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Executive Summary

New and evolving challenges in ESG necessitate evidence-based ESG prac-
tice. Thankfully, recent developments in Artificial Intelligence (AI), in 
particular Natural Language Processing (NLP), have made a rich, data-
driven ESG strategy a reality. In this White Paper, we present five AI 

modules that enrich an ESG Information System to underpin this strategy. These 
include Dynamic ESG Materiality Appraisal that identifies and prioritizes ESG fac-
tors for each individual company, ESG Sensor that alerts investors of ESG events 
and predict their impacts, ESG Risk Assessment that harmonizes third-party 
scores and facilitates proprietary scoring, ESG Opportunity Radar that identifies 
ESG investment opportunities, and ESG Reporting Assistance that reduces com-
pliance burden and improves transparency. These modules and more can be devel-
oped for the need of each investor and deployed progressively such that benefits 
become evident quickly and without heavy investment. The progressive nature of 
this deployment also makes it a nature process for the organization to grow strong 
capabilities that bring lasting competitive advantage. Fully built, AI-Powered ESG 
Information System allows the investor to do more with less.
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Introduction

As ESG becomes an integral part 
of investing, being able to man-
age effectively large quantities 
of often unstructured data is 

increasingly a key competitive advan-
tage. This is particularly true as the pub-
lic grows more wary of greenwashing, 
and as third-party rating services use 
inconsistent methodologies to derive 
dissimilar scores. In essence, ESG must 
be evidence-based and data-driven.

To collect, process, analyze, and utilize 
big data in an actionable manner, inves-
tors can leverage artificial intelligence 
(AI)1,2: AIs are versatile. They can be 
trained for a broad range of ESG-related 
tasks and involve varying degrees of 
complexity. AIs are fast. They can work 
24/7 at speeds that human analysts can-
not match without performance deg-
radation. AIs are scalable. With faster 
hardware (e.g. on the cloud), they can 
process even larger quantities of data; 
when demands are low, they can be 
scaled back easily.

In this White Paper, we demonstrate five 
types of AIs that investors can develop 
and deploy for ESG. Starting with 
Dynamic ESG Materiality Appraisal, 
AI is able to help investors break with 
static ESG materiality mapping as well 
as identify and rank materiality issues 
for each company individually. With ESG 
Sensor, investors can continually moni-
tor events that affect material issues for 
their portfolio; AI is also able to forecast 
how these news and events will impact 
long-term ESG performance.

ESG Risk Assessment and ESG Oppor-
tunity Radar are potentially a pair of AIs 
that help investors manage risks and 
identify opportunities. On the risk side, 

AI can help investors harmonize third-
party risk reports; moreover, it is able to 
support detailed, proprietary ESG risk 
scoring using logics that are meaningful 
to the decision-makers. On the oppor-
tunity side, AI is able to identify invest-
ment opportunities from the perspective 
of ESG at industry, company group, and 
company levels.

Lastly, we touch on ESG Reporting 
Assistance, which eliminates human 
error, increases reporting speed and 
consistency, and enhances transparency 
to not only regulators but also clients 
and other stakeholders.

We must emphasize two points: First, 
the use of AI in ESG is far from limited 
to these five areas. They serve as exam-
ples to illustrate that many areas of ESG 
either can only be done with AIs or can 
only be done well with them.

Second, a well-designed information 
system is the foundation of any data 
strategy and the success of AI. It affords 
privacy and security as well as accessi-
bility and scalability to the investors. 
On its top, various AI modules can be 
deployed to provide meaningful ser-
vices.

Indeed, AIs can be significantly more 
cost-effective than human analysts 
in many ESG tasks. It may serve as an 
equalizer in the investment industry, 
for smaller players armed with purpose-
fully-designed AIs can compete, at least 
in ESG analytical capabilities, with big 
investors3.

While the amount of data involved and 
the complexity of the algorithms may 
appear daunting to the untrained eye, the 

ESG must be 
evidence-based 
and data-driven. 
AI with match-
ing information 
system is needed 
to do it well in 
today’s environ-
ment.
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We recommend 
that investors 

deploy AI-pow-
ered ESG infor-
mation system 
progressively, 

with close 
involvement of 
the people who 
will be using it.

methods that we use are proven by years 
of real-world applications such as credit 
rating4 and default forecasting5. Further, 
we recommend that investors deploy 
AI-powered ESG information system 
progressively, with close involvement 
of the people who will actually use it6. 
This way, investors can reap the benefits 
quickly, and the organization can grow 
with the information system, thereby 
building robust competitive advantage.

This is also why we advise against 
using SaaS or third-party scores in ESG 
blindly: With a proprietary information 
system powered by AI, investors have 
full control over their data and their 
decision-making. It also grows over 
time into the organization’s capabili-
ties. In fact, a good ESG manager today is 
one who is tech-savvy and who masters 
advanced information systems to help 
the organization beyond basic spread-
sheet-based analysis.

Last but not least, the AI-powered ESG 
information system that we discuss 
in this White Paper helps all teams in 
the organization work together more 
smartly. It makes data sharing and pre-
sentation across the firm straightfor-
ward, while AI-based decision maps 
reveal reasons behind each signal, so 
that the decision-makers can verify 
before taking action together. Naturally, 
this information system can be built in 
conjunction with, or as an extension to, 
existing information systems that the 
investment teams use. Outputs from the 
ESG modules, thereby, can feed directly 
into the fundamental analysis.

AI in ESG is a trend that brings 
once-in-a-generation opportunities. 
We at Vogosen look forward to working 
with investors to bring it to fruition.

What AI Can Do for Investors in ESG
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1. Dynamic ESG Materiality Appraisal

Materiality refers to all envi-
ronmental, social, and gov-
ernance (ESG) aspects that, 
if not well managed or dealt 

with, can result in value destruction and 
other financially adverse consequences. 
In practice, companies and investors 
tend to focus on material ESG aspects 
with the help of the SASB standard7 as 
well as multiple ESG data sources8 in 
their strategic decision making.

However, two factors call into question 
the effectiveness of this static approach: 
On the one hand, each company oper-
ates in a unique set of geographic, tem-
poral, supply chain, and market cir-
cumstances. Their exposure to each ESG 
aspect and the relative severity of each 
exposure are heterogeneous even for 
companies in the same industry sector.

On the other hand, ESG material aspects 
and factors are becoming increasingly 
mixed and interconnected in new com-
binations as a result of changes in com-
pany practices, business models, market 
conditions, and indeed the envelope of 
technology. A deeper understanding at 
a more granular level beyond conven-
tional sector- and geography-based 
delineations can support more effective 
decision-making.

For example, two software companies 
may be exposed to dramatically differ-
ent sets of material issues, depending 
on when, where, and how they operate. 
One needs to deal with data privacy and 
security considerations, because of local 
tensions and cybercriminal threats. The 
other needs to be more concerned with 
intellectual property protection and 
customer welfare. Material aspects, in 
effect, constitute the hotspot for both 

companies and investors willing to 
address ESG risks—and the multiple 
market dynamics might be redefining 
that hotspot at breakneck speed.

These factors make it critical to identify 
and prioritize ESG factors that become 
material on a dynamic basis. Materiality 
appraisal, likewise, needs to adapt to the 
unique, evolving context, while provid-
ing a granular grasp of the signals and 
triggers that may lead to unsuspected 
risks. 

Hence, a rich pool of factors and param-
eters should displace industry and sector 
classes as the unit of analysis to which 
materiality is approached. They should 
also be organized and accessible in an 
actionable manner. Such deep assess-
ment of the material issues that are cur-
rently applicable for a specific company 
or a given portfolio enables stakeholders 
and investors to spot actual ESG risks 
better, to ensure that their strategies are 
relevant and up-to-date, and to build 
more effective forecasts. A dynamic 
materiality taxonomy/ontology sits at 
the core of each of these key activities 
and is necessary to reap the full reward 
of materiality analysis9. It also under-
pins the ESG Sensor, ESG Risk Assess-
ment, and ESG Opportunity Radar that 
we discuss in other sections of this White 
Paper.

Currently, the major barrier to this 
end is the limited capacity to access 
and process timely information that is 
fragmented, unstructured, and hetero-
geneous. This is where Big Data and AI 
can shine for Dynamic ESG Materiality 
Assessment10.

Big Data and AI technologies can be 

Hetereogeneity 
among com-
panies and the 
evolving ESG 
space makes it 
critical to iden-
tify and prioritize 
ESG factors 
dynamically.
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Dynamic ESG 
Materiality 

Appraisal AI 
affords investors 

timely access 
and analysis of 

ESG information 
backed by  trace-

able reasoning.

applied to harness a wide variety of data 
sources, based on models’ ability to 
identify relevant ESG information and 
capture underlying relationships, espe-
cially with regards to financial material-
ity as well as risk management. 

In particular, Natural Language Pro-
cessing (NLP)11, a subset of AI tech-
niques, can be used to analyse data feeds 
(i.e., news, tweets, financial data, etc.) 
in real-time and to forecast aspects that 
may become material for a company 
in a given context, taking into account 
static and slowly evolving informa-
tion. Crucially, AI can perform such an 
assessment in a way that human ana-
lysts cannot, in terms of speed, quantity, 
granularity, and consistency.

A concrete example of leveraging AI for 
dynamic ESG materiality appraisal is 
live processing of news feeds at scale. 
First, investors can start by deploying 
targeted crawlers governed by manu-
ally chosen rules, graph metrics, and/
or machine learning-based algorithms 
to collect thousands of news articles, in 
real time, from a large set of media and 
web portals.

Second, data ingestion would rely 
on a container-based data-process-
ing architecture (Big Data) such as the 
Kappa Architecture. Successive NLP-
based algorithms extract and normalize 
all the relevant pieces of information. 
For instance, the Named-Entity Rec-
ognition (NER) module detects indus-
try, company names, locations, and 
regulatory authorities, etc. Dependency 

Parsing modules with specialized clas-
sification models, meanwhile, isolate 
meaningful phrases / paragraphs and 
map them to the Materiality ontology.  
These can be fine-tuned on large trans-
former-based machine learning Lan-
guage Models such BERT12 and GPT-2. 
An additional Sentiment Analysis mod-
ule can infer a sentiment score—before 
handing them as further inputs to the 
analytics block of the system13.

Third, the analytics block generates 
“signals” or insights in such an infor-
mation system. It combines outputs 
from unstructured data fed by the NLP 
with other available data, including 
metadata (e.g. publication date, por-
tal address, and article length, etc.) and 
other computed indicators (e.g. topic 
frequency, topic growth, and average 
sentiment scores, etc.) from the news 
source as well as financial, supply chain, 
and market data sourced from APIs (e.g. 
Bloomberg).

This block can be built with a spectrum of 
techniques. To start with, a rules-based 
analytics system can be programmed 
and fine-tuned manually with the help 
of experts. The advantage of such a such 
is that it is quick to deploy and does not 
require AI training. Its disadvantage can 
be found in its lack of adaptability and its 
rigidity: In other words, all updates need 
to be made manually, and it is incapable 
of identifying trends that the program-
mers / experts are unaware of.

In conjunction, analytics can be enriched 
by on a range of machine learning-based 

What AI Can Do for Investors in ESG

Information System

New Data

Identify
ESG Factors Inform Investment

DecisionsPrioritize
ESG FactorsData Collection

& Ingestion

AI Process
& Extract

Big-Data-Driven

ESG Dynamic
Materiality AIAppend

Figure 1. Overview of Dynamic ESG Materiality Appraisal
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What AI Can Do for Investors in ESG

(statistical) models. Depending on the 
amount of inputs taken into consid-
eration and the availability of data for 
training, these proprietary models can 
explore patterns and output signals 
in varying specificity and granularity. 
They are adaptable and flexible, which 
means that these models, when trained 
with sufficient data, are more capa-
ble of identifying shifting dynamics in 
ESG Materiality for each specific com-
pany. They can also detect patterns that 
experts are unaware of or overlook.

With a well-structured analytics block 
that offers high-quality processing, dis-
tribution, and visualization , asset man-
agers and institutional investors not 
only get the patterns and signals: they 
are also provided with reasoning trace-

A hallmark of 
AI-powered ESG 
Information 
System is the 
ability to trace 
the reasoning to 
the data sources 
on demand.

able to the ingested data source(s)14. As 
such, decision makers can verify before 
taking action.

It should be noted, however, that the 
application of AI and NLP in the ESG 
space have yet to be implemented at 
scale. Substantial investment and par-
ticular skill sets are needed. Each ele-
ment needs to be implemented, tested, 
and deployed progressively.

Figure 2. Dynamic Ontology is the Backbone of ESG Materiality Appraisal and ESG Sensor



2. ESG Sensor

The motivation for Dynamic 
ESG Materiality Appraisal also 
applies to the assessment of 
ESG performance in a portfolio. 

Namely, each company has its unique 
set of exposures, and these evolve con-
tinually and in some cases dramatically 
within a short period of time.

While some of the factors driving ESG 
performance are long-lasting, others 
are heavily event-driven. In particular, 
the social aspects of ESG can be quite 
sensitive to events, perhaps on a sec-
tor- or geography-basis. Governance 
issues, while changing more slowly and 
predictably, may also be sensitive to 
specific events ranging from those that 
impact all companies to those that affect 
only a single company. The same is true 
for environmental issues, which perhaps 
deliver fewer but nonetheless impactful 
surprises.

While decision-makers may wish to 
follow these changes personally, as the 
size of the portfolio increases it quickly 
becomes impossible to cover all essen-
tial sources in a timely fashion.

With AI, investors can monitor more 
sources, weighted in their preference, 
with virtually no lag, covering not only 
companies in their portfolio but also 
potential targets. Moreover, a more 
advanced AI can forecast ESG perfor-
mance based on collected information, 
giving asset managers and ESG teams 
a head start in tackling potential risks 
and in assessing potential opportunities 
before they become public.

The ESG Sensor-Monitor AI can ingest, 
process, and analyze unstructured data 
similar to the Dynamic ESG Materiality 

Appraisal AI that we described in the last 
section. In short, a customized crawler 
selects desired data from sources such as 
news feeds, Tweets, press releases, and 
regulatory announcements. This data 
is stored in a document store (NoSQL 
database or Document Store function of 
modern SQL databases such as Oracle, 
SQL Server, PostgreSQL, or MySQL).

As the raw data is fed into the database, 
the NLP module leverages appropriate 
language models based on deep neu-
ral networks to extract pieces of infor-
mation and assess the data holistically. 
Here, the shorter length and less formal 
language of Tweets juxtaposed with the 
longer length and more formal language 
of press releases illustrate the need for 
specialized models.

The analyzer module here, in compari-
son, is somewhat different than the one 
for Materiality Appraisal: It can simi-
larly be either rule-based or statistical 
(machine learning-based). However, it 
needs to be programmed or trained for 
a different task. In this case, alerting the 
investor of actionable and/or otherwise 
significant events. As before, this mod-
ule will provide traceable alerts, mean-
ing that the decision maker can assess 
not only the source(s) but also be pre-
sented with meaningful motivations 
(ontology)15.

The ESG Sensor-Forecast AI goes one 
step further. Building on the NLP module 
of the ESG Sensor-Monitor AI, the Fore-
cast AI incorporates other data available 
in the information system to forecast 
the impact of the event on future ESG 
performance.

This is possible thanks to two facts: One, 

ESG Sensor AI 
alerts investors 

of actionable 
events and 

forecasts their 
impact on future 

ESG performance.

VOGOSEN | 9
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ESG Sensor AI 
can process more 
data faster and 
identify non-ob-
vious patterns 
compared to 
human analysts.

an AI can process more data faster than 
human analysts can. Two, a well-trained 
AI can identify non-obvious patterns 
in forecasting that human analysts, by 
nature of not being able to process data 
in the same order of magnitude, cannot.

It should be noted that this is a more 
involved AI and would require significant 
training and tuning. As it is the case with 
Dynamic ESG Materiality Appraisal, this 
forecast AI can be continually improved 
after deployment.

What AI Can Do for Investors in ESG

Information System

Data ESG Alerts
AI Process
& Extract

Forecast AI

ESG Alerts

AppendNews
Social Media
Regulations

...

Monitor

Predict Impacts of 
ESG Events

Figure 3. Overview of ESG Sensor
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3. ESG Risk Assessment

Business and investment com-
munities find themselves 
increasingly exposed to new 
types of ESG issues that make 

ESG risk assessment an integral part of 
their investment decisions.

There is not a single best way to assess 
a company’s ESG risks, but all current 
methods attempt to construct a global 
risk score or rating in a process that 
progressively abstracts different combi-
nations of ESG and financial materiality 
inputs.

However, for effective investment deci-
sion-making, opaque risk scores are 
insufficient. Investors need to be able to 
explain the rationale behind the scores, 
so as to avoid greenwashing or dele-
gating decisions to unaccountable third 
parties.

Meanwhile, due to heterogeneity in 
approaches to the abstractions, third-
party ESG risk scores usually vary mark-
edly among scoring providers16. Directly 
comparing different scores without a 
solid grasp of the logic involved can be 
more misleading than ignoring ESG 
altogether17,18. Further, such divergences 
complicate incorporating ESG risk anal-
ysis to one’s investment decisions.

With an information system backed by 
ESG Risk Assessment AI, however, these 
issues can be tackled.

ESG Risk Assessment – Harmonizer AI 
helps investors harmonize third-party 
risk reports. Using various techniques in 
NLP, it is able to analyze each risk report 
/ score individually, deconstruct their 
abstractions, and map them to in-house 
standards and approaches19. It is also 

able to highlight the factors underlying 
various risk scores. In this process, the 
Harmonizer AI leaves trails of reasoning 
behind that can later be used to explain 
the reasoning on demand.

An important feature of AI in harmoniz-
ing heterogeneous external ESG scores 
is its ability to identify complex pat-
terns that are non-obvious to human 
analysts. As such, the ESG Risk Assess-
ment – Harmonizer AI can validate the 
consistencies of third-party scores and 
perform meta analysis.

ESG Risk Assessment – Scorer AI takes 
this one step further to underpin propri-
etary ESG risk scoring. It can build logi-
cal reasoning around identified risks and 
their assessment. In conjunction with 
ESG Sensor, which we discussed in the 
previous section, and the information 
system in general, this AI will be able to 
uncover data elements that would help, 
for example, to measure the financial 
magnitude each risk factor can have on 
a specific company or industry.

Further AI and analytics modules can be 
deployed to predict future risks (proba-
bility, frequency, and context, etc.) with 
trends in regulation and current events 
as inputs.They can also predict the con-
sequences of each potential event as well 
as the capacity of companies to respond.

We should note here that the inter-
nal standards and approaches of each 
investor are vital for risk assessment. 
By codifying these standards and 
approaches as the foundation of the 
ESG Risk Assessment AI, investors ben-
efit from directly-actionable outputs 
backed by logics that are easy to trace. 
This not only improves the effectiveness 

ESG Risk 
Assessment 

AI harmonizes 
hetereogeneous 

3rd-party ESG 
scores and 

performs meta 
analysis. It also 
underpins pro-

prietary ESG risk 
scoring.
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ESG Risk Assess-
ment AI can 
help investors 
bolster their risk 
management 
while improving 
transparency and 
trust.

What AI Can Do for Investors in ESG

of investment decision-making but also 
increases transparency and trust to cli-
ents.

Moreover, the ESG Risk Assessment AI 
allows investors to weigh dynamically 
risk factors not only for risk assessment 
but also for scenario simulations.

Building on the architecture that we 
have discussed in the previous sections, 
investors can begin developing ESG Risk 
Assessment functionalities by creat-
ing a knowledge database. Such an ESG 
knowledge database includes informa-
tion on portfolios, ESG scores, engage-
ment meeting notes, assumptions, and 
analysis documents, etc.

Behind the scenes, data is passed to 
a graph database within the infor-
mation system. Graph databases are 
purpose-built to store data as nodes, 
allowing us to capture and navigate 
relationships between these nodes flex-
ibly. They are particularly well suited for 
ontology-like knowledge representa-
tions20, where data points can be highly 
connected with evolving relationships21.

With this data configuration, a ques-
tion-answer AI model (i.e. logic-based 
NLP system) can be deployed over the 

Figure 4. Overview of ESG Risk Assessment

Information System

Report Data

Organization’s
Standards

ESG Sensor

3rd-Party Scores
AI Process
& Extract

Harmonizer AI Scorer AI

Append

Harmonized
Report

Harmonized
Report

graph database as a means to retrieve 
any relevant information relating to a 
specific question in a logical stream. 
Questions on ESG risks can be submit-
ted either by ESG analysts or portfolio 
managers in free natural language22. 
Here, the AI uses the input questions 
to develop an optimal query taking 
into account the data available, before 
extracting potential answers from the 
knowledge base, organized as logical 
reasoning sequences that are validated 
through the ontology graph.

In this implementation example, the 
ontology graph can itself exploit an 
AI model to dynamically discover and 
update relationships between data ele-
ments, especially with regard to risk 
factors. This could be a link between a 
company profile, a news article, and/or 
a risk factor. This capacity underpins the 
development of an analytics block aimed 
at consolidating in-house ESG analytics.
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4. ESG Opportunity Radar

Opportunities and risks often 
come hand in hand. In ESG, 
investors that can identify 
opportunities before they 

materialize reap the most rewards. At 
the same time, events, macroeconomic 
data, and company-specific data, etc. 
impact each investment differently at 
multiple levels.

Decision makers who wish to be one step 
ahead of the competition need an infor-
mation system that can help them ingest, 
process, and analyze large amounts of 
data from diverse sources. Moreover, AI 
is particularly valuable here in identify-
ing patterns and forecasting upcoming 
opportunities.

The ESG Opportunity Radar is the most 
Big-Data-driven aspect of AI in ESG 
in the sense that three levels of data in 
multiple formats from the broadest set 
of sources are leveraged simultaneously, 
each in its own fashion.

At the Macro level, investors can lever-
age a setup similar to the Dynamic ESG 
Materiality Appraisal, which we discuss 
in detail in another section. The differ-
ence is that here we collect data with 
industry and geography focuses and run 
them with other macro data through a 
forecasting AI that is aimed to identify 
non-obvious patterns that human ana-
lysts cannot. 

Sources of data for Macro ESG Oppor-
tunity Radar include updates in macro-
economic policy and regulations, mac-
roeconomic data, industry reports, and 
news as well as events with industry and 
geographic implications. The goal of ESG 
Opportunity Radar at this level is to help 
inform the investors’ overall investment 

strategy. 

Astute readers will note that, while some 
of the aforementioned sources are easily 
scoped, one cannot properly scope news 
and events without analyzing them. 
Indeed, this is why Macro ESG Opportu-
nity Radar is optimally deployed in con-
junction with other ESG AI components 
such as the ESG Risk Assessment and 
Dynamic ESG Materiality Appraisal to 
improve the synergy of the information 
system. 

At the Meso level, investors can further 
delve into company groups. These are 
companies in the same industry with 
similar geographic presence (e.g. Coca 
Cola and PepsiCo) that share a similar 
ESG opportunity profile. This system 
can be set up similar to the ESG Sensor. 

Sources of data for Meso ESG Opportu-
nity Radar include the raw data as well as 
output of Macro ESG Opportunity Radar. 
It also combines them with compa-
ny-specific data that range from finan-
cials to news and events. 

The goal of ESG Opportunity Radar at the 
meso level is to help investors validate 
their investment strategy and inform 
any adjustment of their portfolio. ESG 
components that have particular syn-
ergy with it include ESG Risk Assess-
ment and ESG Sensor. 

At the Micro level, investors can imple-
ment the most elaborate AI system in 
ESG. Single companies are continually 
monitored, and detailed data that can 
inform the system of the company’s 
R&D, business model, supply chain, 
marketing, and various other aspects of 
their operations are taken into account. 

ESG Opportunity 
Radar AI can 
identify ESG-

based patterns 
and investment 

opportunities 
at the industry, 

company-cluster, 
and company 

levels.
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ESG Opportunity 
Radar works in 
concert with ESG 
Risk Assessment 
to bolster inves-
tors in ESG

This is where the information ingestion 
can go beyond news and press releases. 
Research collaborations, patent appli-
cations, shipping data, energy con-
sumption data, personnel changes, and 
marketing campaigns can all be pro-
gressively included in the model. 

The goal of Micro ESG Opportunity 
Radar is to move ahead of the market in 
entries and exits. 

Across the three levels, we encounter 
perhaps the most diverse collection of 
data formats. For language-based data, 
Natural Language Processing (NLP) 
can help us extract relevant informa-
tion from large amounts of texts in 
multiple languages. This is discussed 
in further detail in Dynamic ESG Mate-
riality Appraisal. Structured data such 
as financials can be normalized and 
directly incorporated into the model. 
Data that go beyond texts and numbers 
need specific processing first.

For this system to inform investment 
in your organization, its outputs need 
to be customized to work with your 

decision-making process. In other 
words, the full potential of the AI can be 
unleashed when the outputs go beyond a 
single (or a single set of) score23.

The outputs of ESG Opportunity Radar, 
together with that of ESG Risk Assess-
ment, can be fed into your Fundamen-
tal Analysis to provide a holistic assess-
ment of each company. For those we 
prefer individual indicators, the system 
can also be customized to output those 
that work with your logics.

Moreover, it is always possible to retrace 
the reasoning behind each output: with 
the click of a button, the ESG team and 
asset managers can trace the decision 
tree back to the sources (with collapsible 
details and links) so that ESG-related 
decisions can be truly informed.

Architecturally, the ESG Opportunity 
Radar is rather similar to that ESG Risk 
Assessment: just as risk and opportunity 
in investment, they are two sides of the 
same coin.

Information System

Fund’s Investment 
Universe

ESG Sensor

Risk Assessment
Harmonizer

AI

AI

Feed

Feed

Investment
OpportunitiesIndustry-level

Cluster-level
Company-level

ESG Opportunities

Figure 5. Overview of ESG Opportunity Radar

What AI Can Do for Investors in ESG
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5. ESG Reporting Assistance

With the growing importance 
of ESG, most investors—
especially small invest-
ment firms—must do more 

in less time. Information systems and 
tools that enable insights into ESG pro-
cesses and allow smart automation of 
repeatable yet evolving tasks, are gain-
ing momentum.

Instead of wasting man-hours, ESG 
Reporting Assistance AI automatically 
and efficiently takes care of tedious jobs 
with a level of consistency that human 
analysts cannot match. Tasks such as 
reading through reams of ESG doc-
uments and questionnaires, drafting 
responses, clustering relevant pieces 
of information together, and scouring 
petabytes of ESG data to find answers 
are where AI excels. In contrast, AI-less 
information systems and tools have dif-
ficulty in these qualitative areas, making 
an effective ESG integration unlikely.

A major challenge for investors in ESG 
reporting is information flow manage-
ment. The sheer quantity of ESG data 
points and documents that could and 
should be considered compounded by 
their lack of uniformity—which is also 
the case for disclosure standards and 
auditory inputs—make it difficult to 
organise, manage, and synchronize 
between ESG and compliance teams. 
AI, and specifically Natural Language 
Processing (NLP) technology, has an 
exceptional ability to extract informa-
tion from unstructured data and can be 
trained to recognise ESG concepts and/
or classify information with high degree 
of precision. With a well-structured 
information system in place, this allows 
investors to speed up the ESG reporting 

processes and thus contain costs and 
reduce compliance risk.

Moreover, the entire history of ESG 
reporting data can be tracked and ana-
lysed. From these, ESG Reporting Assis-
tance AI can provide crucial insights for 
future reporting endeavours, allowing 
reporting teams to work in a fast, smart, 
and evidence-based environment with 
advanced analytics support. For exam-
ple, it can infer potential compliance 
inconsistencies between reports and 
specific responses and forecast new 
changes in ESG questionnaires based on 
previous evolutions and their underly-
ing data. AI can identify patterns in reg-
ulatory reporting requirements and help 
reporting teams anticipate needs and 
prepare the information beforehand.

For example, SFDR is a regulation 
framework introduced by the EU to 
boost transparency and accountability 
in investment management and across 
capital markets, mainly by setting new 
and strict reporting rules for sustain-
ability risk disclosure and manage-
ment24. These reporting requirements 
apply in particular for investment funds.

Under this framework, investors are 
required to disclose a set of 18 mandatory 
and pre-set Principle Adverse Impact 
(PAI) ESG indicators as part of the SFDR 
regulation, as well as several self-cho-
sen ones from a list of 46. Such a dis-
closure requirement poses many chal-
lenges, especially for the PAI indicators 
for which companies’ reported data is 
unclear, fragmented, or non-standard-
ized. Thus, it is important for ESG teams 
to identify existing data gaps, efficiently 
bridge their available information, and 
sometimes source other datasets to 

ESG Reporting 
Assistance AI can 

speed up ESG 
reporting, con-

tain compliance 
costs, and reduce 
compliance risk.
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ESG Reporting 
Assistance AI 
improves report-
ing quality and 
transparency.

build reliable data.

Further, the regulation requires inves-
tors to report their data usage processes, 
including sources, any measurements 
being taken to ensure the best possible 
coverage, data alignment, and metric 
calculations. For example, when switch-
ing between providers to output a com-
pound metric, investors need to explain 
how field names, descriptions and indi-
cators are mapped to each other.

Armed with ESG Reporting Assistance 
AI, ESG teams can better ensure only 
high quality, well aligned, and explain-
able data streams feed into SFDR analy-
sis and reporting activities.

In deploying information systems 
enhanced by ESG Reporting Assistance 

What AI Can Do for Investors in ESG

AI, investors can connect external APIs 
where appropriate and consolidate data 
into their own databases. This allows 
for faster response time in data access; 
more importantly, investors can iden-
tify, fill the gaps, and enrich the data 
with that from other sources. Such an 
approach also enables using NLP capa-
bilities of the AI more readily to pro-
cess and analyze the data and perform 
the aforementioned tasks. It echoes the 
progressive approach to deployment 
that we advocate.

Information System

ESG SensorRegulations

Reporting
Requirements AI

AI

Pre-Filled Forms
from Extracted Data

Faster, Cheaper, More Transparent 
ESG Reporting

Predict ESG 
Reporting Changes

Figure 6. Overview of ESG Reporting Assistance
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Vogosen’s Approach to Implement 
AI-Powered ESG Information Systems

At this point, you may won-
der how you can get started. 
Indeed, you may question how 
an information system with so 

many new features and applications can 
be built and, justifiably, doubt whether 
it can integrate into your investment 
process. We agree. This is why Vogosen 
builds AI-powered ESG information 
systems progressively, with the inves-
tors’ inputs and choices taken into 
account at each step in accordance with 
our 5C framework.

Vogosen’s 5C framework starts from 
Categorizing data sources to Centraliz-
ing data access to Clarifying analytical 
outputs to Creating analytics workflows 
to Conveying the output. It is developed 
under the belief that investors must have 
control over how their ESG information 
is collected, processed, analyzed, and 
presented in order for the information 
system to be directly actionable for deci-
sion-making.

Progressive Deployment
To deploy a new AI-powered ESG infor-
mation system that can grow with the 
organization, we follow six clear steps 
in an Agile manner so that each step not 
only prepares for the next step(s) but 
also foresees future needs25,26.

First, the investor defines the Objec-
tive of the system with us. Initially, the 
objective may simply be to track mate-
rial issues of the portfolio more clearly 
or to monitor a large set of informa-
tion sources in a timely fashion; over 
time, new objectives can be added. It is 
important to define the outputs clearly 
here: these outputs should be mean-

ingful for your decision-making and/or 
contain actionable signals27.

Second, we identify with the investor 
Inputs to the system. Some inputs may 
be readily available, though to inter-
pret them appropriately depends on the 
objectives of the information system as 
well as other inputs that must be taken 
into consideration. Other inputs may not 
be readily available, and we need to find 
out how to collect them. Part of these 
may require subsystems, for example, 
outputs from other AI modules.

Third, together we iron out the Prepro-
cessing of the inputs so that they are 
primed for producing the outputs in a 
clear, unbiased fashion. Indeed, here is 
also when the investor determines with 
us whether to adopt machine learning.

Fourth, we work out a solid Data Struc-
ture and a set of Algorithms with the 
investor. We assess how the investor 
currently manages investment data—
that is, data beyond ESG. If the investor 
has yet to deploy any modern informa-
tion system and still rely on spread-
sheets, we first propose an easy-to-use, 
cheap-to-implement database sys-
tem with secure GUI (like spreadsheets 
but much more powerful) that protects 
data security, ensures data consistency 
and integrity, and facilitates data shar-
ing across teams in the organization. 
Beyond conventional relational (SQL) 
databases, we use other data storages 
that are optimized for specific tasks, 
e.g. Graph DB for semantic queries and 
ontology.

Fifth, the investor chooses with us the 
desired User Interface elements, includ-
ing features of the application such as 

Vogosen works 
closely with 
investors to 

design, develop, 
and deploy 

AI-Powered ESG 
Information 

Systems progres-
sively.
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visualization, that make sense to them.

Sixth, we define a Governance and 
Maintenance structure with the investor 
so that the information system is resil-
ient, secure, and efficient. This involves 
indicators and warning systems that 
signal issues before they undermine the 
entire system.

Throughout the process, Agile is used 
with continual testing. Users receive 
training on each component of the 
information system, while their feed-
back informs continual improvement 
and adaptation.

Generally, we recommend following the 
sequence of Dynamic ESG Materiality 
Appraisal, ESG Sensor, and ultimately 
ESG Risk Assessment & ESG Opportunity 

Figure 7. Overview of AI-Powered ESG Information System

Radar in expanding the objectives of the 
information system. Within the more 
advanced AI modules, namely ESG Risk 
Assessment and ESG Opportunity Radar, 
we recommend that Macro-level AI be 
deployed first, followed by Meso- and, 
eventually, Micro-level AIs.

We recommend progressive deployment 
of AI-powered ESG information systems 
not only because these modules have 
logical dependency on each other but, 
more importantly, because it is critical 
to grow relevant organizational capabil-
ities and broaden organizational vision 
in-house in order to take full advan-
tage of such a new technology28. In plain 
words, AI in ESG is a shiny new tool, and 
investors need to learn how to use it and 
where (beyond which they are currently 
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We ensure a scal-
able architecture 

that guarantees 
security and data 

security. This is 
the foundation 

of a powerful 
and versatile AI 
system in ESG.
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can also use these feed data to (re)train 
the AI modules.

NLP-Driven Systems in ESG
ESG has its own language: The environ-
ment aspect covers topics such as biodi-
versity and climate change, which relate 
to domain-specific knowledge, con-
cepts, indicators, and metrics. The same 
is true for the social and governance 
aspects of ESG.

This language is not only critical for 
investment stakeholders to evaluate 
and/or comply with and/or compare ESG 
practices but also influences how NLP 
models identify items that data systems 
track and analyse—concept identifica-
tion & extraction. How things relate to 
one another—clustering and classifi-
cation—makes its way into programs 
and data designs, influences AI training 
strategies and outputs, and ultimately 
dictates whether the data exploited is 
actually of value to the organization.

From straightforward knowledge man-

Figure 8. Web Mining Architecture

doing) can it be used.

Web Mining Architecture
Efficiently aggregating a large number 
of data points starts with the implemen-
tation of a scalable web-mining system 
able to capture—in real time—all ESG 
related information publicly available 
on the Internet. 

Such a system must operate within a Big 
Data architecture that is adapted to the 
size and dynamics of data as well as the 
targeted web sources. Its architect needs 
to take into account security and data 
integrity, in particular when combining 
cloud infrastructure and local data cen-
tres. This process involves guaranteeing 
real-time mining when needed, ensur-
ing the optimization of the database 
structure, adapting web-crawlers to site 
structures (targeted and exploratory 
crawling), incorporating metadata, and 
pre-processing functions. The outputs 
can then feed the analytical systems 
in place (specialized analytics for ESG 
research, ESG internal apps, etc.). We 
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agement to sophisticated AI models, 
ontologies have proved great potential 
in capturing expertise while being par-
ticularly apposite to today’s data abun-
dance and digital transformation. An 
ontology is generally intended to act as a 
standard—sort of common language—
forming a set of controlled vocabular-
ies and concepts. Overall, these ontol-
ogies bring opportunity to ESG teams 
to have control on algorithms and data 
they use, paving the way to create resil-
ient ESG planning models, increase pro-
ductivity, and deliver effective guidance 
to investment strategies. Investors can 
thus embrace a data-driven approach, 
expanding the boundaries and reshap-
ing traditional patterns.

We use dynamic ontologies to model 
evolving ESG concepts and taxono-
mies29, which are aimed to facilitate the 
alignment and exchanging of ESG data, 
such as ESG material aspects, SDG indi-
cators30, multi-provider risk scores, 
etc., and the development of powerful 
ESG information systems.  Classifica-
tion techniques ranging from complex 

language models to simple sentiment 
analysis can be then used on top of these 
ontology-based models to enrich the 
data and the analytics process. 

Sentiment analysis is one of the com-
mon NLP topics that investors can start 
implementing easily, especially because 
it has low complexity, requires manage-
able data and fits with a large number of 
ESG applications31. For example, senti-
ment analysis can be integrated to the 
risk and opportunity analytics as a way 
to help screen early signals. It can also 
support portfolio monitoring, engage-
ment strategies and marketing initia-
tives.

From a technical perspective, sentiment 
analysis falls into the broad category of 
supervised learning text classification, 
where the model inputs a sentence and 
outputs a score for each sentiment class 
(the number of classes can vary, but it 
is common to use two to three simple 
classes: positive, neutral and negative). 
One popular and simple technique for 
developing sentiment analysis models 

AI in ESG largely 
leverages NLP. 
In building this, 
we recommend 
harnessing 
open-source 
technologies and 
limit dependence 
on third-party 
services.

Figure 9. Architecture of an AI-Powered ESG Information System
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is to use a bag-of-words representation 
that transforms sentences into vectors 
of weighted words. 

Technology stacks for implementation 
can vary and evolve based on organi-
zational capabilities, existing practices 
and technical dependencies. We recom-
mend however, whenever it is possible, 
to harness open-source technologies 
(for data architectures, app deploy-
ments, etc.) so as to limit third party 
dependencies (cloud, SaaS, etc.) as well 
as to ensure a total oversight on one’s 
data and technology skills, interopera-
bility, and operating costs.

APIs, Apps, and User Interfaces
The AI-powered ESG information sys-
tem can be deployed as pure APIs upon 
which investor’s in-house development 
team build their proprietary interfaces. 
Alternatively, this information system 
can come with application interfaces 
built to the specifications of the investor 
on an Agile basis.

In either case, the user interface should 
be designed and developed progres-
sively, in the same spirit of the pro-
gressive deployment of the entire ESG 
Information System. That is, while in 
the beginning a more structured user 
interface is preferred, as the system 
evolves it will be possible to enrich the 
user interface with AI, too. For exam-
ple, investment managers will be able 
to ask questions to the information sys-
tem directly, and the AI will identify the 
appropriate module to seek the corre-
sponding answer32,33.

The ESG Information System can also 
be integrated with software and infor-
mation systems that other parts of the 
organization use.

.
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