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Methods

Literature Review
● Companies often prioritize proﬁts over social
responsibility
○ 100 companies have been responsible for
71% of the global greenhouse gas
emissions since 1998 (Carbon Majors
Database).
● ESG, or Environmental Social Governance, is
a commonly used metric that measures the
sustainability and societal impact of a
company’s practices
○ Measures areas like diversity, emissions,
corruption, etc (MCSI, S&P Global, Figure 1)
○ ESG ratings incentivize corporations to
rectify bad practices by inﬂuencing public
perception, government regulation, credit
ratings, investor capital
● At the moment, It is determined from
self-reported ﬁlings, so companies often
portray themselves in an artiﬁcially positive
light
○ This leads to complex and inconsistent
evaluation between different rating
organizations who each employ distinct
subjective frameworks (Kotsantonis et al)
○ Correlation among 6 prominent ESG rating
agencies is 0.54 (In comparison,
mainstream credit ratings are correlated
at 0.99) (Berg et. al)
● Divergence & Imprecision in ratings hamper
motivation to improve ESG because there
are mixed signals about what to focus on
and what is valued in the industry
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Data Collection

NLP Analysis

Conclusions
Machine Learning
Algorithm

Step 1: Data Mining
● Web scraping and Social Network Analysis can be used to identify trends
(Gloor et al)
○ Web data can provide unbiased information pertaining to a company, while
covering different spheres of company activity
● Used Selenium, Beautiful Soup, and public APIs to collect unstructured data
from networks such as Twitter, LinkedIn, News, Wikipedia, Reddit, Glassdoor, etc
● Used keyword-search algorithms to collect data pertaining to relevant ESG
sub-topics (Figure 3)
● Analyzed S&P 500 companies (Excluding Real Estate): ~470 total companies
● Tried collecting 100 posts/articles across 5 different social networks for 19 total
sub-categories
● Used RegEx to clean and reformat data into CSV for NLP analysis

Cohesive ESG
rating

Environment: environment, carbon,
climate,a emission, pollution,
sustainability
Social: social, community, discrimination,
diversity, human rights, labor
Governance: governance, compensation,
corruption, ethical, fraud, justice,
transparency
Figure 3: Keywords/Topics used
for data collection

Improvements for Future Research

Step 2: NLP Analysis
● Used keyword detection and Named Entity Recognition to ﬁlter ESG irrelevant
data
● Created 2 NLP algorithms to numerically score whether text data indicated
ESG positive or ESG negative:
○ Short-post NLP algorithm is for Twitter, LinkedIn Posts
○ Long-article NLP algorithm is for News & Wikipedia
● Short-post algorithm used sentiment analysis; compared various libraries
and algorithms such as: TextBlob, VADER, FastText, Flair(Figure 5)
○ Found that algorithms such as Flair which incorporated contextual string
embeddings (Figure 4) outperformed the rest
○ Flair had an F1 score of 49.90% when asked to classify sentiment from 1-5 on
the Stanford Sentiment Treebank (Akbik et al, Rao et al)
● Long-article algorithm is essentially the short-post algorithm but averaged
across all relevant body paragraphs in an article
● Optimized these umbrella algorithms further for each social network (i.e.,
incorporated sarcasm analysis within Twitter to avoid false positives,
analyzed author proﬁle of a LinkedIn post to eliminate self-reporting)

Figure 4: Diagram explaining Flair
contextual String embeddings

Figure 1: FTSE ESG evaluation
framework

Figure 2: Correlation between
MSCI and FTSE ESG scores

● Process unfairly beneﬁts larger corporations
who have the means to embellish ESG data
as well as “pick” ESG ratings by publishing
the highest score (Drempetic et al)

● Analyze more companies (currently
analyzing ~470, but more companies would
increase Machine Learning accuracy)
● Add more keywords and features
● Improve ESG relevancy classiﬁcation by
using TF-IDF vectorization
● Optimize long-article and short-post
algorithms by creating a classiﬁer
speciﬁcally tailored to ESG rather than
general sentiment
● Test more machine-learning/deep-learning
approaches to further increase accuracy

Implications
Figure 5: Comparison of accuracy of
different sentiment analysis algorithms on
SST-5 database

Step 3: Machine Learning Algorithms
● Trained supervised machine learning algorithms such as Random Forest
Regression, Support Vector Regression (SVR), K-Nearest Neighbor Regression
(KNN), and XGBoost Regression to quantitatively evaluate ESG
● Used S&P Global ESG scores as a ground truth
● Implemented optimization techniques such as data augmentation via
Synthetic Minority (Figure 6), Over-sampling Technique (SMOTE),
regularization, etc to overcome challenges caused by limited data availability
as well as avoid overﬁtting
● Obtained results using an 80%-20% train-test split

● The XGBoost Algorithm has the strongest
results with an R2 correlation of 0.23 (P-value
of 0.022) and a MAAE of 13.1%
○ Only algorithm that exceeds all criteria,
since the other ones do not have
statistically signiﬁcant correlation
● Well calibrated to existing solutions that it
can be implemented into a commercial
setting
● Data-driven aspect gives an unparalleled
degree of precision and systemization
amongst all companies
● The use of social networks as opposed to
self-reported ﬁlings allows for a more
holistic and balanced approach

Figure 6: Diagram explaining Synthetic
Minority Over-sampling (SMOTE) for data
augmentation

Results

● Can standardize ESG evaluation for all by
incorporating social network analysis for
more balanced, unbiased, and objective
results
● A more accurate ESG standard an inﬂuence
companies to adapt their practices to be
more responsible and sustainable
● Can evaluate ESG of small companies who
do not have analyst coverage, which can
help socially responsible ﬁrms prevail
● Can rewire over $6.1 trillion worth of capital
to more sustainable and ethical initiatives
(Reuters)

Problem Statement
● The purpose of this research is to create a
more precise ESG rating system that
eliminates bias by giving a more
holistic/accurate analysis of company
practices
● To do this, machine learning algorithms
were created using social network data,
rather than self-reported ﬁlings, to more
objectively quantify ESG
● This, in turn, can increase the prevalence of
ESG and inﬂuence company practices to be
more socially responsible
● Criteria: The project is considered viable if it
has a statistically signiﬁcant correlation
with current ESG ratings as well as a Mean
Absolute Average Error (MAAE) <20%. This
ensures the program is well calibrated with
current ratings
● Constrains: Potential Constraints might
include obtaining access to high volumes of
data, availability of computational
resources, and overall the complexity of
such a large scale project
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