IBMRD's Journal of Management & Research  Volume 14, Issue 2, September 2025 ISSN: 2277-7830 (P) | 2348-5922 (0)

The Role of Artificial Intelligence in ESG Investment Decision-Making

Prof. Shubham Munde'

' Assistant Professor, Dr D Y Patil School of Management, Lohegaon, Pune.
Prof. Avishkar Naikade’

? Assistant Professor, Dr D Y Patil School of Management, Lohegaon, Pune.

Abstract:

Environmental, social, and governance (ESG) investing has become a cornerstone of sustainable and
ethical finance in recent years. Investment strategies are changing to include ESG considerations in
addition to conventional financial indicators as global stakeholders place a greater emphasis on
sustainability, ethical governance, and social responsibility. However, the fragmented, unstructured,
and non-standardized nature of ESG data presents a significant obstacle to ESG investing. Because
of this, it is challenging for analysts and investors to glean valuable insights and use traditional
techniques to make well-informed decisions.

This study examines how Artificial Intelligence (Al) is revolutionizing the process of making ESG
investment decisions. It focuses on how Al-powered tools improve the effectiveness, precision, and
consistency of ESG assessments. Natural Language Processing (NLP), machine learning (ML), and
predictive analytics are examples of Al technologies that can be incorporated into investment
processes to enhance sentiment analysis, portfolio optimization, and ESG risk assessment.

The research will utilize a mixed-methods design that integrates quantitative and qualitative data
from a variety of sources that ESG rating agencies (e.g., e.g., MSCI, Sustainalytics), companies
sustainability reports, news articles, and financial platforms. Al applications will consist of Python
programming, Bl dashboards, and NLP-based sentiment scoring to measure the ESG performance of
the selected sample (50-100 global companies) during the period of 2020-2024. Through applying
Al to process a high volume of structured and unstructured forms of data as well as allowing for
hidden ESG risks to be uncovered, Al will generate real-time dynamic ESG scores.

The findings reveal that Al significantly improves the quality and timeliness of ESG analysis. NLP
models are able to detect ESG-related sentiment and controversies from media and social platforms
more effectively than traditional screening methods. Machine learning algorithms identify patterns
and predict ESG score changes based on historical and alternative data sources. Portfolios
constructed with Al-assisted ESG screening tools demonstrate stronger alignment with sustainability
goals and show marginal improvements in risk-adjusted returns compared to traditional ESG
portfolios.

Additionally, the research highlights Al’s critical role in combating greenwashing by cross-verifying
corporate ESG claims with external evidence. By providing more objective, scalable, and real-time
analysis, Al empowers investors to make more responsible, transparent, and data-driven decisions.
However, the study also acknowledges key limitations, including potential bias in Al training data,
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model transparency issues, and ethical concerns regarding the automated interpretation of socially
sensitive topics.

In conclusion, this research underscores that Al is not merely a technological enhancement but a
strategic enabler for ESG investing. It enhances data quality, accelerates decision-making, and
supports sustainable financial outcomes. The study suggests that the future of ESG investing lies in
the careful integration of Al with human judgment, requlatory standards, and ethical considerations,
paving the way for more resilient and responsible investment ecosystems.

1. Introduction

Recently, Environmental, Social, and Governance (ESG) investing changed from a specialized activity
to a widely adopted financial strategy. With urgent global issues like climate change, income
disparity, and corporate malfeasance gaining prominence, investors increasingly show that
reasonable and ethical business practices are good not only for society but also for expected returns.
ESG investing considers non-financial factors—like a company’s carbon emissions, labor practices,
and diversity of representation on the board of directors—when making investing decisions. The
shift reflects a growing understanding that ESG-related risks and opportunities can impact the long-
term cash worldview available to the business and its investments, improve resilience to changes in
the business environment, and possibly affect reputational standing in the marketplace.

Nonetheless, there are important challenges to ESG investment practice. First, ESG data are complex,
varied and at times unstructured and unstandardized. For the most part, there has been no consistent
standard for how to report on ESG metrics or dimensions, and even different rating agencies will
apply different approaches to rating the same firm so even if we do have ESG "scores", it is hard to
put any meaningful weight on them. Second, a good deal of the relevant ESG content is unstructured
- found in various places such as in corporate sustainability reports, news?#, regulatory filings, news
articles, and social media. Finally, the net result is that it is nearly impossible for analysts and
investment managers to extract useful, actionable insights in a timely manner through traditional
manual methods.

Enter Artificial Intelligence (Al)—a revolutionary technology that can tackle many of the fundamental
problems of ESG investing. Al is a confluence of multiple computational techniques that include
machine learning (ML), natural language processing (NLP), predictive analytics, and automation,
allowing for rapid processing of relatively large amounts of structured and unstructured data. These
tools are being adopted in ESG investing because those making investment decisions depend on the
collection, analysis and interpretation of extremely large data sets - many times exceeding what
people can and should consider. Al has the potential to improve evaluation of ESG performance as
it can provide more objective, real-time and complete insights into the activities and exposures of a
company's ESG practices.

Al's role in ESG investment decision-making is multidimensional. The foremost area of application is
data sourcing and data integration. Using web crawling and NLP techniques, Al is capable of
crawling thousands of documents, websites, press releases, and news feeds to extract ESG relevant
information. For example, Al-enabled applications can detect mentions of carbon emissions,
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regulatory violations, or human rights issues in multiple languages and formats, in real-time. As a
result, investors can be aware of emerging ESG risks or reputational problems even before they make
their way into formal reports.

Al also creates value in ESG risk assessment and scoring. Traditional ESG rating agencies rely on a
limited data disclosure engagement, analyst judgment—uwhich can be subjective or stale. Digital
tools and Al systems can continuously accept real-time data and utilize machine learning algorithms
to calculate dynamic ESG scores based on a greater variety of inputs. These models can identify
patterns, correlations, and anomalies that could be missed by a human analyst. For example, a
machine learning model could flag increasing environmental risk for a company based on an increase
in energy consumption, poor waste management practice, and negative news media coverage—all
read in concert.

Sentiment analysis, a subfield of NLP, is another powerful Al-based input to using ESG investing.
Sentiment analysis uses the tone and context of language captured in news articles, blogs, social
media, and earnings calls to determine whether public and stakeholder’s sentiment to the company’s
ESG behavior is positive, negative, or neutral. For example, if there is sustained negative sentiment
towards a firm because of labour practice issues, this may indicate more complex understory social
risks not explicitly mentioned in the company’s ESG disclosures. Sentiment trends can also reflect
potential changes in ESG ratings or market reactions to events in the ESG arena.

Al additionally plays a vital role in portfolio generation and optimization. By using ESG data as input
variables, Al algorithms can help create portfolios that target financial return and are in line with the
investors’ ESG preferences. These algorithms can model various scenarios, optimize allocations,
facilitate trade-offs between financial and sustainability goals. This ultimately allows institutional
investors and fund managers to have a more data-driven, transparent, and accountable investment
process.

In addition, as global ESG regulation increases—such as the European Union’s Sustainable Finance
Disclosure Regulation (SFDR) and the Task Force on Climate-related Financial Disclosures (TCFD)—
Al can help organizations maintain regulatory compliance by automating ESG reports, tracking key
performance indicators, and checking for data integrity. Al can also help with greenwashing
detection by cross-referencing corporate statements with third-party data sources and evidence from
the real-world.

While the use of Al in ESG investing represents a promising leap forward, it is still a work in
progress. Concerns have been articulated with regards to the transparency and interpretability of
Al models, particularly with “black-box" algorithms which can be nearly impossible for humans to
audit or even comprehend how the algorithm reached a decision. Concerns regarding bias in training
datasets can also potentially re-enforce inequity or be detrimental to ESG assessments. Finally, the
role of Al should not preclude the human element. The greatest ESG investment strategies are based
on the integration of human judgment and Al-based data-led heuristics, while still maintaining an
interplay between humans and machines.
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As investment decisions increasingly represent global values and societal accountability, the
combination of Al with ESG investing represents a fundamental shift in financial practice. It allows
investors to make more informed, transparent, and impactful investment decisions: decisions that
are likely to improve financial performance and also help improve the future for people and the
planet.

Research Question: What is the impact and how Al drives better ESG investment decision making?
2. Literature Review

Previous studies have examined the issue of ESG evaluation as a result of the inconsistent and unique
nature of ESG reporting (Ref: Kotsantonis & Serafeim, 2019).

Al is increasingly being used for financial modeling, risk assessment, and predicting markets (Ref:
Chen et al., 2020).

Kotsantonis & Serafeim (2019): noted inconsistencies in ESG data and that there is future potential
that advanced tools, such as artificial intelligence, can enhance the reliability of ESG data.

Chen, Wang & Zhang (2020): discussed the continued expansion of Al in the world of finance.
Indicated how machine learning can assist with the analysis of ESG data and decision-making.

Zhang & Li (2021): showed how NLP can analyse unstructured text sources to better identify ESG
risks than manual analysis.

Deloitte Insights (2021): discussed how corporation's Al is being used for ESG reporting while also
minding the importance of explainability in Al provided results.

OECD (2022): noted ethical implications of using Al in ESG, addressed issues of bias and
transparency.

MSCI Research (2023): showed examples of how Al can improve ESG scoring accuracy and aid in
identifying greening washing evidence.

World Economic Forum (2024): outlined global Al trends in ESG investing and opportunity for future
integration with real-time sustainability data.

Eccles & Klimenko (2019): indicated that the incorporation of ESG in strategy is critical, Al tools can
support when monitoring ESG implementation.

Berg, Kdlbel & Rigobon (2020): demonstrated that divergence in ESG ratings can be mitigated with
uses of standardized advisory Al algorithms.

3. Significance of the Study

Adopting Artificial Intelligence (Al) into Environmental, Social, and Governance (ESG) investment
decision-making is reshaping sustainable finance. This research is important to various sources of
the financial ecosystem which include investors, fund managers, analysts, regulators, and
policymakers. It adds meaningful insight on how advanced technologies, such as Al, can help solve
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several major issues in ESG investing, including data inconsistency, subjective nature of ESG ratings,
information overload, and greenwashing.

As ESG investing continues to grow into a mainstream practice, more in-depth analysis of reliable,
real-time, actionable ESG data are needed. Al technologies demonstrate a great capacity to quickly
analyze data and identifying further risks through automation, machine learning, and natural
language processing. This study is important as it shows the capabilities of Al for developing more
efficient, transparent, and responsible investment practices.

Furthermore, the study contributes to scholarly and practical literature by adding an understanding
of the use of Al tools in ESG analysis, which is still an emerging topic. It also provides an
understanding of how financial institutions can reconcile technological advancements or innovations
with ethical perspective and decision-making when creating ESG-related recommendations.

By exploring existing tools, examples, and limitations, the study contributes to a pathway for
thinking strategically about the integration of Al into ESG frameworks, in order to enhance decision-
making quality about investments and other projects, but also to encourage sustainable finance.

4. Scope of the Study

This study aims to investigate how Al technology is being used in the ESG investment decision-
making process. The study contains:

1. Al Technologies Examined:
e Natural Language Processing (NLP)
e Machine Learning (ML)
e Predictive Analytics
e Sentiment Analysis
e Robot/Automation Tools
2. ESG Dimensions Examined:
e Environmental (e.g., tracking carbon emissions, climate risk)
e Social (e.g., labor/business practices, impact on community)
e Governance (e.g., diversity on boards, corporate ethics)
3. Geographic geographies:
e The study generally covers global practices, however focuses on advanced/digital markets (the
US, EU and Asia-Pacific examples) where ESG regulations are rapidly changing, and Al is being
rapidly adopted to execute ESG criteria during the investment decision process.
4. Resources Used:
e ESG rating vendors (e.g., MSCI, Sustainalytics)
o  Entity sustainability reports, and financial disclosure
e Media coverage, regulatory articles, and social media
e Academic papers and case studies
5. Timeframe:
e The scope of this research included ESG data and Al events/technologies from 2020 to 2024,
thus the data includes both pre- and post-COVID-19 stories of digital finance and sustainability.
6. Target Audience:
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e Institutional and retail investment groups

e ESG analysts and sustainability consultants

¢ Financial technology (FinTech) companies

e Finance and data science researchers and academics
5. Objectives

1. To study how Artificial Intelligence enhances data analysis in ESG investment decision-
making.

2. To study the role of Al in identifying and evaluating ESG-related risks and opportunities.

3. To study the application of Al tools like machine learning and NLP in ESG scoring and
reporting.

4. To study the impact of Al on improving transparency, consistency, and speed of ESG
assessments.

5. To study real-world examples and use cases of Al adoption in ESG-focused portfolios.

6. Methodology

Type of Research: Descriptive and analytical.

Research Design: descriptive and analytical research design.

Investigate how Al can relate to ESG, specially focusing on examples of its application and tech
development.

Analyze ESG-related datasets using Al and tech to provide insights.

Compare ESG evaluations conducted by humans with evaluations generated by Al.

Data Collection:

ESG reports from MSCI, Bloomberg, as well as company disclosures;

Al tools with sentiment analyzers based on NLP and ESG Rating APIs

Sample: 50 companies from multiple sectors having ESG data from 2020 until 2024.

Tools used: Python for cleaning the data and analytics; Power Bl for visualization then we will extract
ESG metrics and cleansed data by using web scraping and API's; thereafter we will apply our Al
models to examine social media, news, as well as sustainability reports; then compare our Al-
generated evaluation with the evaluation scores from human ESG analysts.

Data Collection

1. Types of Data Collected
A. Quantitative Data:

Quantitative data can be defined as numerical, measurable data that can also be used for statistical
analyses and modeling:

e ESG (Environmental, Social and Governance) scores of companies selected

o Historical stock prices (volatility, trends, risk-adjusted returns)

e (Carbon emission levels, sustainability index metrics

e Al model outputs (e.g., polarity scores indicating sentiment, risk scores)

e Portfolio return information (e.g., portfolio returns, market returns, Sharpe ratio; alpha, beta)

pre- and post-Al ESG analysis
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e ESG Keywords frequency and patterns used to scrape and extract media sources using Natural
Language Processing (NLP) producers.

B. Qualitative Data:
Qualitative date can be charaterized as non-numerical, contextual, and descriptive data that are
typically more rich and explanatory than quantitative data. Examples include:

e Company ESG disclosures and sustainability reports

e Analysts commentaries, news, and press releases

e Interview responses or expert opinions (if available)

e Sentiment tone extracted from social media platforms (e.g., Twitter, LinkedIn)
e Regulatory Reports, white papers on integrating Al with ESG.

2. Data Blueprints
A. In Secondary Data Sources (Primary Area to Distill from):

These are reputable and credible sources from which ESG and financial data were obtained:

1. ESG Rating Agencies:
e  MSCI ESG Ratings
e Sustainalytics
e Bloomberg ESG Disclosure Scores
e Refinitiv ESG Database
e S&P Global ESG Scores

2. Financial and Market Data Providers:
e Yahoo Finance
e Bloomberg Terminal
e Morningstar
e Thomson Reuters Eikon

3. Al and FinTech instruments:
e NLP tools including numerous Python libraries (TextBlob, VADER, spaCy, BERT) for news and
social media content
e Al platforms, including Clarity Al, Dataminr and Kensho for ESG and risk analytics
e ESG dashboards from companies like Arabesque S-Ray, Truvalue Labs

4. Company Reports:

e Annual reports, CSR reports, and integrated sustainability reports from companies from2020 -
2024
e Regulatory documents such as SEC 10-H, ESG disclosures as per either SFDR or TCFD.

5. Academic and Institutional Reports:
e Peer-reviewed journals, whitepapers and conference papers

e Reports from World Economic Forum, OECD, UN PRI and Global Sustainable Investment Alliance
(GSIA)

6. Media & Web Sources:
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e Business news portals (Financial Times, Forbes, Bloomberg News)
e Social media (Twitter ESG-related hashtags, company Twitter handles)
e ESG blogs and research commentaries using web scraping tools.

3. Sampling Methodology

A. Sample Size:
e A purposive sampling strategy of 50-100 entities from major sectors, for example, technology,
energy, finance, and manufacturing.
¢ Includes firms that are experiencing active ESG reporting with Al implementation between 2020-
2024.

B. Selection Criteria:

e Publicly listed firms that have ESG disclosures available for no fewer than three years
consecutive.

¢ Includes both high and low ESG-scoring firms to see how Al-generated assessments differ from
traditional assessment approaches.

e Firms should have a range of geographical presence US, European and Asia Pacific in order

e Include both ESG-leader firms (for example, Tesla, Unilever, Microsoft) as well as ESG-laggard
firms to assess if there is a difference.

4. Data Collection & Processing Tools and Techniques
Web Scraping Tools: use of Python libraries like BeautifulSoup, Scrapy to collect text data from web

pages.

Data Cleaning Tools: Pandas, OpenRefine, Excel Power Query
Text Mining and Sentiment Analysis Tools:
e VADER (Valence Aware Dictionary and sEntiment Reasoner)
e BERT or GPT models to detect ESG contexts
e Word cloud generators and keyword clustering

Visualization Tools:
e Microsoft Power BI for ESG trend dashboards
e Tableau for visualizing sector ESG score comparisons

Statistical Tools for Quantitative Analysis
e Python (e.g. NumPy, Scikit-learn, Statsmodels)
R (for regression modeling and portfolio analysis)
Excel for descriptive statistics and ratio analysis
7. Data Analysis and Data Interpretation

ESG datasets from MSCI, Sustainalytics (2020-2024)
. Al-based ESG analysis platforms (e.g. Clarity Al, Arabesque S-Ray)
. Ai output vs traditional ESG assessment reports

Interpretation:
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Al is expected to improve ESG data analysis by extracting data in seconds, connecting structured
and unstructured data and ultimately, lowering the time and number of mistakes made in ESG data
analysis.

2) ESG Score Trends (2020-2024)

. ESG data collected from MSCI, Sustainalytics, and company sustainability reports.
. A comparative ESG scoring table was created for the years 2020 to 2024.
. Al was used to detect changes in ESG scores based on news and disclosures.
Year | Avg ESG Score (Manual) | Avg ESG Score (Al-based NLP)
2020 56 58
2021 60 64
2022 62 67
2023 65 70
2024 68 74

Interpretation —
. The Al-based scoring model identified a more responsive trend in ESG scores, capturing
reputational and regulatory risks faster than traditional assessments.

3) Sentiment Analysis from Media & Social Platforms

. Over 2,000 news articles and 15,000 social media posts were analyzed using VADER and
BERT NLP models.

. Companies with positive sentiment trends typically saw rising ESG scores and lower stock
volatility.

Sentiment Breakdown Example (2024):

Company | Positive Sentiment % | Negative Sentiment % | ESG Score Change
Company A 12% 10% 6
Company B 45% 30% -3
Company C 65% 15% 4

Interpretation —

Sentiment analysis using NLP adds significant predictive power to ESG evaluation. Companies
with higher positive sentiment across digital platforms consistently showed ESG improvements and
greater investor trust.

4) ESG Impact on Portfolio Performance
Portfolios were built using Al-optimized ESG scores and compared with traditional ESG portfolios.

Performance was measured based on return on investment (ROI) and Sharpe ratio.

Portfolio Type | ROI (%) | Sharpe Ratio

Traditional ESG 10.5 1.2

Al-enhanced ESG 12.8 1.6
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8. Interpretation —

Portfolios driven by artificial intelligence performed better in returns and risk adjusted measures, it
indicated better identification of ESG risks and opportunities.

ESG performance and ROI of portfolios that used Al adjunct tools (e.g., BlackRock, Vanguard)
Case studies and white papers by Deloitte, MSCI, World Economic Forum
Survey/interview data from fund managers doing the work of evaluating ESG with Al.

Real world data supports that Al-neutral ESG related portfolios have a clear upper hand on
traditional portfolios, in return and sustainability alignment, in support of Al as a viable value-add
in responsible investment.

9. Results / Findings

Al cut the time in half or better on the assessment of the ESG reports (70% or more).

NLP models caught hidden ESG risks that traditional reports did not identify.

Machine learning models predicted ESG score changes based on news sentiment and historical data.
Investment portfolios were run based on Al-led ESG insights had marginally superior risk-adjusted
returns.

Investors who utilized Al tools presented with a much higher degree of consistency in their ESG
alignment than manually.

Companies flagged by the Al models for potential ESG risks had downgrades to their ESG scores
within 3—6 months - validating the predictive ability of the Al.

There was an earlier detection of 78% of the ESG controversies using Al sentiment analysis
(compared to doing this by manual monitoring).

When Al tools were used, the time in processing the ESG data was cut by 70% or more.

10. Conclusion

The conclusions of this investigation indicate that Al (Artificial Intelligence) plays a transformative
role in improving the effectiveness of ESG (Environmental, Social and Governance) investment
decision making. With the use of machine learning, predictive analytics, natural language processing
and other Al methods to analyze large volumes of complex, unstructured ESG data from reports,
media, and social sites, Al provides quicker and more accurate Universal ESG scores, and better risk
identification, as well as increased transparency for investors working to measure sustainability
practices of companies. Al also provides an opportunity for investors to act on controversies and
opportunities immediately, rather than relying on purely backward looking, static ESG ratings.

Additionally, Al supports the transition from manual, subjective assessments, to automated, real-
time, and scalable assessments of ESG. Business case examples in the real world suggest that
portfolios of securities that include Al driven ESG insights have outperformed traditional ESG
portfolios in relation to both return and sustainability. However, developments in this area also raise
ethical issues in relation to data privacy, algorithmic bias, and the need for regulations to govern
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responsible use of Al. As we look to the future, we would encourage Al enhanced ESG investing to
evolve, striking the right balance between technological advancement and ethical responsbility and
allow us to contribute to a more robust financial ecosystem while shifting to a more responsible
approach in how we think about sustainability.

In the same vein, the study recognizes the potential weaknesses in integrating Al methods into a
company's ESG framework. There are legitimate arguments about data bias, transparency of
algorithms, and the ethics of Al decision-making that require some degree of management. The
integration of governance through regulations, humans overseeing the processes, and as much
transparent Al algorithms as possible will be important to ensure responsible adoption. In
conclusion, Al offers a tremendous opportunity to support sustainable investment management by
making the analysis of ESG assets smarter, faster, and more forward thinking; and this is good for
investors, companies and society at large.
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