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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

One characteristic of climate finance literature is how fragmented the research is. This is not only a bibliographic
concern, as it also makes it difficult to join efforts from different academic profiles in order to develop specific
research. In a literature review performed by Cunha et al. (2021) the authors conclude that “it is difficult to
identify what constitutes the field and what differentiates it from traditional finance”, due to the poor theorization
of the concept of “sustainability”, an opinion shared by several others like Capelle-Blancard & Monjon (2012),
Zhang et al. (2019), Talan & Sharma (2019), Liang & Renneboog (2021) and Giglio et al. (2021). Therefore, for the
purpose of this study we will rely exclusively on the definition provided by Giglio et al. (2021) as “the tools of
financial economics designed for valuing and managing risk which can help society assess and respond to climate
change”

Another feature of the field of climate finance is the difficulty researchers face in conducting robust empirical
analysis. To name two key challenges:

First, the increasing amount of climate data available and the uncertainty about its reliability. The good news is
that the sudden explosion of micro-level datasets offers an unparalleled insight into the inner workings of the
economy and financial systems. The bad news is that datasets are increasingly more complex to deal with (Lopez
de Prado, 2019). As an example with implications for climate finance, we can point out, for example, the great
variation that exists between the temperature predictions made by the 20 research teams that report to the
Intergovernmental Panel on Climate Change (IPCC), with data for over 100 years (Monteleoni et al. 2011). In fact,
some of the most interesting datasets in climate finance are not only high-dimensional, but also unstructured,
including news articles, voice recordings or satellite images, which along with the complexity of the phenomena
they measure, means that many of these datasets are beyond the grasp of econometric analysis.

Second, big datasets may allow for more flexible relationships between the variables than simple linear models. It
has been largely recognized that ML techniques such as decision trees, support vector machines, neural nets,
deep learning, and so on, may allow for more effective ways to model complex financial and economic
relationships (Varian 2014, Athey 2018, Athey & Imbens 2019). The key advantage and one common feature of
many ML methods is that they use data driven model selection, treating the data generating process (DGP) as
unknown, allowing researches to deal with large datasets without imposing restrictive assumptions.

These type of problems increase the complexity when making inferences about the real climate (Stephenson et al.
2012) and its relationship with the economy. In fact, Diaz-Rainey et al. (2017) conclude that methodological
constraints could explain previous lack of climate finance research in top finance and business journals.

In this context, the use of Machine Learning (ML) by researchers and experts seems to be justified, since it is
particularly well suited to deal with these issues. This motivates us to understand the potential of this technology
to assist climate finance to scale-up. To this purpose, in Alonso-Robisco et al. (2023) we systematically assemble a
corpus of relevant articles in climate finance which harness ML to come up with a solution, and we estimate a
Latent Dirichlet Allocation (LDA) model to uncover latent topics in this literature, offering academics, market
experts and policy makers a structured guide to assess publication trends, emerging topics, knowledge gaps, and
types of models used, aiming to facilitate a better knowledge of this innovative field.

1 Although we will use from now on the term climate finance, we acknowledge that three concepts are used
indistinctively in the academic literature, namely green finance, climate finance and carbon finance (Zhang et al,,
2019).
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2. Methodology and data

Our final collection of documents adds up to 217 research articles, from which we extract the abstracts, which
will comprise the corpus of our study. Our goal will be to discover the hidden or latent (unobservable) topics in
the corpus of documents (observable), using a ML-technique, Latent Dirichlet Allocation or LDA (Blei et al. 2003).
This will help us understand documents analyzing the presence of words. Often the term “topic” is used in a
technical, statistical sense, but ultimately the last phase of any topic modeling approach involves expert analysis
to uncover through inspection a more economic meaningful name. In addition, we rank the topics according to
their prevalence (Sievert & Shirley, 2014), which we find to be a convenient visualization tool for the exploration
and presentations of the topics.

We use the LDA model to locate 10 latent topics present in the articles. Once the model finds all 10 topics, we can
inspect the keywords in each topic in order to label it. As shown in Figure 1, as a result of that inspection, we
found the following research areas in climate finance and ML: (i) natural hazards, (ii) biodiversity, (iii) carbon
markets, (iv) agricultural risk, (v) ESG factors & investing, (vi) energy economics, and (vii) climate data. We
discard three topics because we find that their composition is either mainly comprised of methodological terms
or repetitive with other topics.

Figure 1: Topics and tokens (word stems)

LDA Topic 1 2 3 4 5
Probability Probability Probability Probability Probability
Tokens of token Tokens of token Tokens of token Tokens of token Tokens of token
activ 0.026 risk 0.026 sustain 0.018 biodivers 0.012 carbon 0.028
csr 0.017 flood 0.023 chang 0.011 financi 0.012 soil 0.024
valu 0.012 algorithm 0.012 studi 0.01 green 0.011 invest 0.016
flood 0.01 predict 0.011 method 0.009 base 0.011 predict 0.011
storag 0.01 price 0.01 financ 0.009 develop 0.01 power 0.011
correl 0.01 term 0.009 polici 0.009 invest 0.01 polici 0.011
corpor 0.01 differ 0.007 research 0.008 resourc 0.01 emiss 0.01
signific 0.01 impact 0.007 topic 0.008 cost 0.009 studi 0.01
avail 0.009 provid 0.007 inform 0.008 consery 0.008 result 0.009
base 0.009 studi 0.007 train 0.008 research 0.008 forecast 0.009
Econ. Label *discarded™ Natural hazards *discarded® Biodiversity *discarded®
LDA Topic [ 7 8 9 10
Probabilit Probabilit Probabilit Probabili Probabili
Tokens of token ¥ Tokens of token ¥ Tokens of token Y Tokens of toke nh,r Tokens of tnkentv
carbon 0.026 chang 0.027 esg 0.07 energi 0.03 compani 0.02
price 0.023 crop 0.024 invest 0.024 predict 0.019 corpor 0.019
market 0.02 yield 0.019 rat 0.022 emiss 0.016 report 0.018
emiss 0.018 futur 0.014 social 0.021 carbon 0.015 financi 0.018
firm 0.016 agricultur 0.013 portfolio 0.021 farest 0.012 disclosur 0.017
green 0.015 adapt 0.011 compani 0.013 result 0.01 csr 0.016
financ 0.013 product 0.011 perform 0.013 chang 0.009 perform 0.014
paper 0.012 hybrid 0.011 stock 0.013 use 0.008 risk 0.013
stock 0.01 project 0.01 risk 0.012 random 0.008 relat 0.012
sector 0.01 suitabl 0.01 score 0.012 impact 0.008 environment  0.011
Econ. Label Carbon markets Agricultural risk ESG factors & investing Energy economics Climate data
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3. Publication Trends and Analysis
From our results, we extract some stylized facts.

Finding #1 "ML covers most climate finance topics”

We observe that ML is currently applied for a majority of topics related to climate change in finance. For instance,
we identify relevant studies covering five out of the seven topics listed in Kumar et al. (2022), and four out of six
topics identified in Debrah, Darko, and Chan (2022) which could serve as a benchmark survey describing the field
of sustainable finance as a whole.

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

While ML was initially applied to physical risks problems, like weather and natural hazards forecasting, and
issues related to energy economics, a relevant number of studies are now using ML for responsible investing, ESG
factors and measuring corporate’s compliance with climate data regulatory disclosures.

Finding #3 "Mature vs emerging research topics”

As evidenced by the higher proportions of peer-reviewed publications versus working papers format, topics like
Agricultural risk, Natural hazards, Biodiversity, and Energy economics are more mature. Though, Climate data
and ESG factors & investing are emerging, younger topics.

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

We identify publications in very heterogeneous knowledge domains, like journals from environmental sciences,
computer sciences, or economics and finance journals. We observe that Economic and Finance journals still pay
more attention to topics related to CSR and Transitions risks, lagging behind other scientific journals that publish
more work on Physical risk and its socioeconomic impact.

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

Overall, as shown in Figure 2, Random forests and Artificial Neural Networks are the mostly used methods, but
for instance, in Physical risk we appreciate a strong usage of image recognition tools, usually associated with the
need to handle newly available (unstructured) data from remote sensing, text, and satellites, relying therefore
heavily on Convolutional Neural Networks and Random forests. However, in Transition risks, Artificial Neural
Networks dominate within our subset of documents, usually benefiting from access to a big datasets to study
energy-related topics. Finally, in CSR, interestingly the access to bigger amounts of data is still challenging, and
the requirements on the specifications of the models and the interpretability of results push towards more linear
techniques like Ridge and/or Elastic net regularization in multiple types of regressions, together with a notable
share of studies introducing techniques from explainable Al (xAl) like Shapley values (Lundberg and Lee 2017).
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Machine Learning Methods in Climate Finance: a Systematic Review

Figure 2: Type of ML model used. Overall.

4. Green Al

Finally, we feel responsibly obliged to bring to this discussion the other side of the impact of ML on climate
change, as well. New technologies do not only bring us opportunities. Kaack et al. (2020) explain ways in which Al
and ML can be detrimental to efforts addressing climate change, warning of those uses that might harm our
planet. Al or Al-driven technologies can become pollutants and net emitters of greenhouse emissions, depending
on the types of applications and the circumstances of their deployment. For example, remote sensing algorithms
for satellite image analysis can be used to gather information on agricultural productivity, but can also be used to
accelerate oil and gas exploration. Self-driving cars can make driving more efficient, but they could also increase
the amount people drive. And finally, ML include computationally expensive programming, which is an energy
intensive activity. This final concern has minted the term “Green Al”, referring to responsible and low carbon
intensive coding and good practices relating the training and deployment of complex algorithms in the academic
industry (e.g.: Strubell et al. 2019, or Hershcovich et al. 2022).
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