 ,

and is allocated subject to the following resource constraints (no further investments):

GDP2 = X2 + X ∗2 , GDP∗2 = Y2 + Y ∗2 .

I Consumption
C2 = Xλ

2 Y
(1−λ)

2 , C∗2 = X
∗(1−λ)
2 Y ∗λ2 , λ > .5,

I Economic-induced climate damage realized and mitigated by green capital:

D2 =

(
GDP

λg

2 · GDP
∗1−λg

2

G

)a

, D∗2 =

(
GDP

∗λg

2 · GDP1−λg

2

G∗

)a

G = I
λg

g,1I
∗1−λg

g,1 , G∗ = I
∗λg

g,1 I
1−λg

g,1 .

- λg > .5 implies that domestic disruption matters more.
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FX & Asset Prices

- Let Qi,t denote the time-t ex-dividend value of the marginal cash-flows paid out by investment in the
final period of the model:

ri,1|0 := logRi,1|0 = log
Qi,1

Qi,0
, i ∈ {b, g},

Q-theory applies and we get:

rbmg
1|0 := rb,1|0 − rg,1|0 = constant + (1− λI ) log

Ix,1
I ∗x,1
− (1− λg ) log

Ig,1
I ∗g,1

.

- By complete markets, the FX is determined by the log SDF − log SDF ∗ and

∆eH|F > 0→ appreciation of Home currency
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Model Predictions details

Proposition 1. Let γ > 1, when b > 1 (b < 1), a global climate news shock g > 0 causes an
appreciation of home (foreign) real exchange rate.

Proposition 2. When b > 1, the brown-minus-green investment return in the home country
depreciates when there is a positive global climate news shock g > 0. In addition, the effect is
stronger with a higher b.

Proposition 3. When b > 1, a global climate news shock g > 0 decreases the home country’s net
exports.
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Data Collection



Data from X (formerly Twitter)

Tweet-level observations between 2014
and 2022

25 main economies (both developed and
developing), > 80% world GDP

96 newspapers

Takeaway: very large sample!
Newspapers



Text Analysis: Corpus & Documents

Methodology: Engle et al (2020)
- same corpus of authoritative text
- cosine similarity of merged tweets (documents)
- Google translate API applied to the corpus



Text Analysis: Corpus & Documents



Tweet-Level Examples

High Similarity Tweets (score > 0.5)

Low Similarity Tweets (score = 0)
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Climate Attention Index by Country

Takeaway: Granular but with a common component.



World Climate Attention (CAI)

CAI t =
∑

i ωi,tCAI
i
t , ωi,t ∈ {1/N; Volume Share; GDP share}

Takeaway: Our index effectively reflects major global events.



Heterogeneous Exposure to World CAI

∆CAIi,t = βi︸︷︷︸
exposure

· ∆CAI t︸ ︷︷ ︸
global shock

+ ui,t︸︷︷︸
Local shock

Takeaway #1:
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β: a Novel Source of Heterogeneity

Takeaway #1: β weakly related to vulnerability score (top panels) and absolute latitude (bottom
panels). Details Other Vars

Takeaway #2: Our results hold when we take the orthogonalized part of the βs (additional
information).
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CAI, FX, & Stock Returns



Top-days

In what follows, we will focus on top-days:

1. Similarly to event studies, will focus on patters after major news
2. High-frequency identification of climate news shock responses
3. Our results are probably downward biased (other important days did not make it!)
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Innovations to World CAI

Takeaway: evenly spread out across years (business days only; conditional on day of the week).



From Tweets to Topics

Question: Does top days capture Physical or Transition risk?

Steps:

1. Ask ChatGPT to create 50 sentences related to physical/transition risk, e.g.

I Physical: “Hurricanes are becoming more intense”
I Transition: “New carbon taxes increase energy costs”

2. Use BERT to group all tweets in topics

3. Use cosine similarity between each topic and each one of the 100 sentences created by ChatGPT

4. Climate-related topics: similarity score in the top 0.1% percentile

5. If the high score comes from physical (transition) sentence, classify the tweets in that topic as
physical (transition)
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Word Clouds and Topics

Takeaway: our classification delivers a good fit.



From Attention to Sentiment for Top-Days

Takeaway: top-attention days are associated to bad news



FX and CAI News

∆e i,jt,t+k = ai,jk + bk · 1Topt + εi,jt,k

where we include country pairs (i , j) such that βi is significantly larger than βj pairs

1. In total 138 country-pairs and 322
top-days.
2. Net of cumulative returns in all other
days (‘DiD’)
3. Average cumulative returns after days
with top-15% positive news in CAI

Takeaway: Currencies of high-β coun-
tries appreciate.

Weights Top βs Freq. Other
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FX and CAI News: Transition & Physical Risks

Let St denote the share of tweets talking about transition risks at day t, normalized between 0 and 1.

∆e i,jt,t+k = ai,jk + (bk + ck · St) · 1Topt + εi,jt,k .

Takeaway: Transition Risks dominate. Local
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FX and CAI News: Developing vs Advanced Economies

Takeaway: Developing Economies experience more persistent appreciations.



Equity Returns Sensitivity to CAI

Data set comprising 16,774 firms and a total of 23,305,563 firm-day observations:

r i,ct,t+k = αi
t + ζ i,ct,k · 1

Top
t + εi,ct,k , (1)

ζ i,ct,k = γ0,k + (γ1,k + γ2,k · βc) · Ei,ta , (2)

- r i,ct,t+k denotes the return (in USD) of firm i , headquartered in country c, from time t to time t + k

- 1Topt is a dummy variable =1 if t is a ’top-day’
- ζ i,ct,k is the composite relation between country-specific conditions and stock-specific exposure
- βc is our country-specific exposure to global climate news shocks
- Ei,ta is our stock level-specific emission intensity in the previous year (Trucost)
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Equity Returns Sensitivity to CAI

95% C.I. constructed using standard errors clustered at the industry*date and firm level.

Takeaways: 1. stock returns depreciate after top climate days; 2. “brown” stocks depreciate more in
countries with high β
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Empirical Investigation about Flows

I Due to the low-frequency nature of trade data, we switch to quarterly frequency of our index.

I To correct the error-in-variable bias, we estimate the following system of equations by GMM:

∆CAIi,t = βi ·∆CAI t + ui,t (3)

∆

(
NXi,t

GDPi,t

)
−∆

(
NXj,t

GDPj,t

)
= Γ · (βi − βj) ·∆CAI t ...

+θ′ · (controli,t − controlj,t) + εij,t , (4)

-
NXi,t

GDPi,t
is the net export over GDP of country i at time t

- ∆CAI t is our ’global’ attention index
- (βi − βj) is country i ’s sensitivity to climate news shocks, with i and j sorted such that βi > βj
- Γ is the coefficient for the differential sensitivity
- control includes: change in the country-level industrial production index & the share of Twitter
volume on days when the CAI is at the bottom 5% (other events that affect Twitter activity).
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Empirical Results about Flows (I)

Estimates of Γ across country-pairs and samples:

Takeaways: Highly exposed countries receive resources (decline in CA).



Empirical Results about Flows (II)

Estimates of Γ over horizon k across 190 country-pairs when we do not use βi − βj :

Takeaways: Effects may last 3-6 months.



Conclusions

1. Novel & BIG dataset on climate news comprising AEs and EEs.

2. Climate news shocks are very pervasive:
- FX markets,
- Intl. Equity markets &
- Current Accounts

3. An International EZ-IAM model rationalizes many of our empirical patterns.

Our Climate Attention Index is available for download at:
https://sites.google.com/view/internationalclimatenews

https://sites.google.com/view/internationalclimatenews
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Thank you!

Any comment are welcome:
mmc287@gmail.com ric@unc.edu

biao.yang@sjtu.edu.cn majo arteaga@hotmail.com



Significant βs Back



FX and CAI News: GDP- and Volume-weighted Back

(a) GDP-Weighted (b) Volume-Weighted



FX and CAI News: top-10 and top -20% Back

(c) Top 10% Days (d) Top 20% Days



FX and CAI News: the Role of β Back

(e) All Country Pairs (f) β Different at 5%



FX and CAI News: the Role of Freq. Back

(g) Monthly Data (h) Weekly Data



FX and CAI News: Additional Robustness Back

(i) Combine EU (j) Residual Betas



FX and Innovations to Local CAI. Back

∆e i ,jt,t+k = ai ,jk + bk ·
(
1
Top
i ,t − 1

Top
j ,t

)
+ εi ,jt,k .

For each country i , the local top-day dummy 1
Top
i ,t is based on the top-15% days of the

country’s local CAI.



Equity returns and World CAI: the Role of Weighting Back

(k) GDP-Weighted (l) Volume-Weighted



Equity returns and World CAI: top 10% and 20% Days Back

(m) Top 10% Days (n) Top 20% Days



Equity returns and World CAI: Additional Results Back

(o) Clustering at the country×industry×date
and firm level

(p) Residual Betas



Ratio of Pareto Weights back

I Let λ = λg = λI , a ∈ (0, 1), b > 1, γ > 1, λ ∈ (1/2, 1) and β ∈ (0, 1).

I The log-ratio of the Pareto weights at time t = 1 is equal to:

s̃1 = s̄ + β̃ · (γ − 1)︸ ︷︷ ︸
>0

·


(

(b − 1)a

1 + 2(γ − 1)λsu

)
︸ ︷︷ ︸

>0

·g −
(

(1− a)(2λ− 1)

1 + 2(γ − 1)λsu

)
︸ ︷︷ ︸

>0

·2θ

 ,
where β̃ = β(1− β), and

λSIx =
β

1 + β
(1 − λ)(2λ− 1)(1 − a) > 0

λsu = (1 − β)
{

(1 − λ)
[
2λ(1 + β) + β(2λ− 1)2(1 − a)

]
+ (2λ− 1) [1 + aβ + (1 − a)(2λ− 1)β]λSIx

}
> 0.



Exchange Rates back

I Let λ = λg = λI , a ∈ (0, 1), b > 1, γ > 1, λ ∈ (1/2, 1) and β ∈ (0, 1).

I The log-growth rate of the exchange rate at date t = 1 is equal to:

∆e1 = ∆e + λse · s̃1,

where

λse = (2λ− 1)2 · [1− 2
β

1 + β︸ ︷︷ ︸
<1/2

(1− λ)(1− a)] > 0.

I The exchange rate appreciates in response to a positive sentiment shock (g > 0)
and it depreciates in response to a positive productivity shock (θ > 0).



Net Exports back

I Let λ = λg = λI , a ∈ (0, 1), b > 1, γ > 1, λ ∈ (1/2, 1) and β ∈ (0, 1).

I Net exports of consumption and investment goods at time t = 1 are equal to:

NXC
1

X1
= −

(
1− λ
λ

)[
(exp {s̃1} − 1)

1 + (exp {s̃1} − 1)

]
NX I

1

Ix
= −

[
(2λ− 1)(1− λ)

λ

] [
(exp {s̃1} − 1)

1 + λ (exp {s̃1} − 1)

]

I Both net export functions are decreasing in (exp {s̃1} − 1).

I NX decline in response to a positive sentiment shock (g > 0) and increase in
response to a positive productivity shock (θ > 0).



Excess Returns back

I Let λ = λg = λI , a ∈ (0, 1), b > 1, γ > 1, λ ∈ (1/2, 1) and β ∈ (0, 1).

I The log-return of brown stocks in excess of green stocks at date t = 1 is equal to:

rb,1 − rg ,1 = r̄ + λsr · s̃1,

where

λsr = −2(1− λ)[λ−
(

β

1 + β

)
︸ ︷︷ ︸

<1/2

(1− λ)(2λ− 1)(1− a)] < 0.

I Excess return declines in response to a positive sentiment shock (g > 0) and it
increases in response to a positive productivity shock (θ > 0).



Equity Returns Sensitivity to CAI: Topics Back

r i,ct,t+k = αi
k + ζ i,ct,k · 1

Top
t + εi,ct,k , ζ i,ct,k = (γ0,k + (γ1,k + γ2,k · βc) · Ei,ta) +

(
κ0,k + (κ1,k + κ2,k · βc ) · Ei,ta

)
· St︸ ︷︷ ︸

topic−sensitive

,

(q) Median Transition/Physical Top Days (r) Transition Top Days

Takeaways: Transition news dominates.
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r i,ct,t+k = αi
k + ζ i,ct,k · 1

Top
t + εi,ct,k , ζ i,ct,k = (γ0,k + (γ1,k + γ2,k · βc) · Ei,ta) +

(
κ0,k + (κ1,k + κ2,k · βc ) · Ei,ta

)
· St︸ ︷︷ ︸

topic−sensitive

,

(s) Median Transition/Physical Top Days (t) Transition Top Days

Takeaways: Transition news dominates.



Equity Returns Sensitivity to CAI (in local currency) Back

Takeaways: Not just driven by the FX!



Newspapers’ coverage (non-exhaustive) Back



ND-GAIN Back



Other Associations Back

We find that our βc coefficients are associated to:
- real total GDP and population (size) +
- total emissions +
- democracy index (https://ourworldindata.org/) −
- vulnearbility to storms (https://ferdi-indicators.shinyapps.io/PVCCI/) +

https://ourworldindata.org/
https://ferdi-indicators.shinyapps.io/PVCCI/
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