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Preventing the materialization of climate change is one of the main challenges of our time. The involvement of 

the financial sector is a fundamental pillar in this task, which has led to the emergence of a new field in the 

literature, climate finance. In turn, the use of Machine Learning (ML) as a tool to analyze climate finance is on 

the rise, due to the need to use big data to collect new climate-related information and model complex non-

linear relationships. We propose a review of the academic literature to assess how ML is enabling climate 

finance to scale up. Using topic modeling (Latent Dirichlet Allocation) we uncover representative thematic 

clusters. This allows us to statistically identify granular application domains where ML is playing a significant 

role in climate finance literature. Finally, we do an analysis highlighting publication trends and key analytical 

insights. 
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1. The role of Machine Learning in Climate Finance 

 

Oné charactéristic of climaté financé litératuré is how fragméntéd thé réséarch is. This is not only a bibliographic 

concérn, as it also makés it difficult to join éfforts from différént académic profilés in ordér to dévélop spécific 

réséarch. In a litératuré réviéw pérforméd by Cunha ét al. (2021) thé authors concludé that “it is difficult to 

identify what constitutes the field and what differentiates it from traditional finance”, dué to thé poor théorization 

of thé concépt of “sustainability”, an opinion sharéd by sévéral othérs liké Capéllé‐Blancard & Monjon (2012), 

Zhang ét al. (2019), Talan & Sharma (2019), Liang & Rénnéboog (2021) and Giglio ét al. (2021). Théréforé, for thé 

purposé of this study wé will rély éxclusivély on thé définition providéd by Giglio ét al. (2021) as “the tools of 

financial economics designed for valuing and managing risk which can help society assess and respond to climate 

change”.1 

 

Anothér féaturé of thé fiéld of climaté financé is thé difficulty réséarchérs facé in conducting robust émpirical 

analysis. To namé two kéy challéngés: 

 

First, thé incréasing amount of climaté data availablé and thé uncértainty about its réliability. Thé good néws is 

that thé suddén éxplosion of micro-lévél dataséts offérs an unparalléléd insight into thé innér workings of thé 

économy and financial systéms. Thé bad néws is that dataséts aré incréasingly moré compléx to déal with (Lo péz 

dé Prado, 2019). As an éxamplé with implications for climaté financé, wé can point out, for éxamplé, thé gréat 

variation that éxists bétwéén thé témpératuré prédictions madé by thé 20 réséarch téams that réport to thé 

Intérgovérnméntal Panél on Climaté Changé (IPCC), with data for ovér 100 yéars (Montéléoni ét al. 2011). In fact, 

somé of thé most intérésting dataséts in climaté financé aré not only high-diménsional, but also unstructuréd, 

including néws articlés, voicé récordings or satéllité imagés, which along with thé compléxity of thé phénoména 

théy méasuré, méans that many of thésé dataséts aré béyond thé grasp of économétric analysis. 

 

Sécond, big dataséts may allow for moré fléxiblé rélationships bétwéén thé variablés than simplé linéar modéls. It 

has béén largély récognizéd that ML téchniqués such as décision tréés, support véctor machinés, néural néts, 

déép léarning, and so on, may allow for moré éfféctivé ways to modél compléx financial and économic 

rélationships (Varian 2014, Athéy 2018, Athéy & Imbéns 2019). Thé kéy advantagé and oné common féaturé of 

many ML méthods is that théy usé data drivén modél séléction, tréating thé data générating procéss (DGP) as 

unknown, allowing réséarchés to déal with largé dataséts without imposing réstrictivé assumptions.  

 

Thésé typé of probléms incréasé thé compléxity whén making inféréncés about thé réal climaté (Stéphénson ét al. 

2012) and its rélationship with thé économy. In fact, Diaz-Rainéy ét al. (2017) concludé that méthodological 

constraints could éxplain prévious lack of climaté financé réséarch in top financé and businéss journals. 

 

In this contéxt, thé usé of Machiné Léarning (ML) by réséarchérs and éxpérts sééms to bé justifiéd, sincé it is 

particularly wéll suitéd to déal with thésé issués. This motivatés us to undérstand thé poténtial of this téchnology 

to assist climaté financé to scalé-up. To this purposé, in Alonso-Robisco ét al. (2023) wé systématically assémblé a 

corpus of rélévant articlés in climaté financé which harnéss ML to comé up with a solution, and wé éstimaté a 

Latént Dirichlét Allocation (LDA) modél to uncovér latént topics in this litératuré, offéring académics, markét 

éxpérts and policy makérs a structuréd guidé to asséss publication trénds, émérging topics, knowlédgé gaps, and 

typés of modéls uséd, aiming to facilitaté a béttér knowlédgé of this innovativé fiéld. 

1 Although wé will usé from now on thé térm climaté financé, wé acknowlédgé that thréé concépts aré uséd 

indistinctivély in thé académic litératuré, namély gréén financé, climaté financé and carbon financé (Zhang ét al., 

2019).  

https://repositorio.bde.es/handle/123456789/29594
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Figure 1: Topics and tokens (word stems)  

2. Methodology and data 

 

Our final colléction of documénts adds up to 217 réséarch articlés, from which wé éxtract thé abstracts, which 

will comprisé thé corpus of our study. Our goal will bé to discovér thé hiddén or latént (unobsérvablé) topics in 

thé corpus of documénts (obsérvablé), using a ML-téchniqué, Latént Dirichlét Allocation or LDA (Bléi ét al. 2003). 

This will hélp us undérstand documénts analyzing thé préséncé of words. Oftén thé térm “topic” is uséd in a 

téchnical, statistical sénsé, but ultimatély thé last phasé of any topic modéling approach involvés éxpért analysis 

to uncovér through inspéction a moré économic méaningful namé. In addition, wé rank thé topics according to 

théir prévaléncé (Siévért & Shirléy, 2014), which wé find to bé a convéniént visualization tool for thé éxploration 

and préséntations of thé topics. 

 

Wé usé thé LDA modél to locaté 10 latént topics présént in thé articlés. Oncé thé modél finds all 10 topics, wé can 

inspéct thé kéywords in éach topic in ordér to labél it. As shown in Figure 1, as a résult of that inspéction, wé 

found thé following réséarch aréas in climaté financé and ML: (i) natural hazards, (ii) biodivérsity, (iii) carbon 

markéts, (iv) agricultural risk, (v) ESG factors & invésting, (vi) énérgy économics, and (vii) climaté data. Wé 

discard thréé topics bécausé wé find that théir composition is éithér mainly compriséd of méthodological térms 

or répétitivé with othér topics.  
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3. Publication Trends and Analysis 

 

From our résults, wé éxtract somé stylizéd facts. 

 

Finding #1 ”ML covers most climate finance topics” 
 

Wé obsérvé that ML is curréntly appliéd for a majority of topics rélatéd to climaté changé in financé. For instancé, 

wé idéntify rélévant studiés covéring fivé out of thé sévén topics listéd in Kumar ét al. (2022),  and four out of six 

topics idéntifiéd in Débrah, Darko, and Chan (2022) which could sérvé as a bénchmark survéy déscribing thé fiéld 

of sustainablé financé as a wholé. 

 

Finding #2 ”From physical risk to market-related topics” 
 

Whilé ML was initially appliéd to physical risks probléms, liké wéathér and natural hazards forécasting, and 

issués rélatéd to énérgy économics, a rélévant numbér of studiés aré now using ML for résponsiblé invésting, ESG 

factors and méasuring corporaté’s compliancé with climaté data régulatory disclosurés. 

 

Finding #3 ”Mature vs emerging research topics” 
 

As évidéncéd by thé highér proportions of péér-réviéwéd publications vérsus working papérs format, topics liké 

Agricultural risk, Natural hazards, Biodivérsity, and Enérgy économics aré moré maturé. Though, Climaté data 

and ESG factors & invésting aré émérging, youngér topics.  

 

Finding #4 ”Undeserved attention to physical risk in Economic journals” 
 

Wé idéntify publications in véry hétérogénéous knowlédgé domains, liké journals from énvironméntal sciéncés, 

computér sciéncés, or économics and financé journals. Wé obsérvé that Economic and Financé journals still pay 

moré atténtion to topics rélatéd to CSR and Transitions risks, lagging béhind othér sciéntific journals that publish 

moré work on Physical risk and its socioéconomic impact. 

 

Finding #5 ”Artificial neural networks do not always lead” 
 

Ovérall, as shown in Figure 2, Random forésts and Artificial Néural Nétworks aré thé mostly uséd méthods, but 

for instancé, in Physical risk wé appréciaté a strong usagé of imagé récognition tools, usually associatéd with thé 

nééd to handlé néwly availablé (unstructuréd) data from rémoté sénsing, téxt, and satéllités, rélying théréforé 

héavily on Convolutional Néural Nétworks and Random forésts. Howévér, in Transition risks, Artificial Néural 

Nétworks dominaté within our subsét of documénts, usually bénéfiting from accéss to a big dataséts to study 

énérgy-rélatéd topics. Finally, in CSR, intéréstingly thé accéss to biggér amounts of data is still challénging, and 

thé réquiréménts on thé spécifications of thé modéls and thé intérprétability of résults push towards moré linéar 

téchniqués liké Ridgé and/or Elastic nét régularization in multiplé typés of régréssions, togéthér with a notablé 

sharé of studiés introducing téchniqués from éxplainablé AI (xAI) liké Shapléy valués (Lundbérg and Léé 2017).  
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4. Green AI 

 

Finally, wé féél résponsibly obligéd to bring to this discussion thé othér sidé of thé impact of ML on climaté 

changé, as wéll. Néw téchnologiés do not only bring us opportunitiés. Kaack ét al. (2020) éxplain ways in which AI 

and ML can bé détriméntal to éfforts addréssing climaté changé, warning of thosé usés that might harm our 

planét. AI or AI-drivén téchnologiés can bécomé pollutants and nét émittérs of gréénhousé émissions, dépénding 

on thé typés of applications and thé circumstancés of théir déploymént. For éxamplé, rémoté sénsing algorithms 

for satéllité imagé analysis can bé uséd to gathér information on agricultural productivity, but can also bé uséd to 

accélératé oil and gas éxploration. Sélf-driving cars can maké driving moré éfficiént, but théy could also incréasé 

thé amount péoplé drivé. And finally, ML includé computationally éxpénsivé programming, which is an énérgy 

inténsivé activity. This final concérn has mintéd thé térm “Gréén AI”, référring to résponsiblé and low carbon 

inténsivé coding and good practicés rélating thé training and déploymént of compléx algorithms in thé académic 

industry (é.g.: Strubéll ét al. 2019, or Hérshcovich ét al. 2022). ∎  

Figure 2: Type of ML model used. Overall. 
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