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Motivation

Fund managers need to know about company’s GHG emissions

• Acknowledge the need to accelerate the transition towards net-zero

Net Zero Asset Managers initiative (NZAM): 301 signatories with USD 59 trillion in AUM

Glasgow Financial Alliance for Net Zero (GFANZ): 550+ members from 7 sector-specific net-zero alliances

• Companies with higher carbon emissions face higher regulatory and legal action risks

• Environmental factors increasingly important for investors

• Understanding emissions to evaluate environmental sustainability

Many companies do not yet report GHG emissions

• Poor quality of existing models to predict unreported GHG

Statistical learning techniques generate accurate predictions of Scope 1 and Scope 2

• Good description of data across all industries
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Scopes of Greenhouse Gas (GHG) corporate emissions

Overview of GHG Protocol scopes and emissions across the value chain

Source: Ranganathan, J., L. Corbier, P. Bhatia, S. Schmitz, P. Gage, and K. Oren. 2015. “The Greenhouse Gas Protocol: A Corporate Accounting and Reporting Standard, 

Revised Edition.” World Business Council for Sustainable Development and World Resources Institute.



4

Reported GHG corporate emissions

Most GHG corporate emissions data is either estimated or unreported

Scope 3, with 17 items, is the least reported and most difficult to estimate

Source: BNPP AM, Bloomberg, Trucost, CDP. 31 Dec 2018.
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Corporate GHG emission models

Other models

− Create one model for each industry

− Smaller data sets result in lower statistical significance

− Poor models for industries with low reporting levels

Other approaches to data quality
− Unchecked errors in input data

− Errors in data lead to less reliable models

Our model

− Create one single model with industry as a factor

− Learn carbon predictive patterns from a larger data set

− Can handle industries with lower reporting levels

Our approach to data quality

− Errors in input data checked and corrected iteratively

− Outliers checked against company reported and corrected

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. For illustration purposes only.



Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. For illustration purposes only.
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Predictors for scope 1 and 2 models
Categories  Sources Description Type

Min Median Max Units

CO2 emissions 1 1,098 9,302 Million ton

Carbon intensity of energy mix 13 81 158 tons CO2 / TJ

CO2 emissions per GDP 0.05 0.27 1.95 kg / USD
CO2 emissions per GDP @ purchasing power 

parity
0.07 0.27 0.75 kg / USD

Revenues 0.006 1,531 500,343 Million USD

Number of employees 1 5,450 2,300,000

Total assets (inc. Financials) 0.01 2,986 2,804,677 Million USD

Gross property plant and equipment 0.01 973 539,114 Million USD

Capex 0.0002 77 52,953 Million USD

Age of assets 0.001 19 99 Years

Energy production (1.8% data coverage) 0.1 27,559 653,900 GWh

Energy consumption (27.3% data coverage) 0.01 709 2,380,450 MWh

Data range in period 2010 through 2018

Industry 

Classification
Bloomberg Sectors and industries

GICS 1, 2, 3 or 4 definitions with minor adjustments based

Categorical

on a more sustainability-oriented classification

  in particular for the utilities and energy sectors

Regional 

information at 

country level

Numerical
Financial 

metrics at 

company level

FactSet, 

Refinitiv and 

Worldscope

Energy 

indicators at 

company level

Bloomberg

World Bank 

and 

International 

Energy Agency

Region
"United States and Canada", "Europe", "Asia / Pacific", 

 "Africa / Middle East" or "Latin America and Caribbean"

Revenue group
"High income", "Upper middle income", 

"Lower middle income" or "Low income"

CO2 tax regulations
"No CO2 Law", "Subnational Implemented",

 "National Implemented" or  "Regional Implemented"
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Model base learners and meta methodology

Examples: Ordinary Least Squares, Ridge Regression, Lasso Regression, Elastic Net

Choice: Elastic Net - linear regression model, avoids overfitting by reducing number of (as Lasso Regression) while minimizing size 

of coefficients (as Ridge Regression)

Pros: predictions are easy to explain from the model

Cons: not always as accurate as non-linear models

Examples: Random Forest, Extremely Randomized Trees, Gradient Boosting

Choice: Extremely Randomized Trees - a version of Random Forests with additional layer of randomness when building the 

Decision Trees, generating many random split proposals and taking the best split available instead of building a Decision Tree that 

splits observations optimally

Pros: can model more complex interactions between predictors and predictors and is often more accurate

Cons: predictions can be hard to explain

Basic Combinations

Mean Combination, Median Combination, Maximum prediction combination

Choice: Maximum prediction combination for conservatism but also because of fit better with the training data set

Linear Regression Models

Non-linear Regression Models

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. For illustration purposes only.



 Measures the accuracy of the model in sample

8

Model construction and evaluation

In sample & Out of sample

 In sample: universe of companies reporting emissions and with high data quality

 Out of sample universe of companies not reporting emissions or with poor quality data. It is used to compare model 

predictions with predictions from other models: S&P Global Trucost and Bloomberg, two data vendors

R2 for model evaluation

𝑦𝑖 = log-transformed of reported emissions of company i in the industry

ෝ𝑦𝑖 = log-transformed of predicted emissions of company i in the industry

ത𝑦 = average of log-transformed reported emissions of all reporting companies in the industry

𝑅2 = 1 −
σ 𝑦𝑖 − ෝ𝑦𝑖 ²

σ 𝑦𝑖 − ത𝑦 ²

 Log-transformed reported emissions (normal distributed) are used. Many predictors are also log-transformed.

 Multiple rounds of cross-validation performed on different partitions

 In sample data was partitioning into 80% for training, 10% for validation and 10% for testing.

 Iterative approach to detect and correct errors in data, either with reported emissions or predictors, by investigating the 

predictions that fall further from reported data at each iteration

Model training

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. For illustration purposes only.
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Cross validation

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. For illustration purposes only.

Finding 

Hyper-parameters



10

Corporate GHG emission models: in-sample

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. Data for Dec-2018. Model data calculated by end of 2019. For illustration purposes only.



11

Corporate GHG emission models: in-sample

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. Data for Dec-2018. Model data calculated by end of 2019. For illustration purposes only.
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Corporate GHG emission models: in-sample

Maximum 

Prediction 

Combination 

Extremely 

Randomized 

Trees

Elastic           

Net

Utilities 250 80% 89% 70% 21,122,718 40% 40%

Materials 547 84% 92% 78% 6,771,192 28% 67%

Energy 281 81% 88% 77% 9,046,819 19% 86%

Transportation 168 86% 94% 81% 5,230,486 7% 93%

Capital Goods 498 74% 85% 66% 689,198 3% 95%

Food Beverage & Tobacco 200 79% 89% 71% 727,153 1% 96%

Commercial & Professional Services 99 82% 85% 74% 991,566 1% 97%

Automobiles & Components 134 77% 85% 72% 451,435 0% 98%

Consumer Services 99 86% 93% 83% 523,669 0% 98%

Real Estate 256 65% 82% 55% 178,692 0% 98%

Food & Staples Retailing 57 76% 86% 64% 594,411 0% 99%

Diversified Financials 146 69% 79% 63% 202,358 0% 99%

Pharmaceuticals Biotechnology & Life Sciences 114 83% 90% 80% 215,333 0% 99%

Technology Hardware & Equipment 197 67% 78% 55% 114,656 0% 99%

Semiconductors & Semiconductor Equipment 95 68% 84% 60% 210,589 0% 99%

Household & Personal Products 42 74% 81% 66% 414,386 0% 100%

Consumer Durables & Apparel 143 59% 75% 49% 111,742 0% 100%

Retailing 120 72% 82% 68% 102,160 0% 100%

Telecommunication Services 93 77% 90% 66% 124,939 0% 100%

Banks 207 69% 85% 58% 51,071 0% 100%

Health Care Equipment & Services 89 69% 80% 68% 78,834 0% 100%

Media & Entertainment 74 75% 83% 72% 40,836 0% 100%

Software & Services 93 69% 80% 60% 25,935 0% 100%

Insurance 106 68% 85% 55% 18,320 0% 100%

R
2
 of the machine learning model for reported scope 1 emissions

R
2

Number 

of unique 

issuers

Average 

scope 1 

emissions 

(tCO2e)

Share of 

total scope 1 

emissions

Cumulative 

sum of 

share

GICS 2 Maximum 

Prediction 

Combination 

Extremely 

Randomized 

Trees

Elastic           

Net

Materials 531 76% 86% 61% 1,555,227 35% 35%

Energy 273 78% 86% 62% 1,081,211 13% 48%

Utilities 223 69% 69% 34% 997,460 9% 57%

Capital Goods 497 83% 87% 70% 308,777 7% 64%

Automobiles & Components 131 86% 88% 79% 883,613 5% 69%

Telecommunication Services 92 78% 89% 70% 1,046,732 4% 73%

Technology Hardware & Equipment 201 84% 93% 79% 443,214 4% 77%

Transportation 164 76% 94% 84% 483,537 3% 80%

Food Beverage & Tobacco 194 82% 88% 67% 390,322 3% 83%

Food & Staples Retailing 55 76% 90% 76% 1,227,244 3% 86%

Semiconductors & Semiconductor Equipment 96 77% 86% 67% 481,999 2% 88%

Consumer Services 99 86% 91% 67% 393,041 2% 90%

Retailing 122 88% 93% 78% 303,500 2% 91%

Real Estate 276 65% 92% 85% 120,302 1% 93%

Consumer Durables & Apparel 146 86% 87% 72% 220,952 1% 94%

Pharmaceuticals Biotechnology & Life Sciences 117 89% 84% 55% 265,355 1% 95%

Banks 222 78% 91% 81% 120,058 1% 96%

Household & Personal Products 44 86% 88% 81% 389,151 1% 97%

Software & Services 92 88% 95% 85% 162,513 1% 98%

Health Care Equipment & Services 89 85% 90% 85% 158,188 1% 98%

Media & Entertainment 79 83% 90% 80% 159,570 1% 99%

Diversified Financials 152 80% 83% 70% 66,254 0% 99%

Commercial & Professional Services 98 75% 83% 67% 87,704 0% 100%

Insurance 106 79% 90% 74% 54,924 0% 100%

R
2
 of the machine learning model for reported scope 2 emissions

GICS 2

Number 

of unique 

issuers

R
2 Average 

scope 2 

emissions 

(tCO2e)

Share of 

total scope 2 

emissions

Cumulative 

sum of 

share

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. Data for Dec-2018. Model data calculated by end of 2019. For illustration purposes only.

R² > 80% for emissive industries (>2 M tCO2e) R² > 75% for 22 of the 24 industries
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Corporate GHG emission models: out-of-sample

7,762 companies, 2018 

compared to Bloomberg and S&P Trucost
7,806 companies, 2018 

compared to Bloomberg and S&P Trucost

Source: Thibaut Heurtebize, Frederic Chen, François Soupé, and Raul Leote de Carvalho. The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54; 

DOI: https://doi.org/10.3905/jesg.2022.1.059. Data for Dec-2018. Model data calculated by end of 2019. Bloomberg and S&P Trucost as of end 2020. For illustration purposes only.
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Estimating contribution of predictors using SHAPley values 

Source: BNPP AM. Dec-2022. For illustration purposes only.

SHAP values are marginal contributions of predictors and calculated for each predictor

SHAP values for a specific predictor can be plotted against the predictor’s values in the dataset
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Model coverage vs data vendors

Coverage (48 429 larger issuers sample, as of August 2022)

Source : BNPP AM, Bloomberg, Trucost, Sustainalytics, MSCI, CDP. August 2022

BNPP 2022

BNPP 2022
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Conclusions

Most companies do not report their GHG emissions

• How to predict carbon emissions for companies that have yet to report?

We propose a framework based on statistical learning techniques

• Predicts scope 1 and 2 GHG emissions more accurately than existing models

• Shows high in-sample accuracy for all industries at GICS 2 level

• Uses iterative approach to detect and correct errors

Can be used to predict unreported GHG emissions with greater accuracy

The Journal of Impact and ESG Investing, Winter 2022, 3 (2) 36-54

DOI: https://doi.org/10.3905/jesg.2022.1.059

https://doi.org/10.3905/jesg.2022.1.059
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Disclaimer

BNP PARIBAS ASSET MANAGEMENT UK Limited, “the investment company”, is authorised and regulated by the Financial Conduct Authority. Registered in England No: 02474627, registered office: 5 Aldermanbury Square, 

London, England, EC2V 7BP, United Kingdom.

This material is produced for information purposes only and does not constitute:

1. an offer to buy nor a solicitation to sell, nor shall it form the basis of or be relied upon in connection with any contract or commitment whatsoever or 

2. investment advice. 

This material makes reference to certain financial instruments authorised and regulated in their jurisdiction(s) of incorporation. 
No action has been taken which would permit the public offering of the financial instrument(s) in any other jurisdiction, except as indicated in the most recent prospectus and the Key Investor Information Document (KIID) of 
the relevant financial instrument(s) where such action would be required, in particular, in the United States, to US persons (as such term is defined in Regulation S of the United States Securities Act of 1933). Prior to any 
subscription in a country in which such financial instrument(s) is/are registered, investors should verify any legal constraints or restrictions there may be in connection with the subscription, purchase, possession or sale of the 
financial instrument(s)
Investors considering subscribing to the financial instrument(s) should read carefully the most recent prospectus or offering documents and/or Key Investor Information Document (KIID) and consult the financial instrument(s’) 
most recent financial reports. These documents are available on the website.
Opinions included in this material constitute the judgement of the investment company at the time specified and may be subject to change without notice. The investment company is not obliged to update or alter the 
information or opinions contained within this material. Investors should consult their own legal and tax advisors in respect of legal, accounting, domicile and tax advice prior to investing in the financial instrument(s) in order to 
make an independent determination of the suitability and consequences of an investment therein, if permitted. Please note that different types of investments, if contained within this material, involve varying degrees of risk 
and there can be no assurance that any specific investment may either be suitable, appropriate or profitable for an investor’s investment portfolio.
Given the economic and market risks, there can be no assurance that the financial instrument(s) will achieve its/their investment objectives. Returns may be affected by, amongst other things, investment strategies or 
objectives of the financial instrument(s) and material market and economic conditions, including interest rates, market terms and general market conditions. The different strategies applied to financial instruments may have a 
significant effect on the results presented in this material. Past performance is not a guide to future performance and the value of the investments in financial instrument(s) may go down as well as up. Investors may not get 
back the amount they originally invested.
Gross of fees performance included in this material do not reflect the deduction of commission, fees and other expenses incurred. Returns will be reduced after the deduction of such fees. 
This document is directed only at person(s) who have professional experience in matters relating to investments (“relevant persons”). Any investment or investment activity to which this document relates is available only to 
and will be engaged in only with Professional Clients as defined in the rules of the Financial Conduct Authority. Any person who is not a relevant person should not act or rely on this document or any of its contents. 
All information referred to in the present document is available on www.bnpparibas-am.com

As at 04 2022

http://www.bnpparibas-am.com/
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