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1Background

◼ “Climate change is a global challenge and could have a broad impact 
on our society and economic activity into the future.”

- BOJ’s Strategy on Climate Change

◼ Economists in central banks are focusing on how climate change will 
affect financial markets and macro-economy.

◼ Some researches used traditional text analysis to capture climate-
related risk from newspaper and creating climate index using the NLP 
methods.

Engle et al. [2020], Pastor et al. [2022], Faccini et al. [2023], Hiraki et al. [2025]



2Overview and Contribution

◼ In this research, we process detailed “Climate Narrative Index” 
between two subtopics to capture how the narratives on climate 
policy has formed and expanded in Japan.

➢ We proposed a method to analyze cause-effect relationship in text      
data (we call it “economic narrative”), using two NLP techniques,        
(1) BERT and (2) causal extraction. 

(1)BERT (Bidirectional Encoder Representations from Transformers) is         
a Deep Learning based language model by Google, and it can learn 
the sentence structure and context in a text.

(2)We also use another NLP, “Causal Extraction” (Sakaji et al. [2008]). 
This method is an algorithm based on linguistic knowledge.

➢ This research focuses on climate narratives. We analyze the 
newspapers on climate addressing by using the NLP methods 
above, and index/visualize climate narratives. 



3Data

【 Nikkei newspaper (morning edition, weekdays only) 】

➢Period: January 2000 - November 2021

➢17,000 climate change-related articles* in Japanese
*containing at least one of the words "climate change," "global warming,"

or "greenhouse effect.

◼ 40 topics (classification tags) are the target of this analysis.
【Politics】 【Economics】 【Society】

1 New business 11 Governance 21 Party 28 Monetary policy 35 Weapon

2 M&A 12 Labour 22 Regulation 29 Inflation 36 Disaster

3 Business strategy 13 Name change 23 Fiscal policy 30 Business cycle 37 Trial

4 Price strategy 14 Wage 24 Energy policy 31Finacial market 38 Energy probrem

5 Production strategy 15 Finance 25 Seculity 32 Foreign Exchange
39 Environmental  

probrem

6 Cost reduction 16 Performance 26 Summit 33 Bond 40 Consumer trend

7 Supply chain 17 Sales 27 Social seculity 34 Renewable energy

8 Patent 18 Price

9 R&D 19 Market share

10 Investment 20 Hot selling

【Corporate】



4Methodology for Extracting Climate Narratives
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5BERT (Bidirectional Encoder Representations from Transformers)

Devlin et al. [2019]

Trained and fine-tuned by Google 
for treating basic linguistic problems

(public source)

More Fine-tuned for 
classification of climate 

news by topics
(specific purpose)



6Results of the “OLYMPIC” Classification Model

◼ In the classification for Olympic article as an example, BERT is slightly 
better than other models.



7Basic analysis (Topic based index using only BERT)

◼ Topic based index increased through 2008 to 2010 (in Toya-ko Summit, 
Copenhagen Accord) and in 2015(the Paris Agreement). 

◼ In recent years (since 2018), many topics show a surge, including micro 
developments such as corporate strategy.

⇒ High correlation among topics. It is not clear how climate narratives are linked across topics. 



8Causal extraction: The second NLP for finding causality

Step.1 Causality Determination

◼ Determine whether or not the input sentence contains a causal relationship (a 
causal sentence).

Step.2 Causality Extraction

◼ Extract “cause and effect expressions” from causal sentences that contain causal 
relations picked up in Step1.

◼ This method analyzes syntactic patterns based on dependency parsing in linguistic 
knowledge.

[Sakaji et al. 2017]

[Sakaji et al. 2008]

➢ We focus on linguistic causal-effect relationship and consider the 
causal relationships in newspaper as economic narratives by using 
causal extraction.
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In response to the government’s move to tighten regulations,
corporates are begging to incorporate climate change 
addressing into their corporate strategies.

High cosine similarity (similar information)

Example of Climate Narrative (from Regulation to Corporate topic)

Causal sentence 1 on Environmental Regulation in Jan 2016 

Causal sentence 2 on Corporate Strategy in Feb 2017 

With Paris agreement agreed to in 2015, climate change policies 
are being discussed around the word. 
As a result, the Japanese government plans to strengthen the 
environment to promote decarbonization policies.

We observe a climate narrative from Regulation to Corporate in Feb 2017.   
If there are many narratives in Feb 2017, this narrative is a hot topic at this point. 



10Generalization

Combine a pair of “Causal event‘s effect expression” 
and ”effect expression‘s causal expression”: A result 
relates Topic B  is caused by some event relates Topic A.

Subsequent 
causal information 

(present)

Prior causal information
(past)

High cosine similarity

Causal Event (Topic A)

Causal expression ⇒ Effect expression

Effect Event (Topic B)

Causal expression ⇒ Effect expression



11Indexing Economic Narratives

◼ Links between Cause（Ԧ𝑖𝑡−𝑑）<past information from t time to d days ago> and Effect（Ԧ𝑗𝑡）
 <information as of time t> are calculated based on the cosine similarity (how close the
textual information is in content) of the causal chain and sum it by month. 

*Old causal chains are depreciated according to elapsed time to eliminate the bias that the
latest news has more links to the past (weights are halved after 5 years based on the logistic
function) in (1). Count all links with 𝒄𝒐𝒔( Ԧ𝒊𝒕−𝒅・Ԧ𝒋𝒕) ≥0.7 (strong causality) in (2).



12Climate indexes (International discussion ⇒ each topics)
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◼ Strong links to many topics from international conferences on climate change,
environmental policy, and energy policy.
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_

■ Strong connections on a wide range of topics from international conferences on climate
change, environmental policy and energy policy. Connections have emerged in business-
related issues, monetary policy, inflation and natural disasters.
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16Main Result

◼ The climate narratives suggest that only governments played a 
major role in the discussion of international regulations for carbon 
neutrality in the post-Kyoto period, or before the Paris Agreement.

◼ In recent years, climate change has become a hot topic not only in 
international and domestic regulations, but also in corporate 
strategy, green finance and big issues, and as a major issue for 
central banks since 2018.

◼ These developments could be related to the growing awareness of 
transition risk and physical risk in Japan.



17Discussions

➢ Is climate narrative from causal sentence statistical causality?

✓ Newspaper could contain noisy or incorrect information due to the 
misunderstanding of the article writers. 

✓ Empirical analysis of market data using climate narrative indexes is 
the next step ( like Engle et al. [2020], Faccini et al. [2023]).

➢ A possible next topic: how central bank narratives about climate risk 
have affected the behavior of other economic entities?

“An economic narrative is a contagious story that can change how 
people make economic decisions” (Shiller [2020]). 
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