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Top 10 Findings from the Report:

1. Interviewee companies understand the significant potential Al/ Deep Tech have
to offer and are actively implementing Al strategies across verticals.

2. The biggest productivity gains are accrued through coding, marketing and
customer-facing application of Al.

3. Three different Al strategy approaches:
e Decision making: Preference for bottom-up experimentation.
e Build vs Buy: Inclination for custom building with selective buying.
e Big Tech: Very few are choosing open source first approach.
4. Modality: Most Al success stories are on text-based applications.
Human assisted agentic Al use cases, autonomous Al use limited.

6. POC graveyard risk - Security reviews, compliance checks can pose
implementation hurdles for client facing applications.

7. Disruptive Al-use possible through enablement not as a replacement for human
expertise.

8. Not many firms have an engineering and technology as an operational core.

9. Emphasis on deep research and alpha generation limited in India compared to
the global landscape.

10. Awareness and training, key for harnessing the significant advantages Al can
offer.
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“The world is full of obvious things which nobody by any chance ever observes."

— Arthur Conan Doyle

Technological innovations appear in waves.
From stone tools to using fire for cooking,
every invention has contributed to building
a foundation for human progress. In the vast
sands of time, the latest technology feat -
using Artificial Intelligence to augment
human work - has started asserting itself.
Over time, the changes Al brings are likely
to leave behind a definitive impact that
influences. Experts believe that Al is likely
the biggest technological leap humanity
may have known'. One distinctive
dimension Al offers over other technologies
is the ability of deep learning models to
mimic human thinking. The other related
aspect is that the deep learning models are
not static; the models can reinforce their
knowledge bases and keep learning.

This means that deep learning models have
the potential to not only equal but also
surpass human ability in an ever-expanding
array of human endeavours - not just the
well-publicized milestones of Al surpassing
humans on chess, the Game of Go, or
creative writing.

Enterprises are increasingly integrating Al.
Yet substantive progress in disruptive use
cases has been illusory?. However, the
possibilities are real, and the capital
investment has been unprecedented.
Alphabet, Google's parent company, plans
to invest $75 billion in Al development in
2025, with co-founder Sergey Brin returning
from retirement to work on these projects.
Investment in Al by "Big Six" USA
Technology Companies (Apple, NVIDIA,
Microsoft, Alphabet, Amazon (AWS only), &
Meta Platforms) saw their Capex increase
over 20x from 2014 to 2025, reaching $420+
Billion3.

There is a race to get access to computing
power. With every year, the models are
getting better with many mundane tasks
now being done by Al. On the other side of
the aisle, as Al seeks to establish a new
world, we note that there is also the risk
that the capex spent, sooner or later, will
look for return on the investments made.

BRIEF HISTORY

The starting point in the evolution of Al was
during the 1950s when Alan Turing created
the Turing test to measure computer
intelligence, asserting that computers could
think like humans. John McCarthy, a
Stanford computer scientist, is said to have
convened the first Al conference, coining
the term Atrtificial Intelligence. The first
face-off with humans between a human and
Al was during the 1960s, when Arthur
Samuel, an IBM computer scientist,
developed a self-learning computer program
that defeated the top USA checkers
champion. In the late 1960s, Stanford
researchers deployed Shakey, the world's
first general-purpose mobile robot that

" Mustafa Suleyman, The Coming Wave.

could apply reasoning to its actions. This
was followed by a three-decade-long Al
winter. Action began again during the late
1990s, after IBM’s “Deep Blue" defeated the
reigning world chess champion. A
succession of small wins followed through
in the 2000s, including Stanley, a driverless
car, and Apple's voice assistant, Siri. It was
the 2010s that brought significant
advancements in neural networks' abilities.
The first was the significant increase in the
accuracy of neural networks in 2012 in
recognizing images. The second was in
2017, which marked the beginning of the
use of transformers (neural networks) to
understand and process content. Prior to

2 Challapally, Aditya, et al. The GenAl Divide STATE of Al in BUSINESS 2025 MIT NANDA.

3 Chloetejada, "Big Tech's Al Expansion.”
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2017, the focus for Al development was on
building the right models. Transformers
brought in significant change: if you have
large enough data to train your model, then
the model starts to learn from the data on
its own and refines its contextual
understanding. From 2017 to 2020,
transformers were applied across diverse
applications, including natural language
processing (NLP), biology, and genetics.
During 2021 & 2022, the application of the
transformers’ technology exploded, starting
with the launch of ChatGPT to what we call
today as Gen Al, or the use of large
language models (LLMs). The ChatGPT
launch on November 30t 2022 marked Al's
"iPhone Moment." Unsurprisingly, the

traction was swift - ChatGPT could draw
one million users in just five days after
launch, the fastest user ramp-up ever for a
standalone product.*

Few technological transitions announce
themselves with a regression line, but Al's
capability growth has been that rare thing:
measurable, consistent, and steep. Since
2019, the complexity of tasks Al agents can
handle autonomously has doubled every
207 days. In 2026, tasks that would take a
human two hours to complete research,
synthesis, multi-step reasoning: are now
within reach of autonomous Al execution
(Figure 1).

I Figure 1: Length of tasks Al agents have been able to complete autonomously®

for 169 software engineering, cybersecurity, general reasoning, and ML tasks
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It is important to note that multiple factors
have contributed to the development of Al.
One of the most important and immediate
linkages to success is the global internet
infrastructure - over three decades of digital
datasets created over time by over 5 billion
users, for the models to learn. The practical
consequence has been a steady unlocking
of use cases. First came automation of the
repetitive and rules-bound. Then, as that

* Meeker, Mary, et al. " Trends - Artificial Intelligence. BOND, 2025".

complexity ceiling rose, something more
interesting emerged: Al as a thinking
partner. Capable of synthesising research,
stress-testing assumptions, and drafting
analysis. For financial services, that shift
from tool to collaborator is not on the
horizon. It is already underway. India’s vast
population base and unique demographics
can benefit from these technological
advancements. Among others, Al-enabled

5 Kwa, West, Becker (2026 ) “Measuring Al Ability to Complete Long Software Tasks".
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apps can create enablers to reach out and boost in the unorganized sector, resulting in
serve people through medical help, combined potential gains of 5.4%. The
tutoring, and financial transactions. An EY report further details GenAl's impact across
study, analyzing over 10,000 tasks across Financial Services (34-38% productivity
critical Indian industries, found that 24% of boost by 2030), Retail, Consumer, and E-
tasks can be fully automated, and time commerce (35-37% by 2030), Healthcare

spent on another 42% can be significantly (30-32% by 2030), Life Sciences (32-34% by
reduced, freeing up 8-10 hours per week for 2030), Technology Services (43-45% by

corporate workers. This could lead to a 2030), Auto and Mobility (30-32% by 2030),
2.6% boost in productivity by 2030 in the Industrials and Energy, and Media and
organized sector, impacting 38 million Entertainment (15-20% by 2030).¢

Indian employees, with an additional 2.8%

INDIA Al MISSION

The Government of India has launched IndiaAl mission with a financial commitment
of over 210 bn. The IndiaAl Mission aims to build a comprehensive ecosystem that fosters Al
innovation by democratizing computing access, enhancing data quality, developing
indigenous Al capabilities, attracting top Al talent, enabling industry collaboration, providing
startup risk capital, ensuring socially impactful Al projects, and promoting ethical Al. This
mission drives the responsible and inclusive growth of India's Al ecosystem through seven
diverse pillars as follows:

IndiaAl Compute: Making Compute Power Accessible

IndiaAl Application Development: Solving for Bharat

AlKosh: India's Own Al Data Repository

IndiaAl Foundation Models: Building GenAl in Indian Languages

IndiaAl Future Skills: Skilling India for the Al Era

IndiaAl Startup Financing: Global Launchpad for Indian Al

Safe & Trusted Al: Building Ethical and Explainable Systems’

Nounhkwn=

BharatGen, India's first government-supported multimodal LLM initiative, is focused on
developing models tailored to Indian languages and cultural contexts, to be used as a public
good. Several countries - especially the United States and China - are actively pursuing
sovereign Al strategies to enhance their competitiveness. Nations are investing their
resources in the most important building blocks of Al infrastructure, data, data sovereignty,
workforces and talent development, business network, governance framework, national
security etc. among others.

MOTIVATION AND APPROACH

Al offers the potential to significantly augment human capacities and transform the ways we
work. Adopting and adapting to the fast-changing canvas of Al advancements is not an
option anymore; it is a necessity.

Over the last few years, an increasing proportion of CFA Society India's member
practitioners have expressed the need to understand how Al is changing the investment
management landscape. Several members have asked what courses they should take to
equip and align themselves to newer paradigms and tools for servicing their clients’ needs.
In one such gathering - an all-India volunteer meeting in April 2025, a majority of the
members wanted CFA Society India’s Research and Advocacy Committee to take up Al as a
topic for research. Members wanted to understand how companies are adopting Al and its
implications. This book is an attempt to provide answers to these questions.

¢ Rajiv Memani, “The Aldea of India: 2025.”
" NITI Aayog, “Transforming India With AL”

Ap
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Who Should Read this Book? Approach

The book provides a ringside view of how One of the central motivating themes for
companies are adopting Al to deliver value this book was to build an understanding
for their clients. The content can be a of how corporates are using Al. To

useful resource for the following types of understand corporate use, we leveraged
audience: CFA Society India's member network

e Financial services practitioners who across corporates.

are keen to understand how Al is
being used across different domains

e C-Suite executives for taking informed
decisions on strategic initiatives

e Regulators for facilitating policy

Across each of the three financial services
verticals - Asset Management Companies,
Brokerages, and Insurance, we
approached all major players. This
resulted in interviewing 14 different

decisions _ corporate entities. Each interview was
e Students to stay abreast of industry structured as an hour-long session. Each
development interview transcript was then written

down into a case study format.

Al ADOPTION FRAMEWORK

Everett Rogers in, his seminal work on Diffusion of Innovations, has noted six stages of the
innovation development process®. These stages are:

Figure 2: Six Stages of the Innovation Development Process.

Applied

Awareness
Research

» Application = Adoption = Effects

As we interviewed practitioners across the Disruption in established practices, lowering
financial services industry, we realized that of unit costs, and “windfall profits” are

this six-stage view is a handy framework to among the biggest “consequences” in the
understand how companies are gearing up sixth stage of Rogers' framework. In this

to adopt Al. One of the desirable outcomes book, we will refer to Rogers’ six-stage

of Al use, for that matter, any use of framework for understanding where the
software, is the near-zero marginal cost of financial services functions are in their Al
using the services this automation creates. journey.

HOW IS THE BOOK ORGANIZED?

We adopted a Qualitative research method, specifically utilizing a unique case-oriented
approach. This design was selected to facilitate a holistic perspective, allowing the research
to be deeply context-sensitive. Core tenets of this methodology included prioritizing the voice
and perspective of the participants and maintaining a reflexive posture throughout the data
collection and analysis phases.’

8 Rogers et al., “Diffusion of Innovations”.
?Labaree, “Research Guides.”


https://teddykw2.wordpress.com/wp-content/uploads/2012/07/everett-m-rogers-diffusion-of-innovations.pdf
https://libguides.usc.edu/writingguide/qualitative
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The primary data source consists of detailed case studies gathered via interviews. This
primary data was triangulated and contextualized.

A stratified purposive sampling method is used to ensure representation across the critical
segments of the financial ecosystem. This approach allowed for the deliberate selection of
organizations and participants with specific, relevant expertise in the areas under
investigation. The target group is defined as Chief Al Officers / Data Labs Head / Key
Operational and Strategic Leaders within the highly regulated financial services sector,
specifically focusing on 3 distinct segments: Asset Management Companies (AMCs),
Insurance Providers, and Brokers

The final sample consisted of 6 companies that participated in the primary data collection
(interviews), structured as follows:

e 3 Asset Management Companies (AMCs)

e 1Brokerage

e 2 lInsurance Companies

We collected data using semi-structured interviews. An extensive interview protocol was
developed, containing 15 main, exploratory questions for each sector (tailored slightly for
contextual relevance), supplemented by several probing questions.

Data collection through interviews started from 2"d July 2025 and concluded on 16 October
2025. These interviews were conducted via secure online platforms and in-person meetings.
Prior to commencing, all participants were briefed on the research's objectives and an
informed consent.

To enhance the speed and scale of the data, the analysis was further refined using several
cutting-edge Al Large Language Models (LLMs) and tools like GPT, Gemini, Thurro,
Perplexity, Napkin.ai, and DeepSeek. The separate group of volunteers synthesized data
from credible, high-quality, and recent online research reports, which served as comparative,
secondary case material.

0 Carter et al., “The Use of Triangulation in Qualitative Research.”

0
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LITERATURE SURVEY

“This is only a foretaste of what is to come, and only the shadow of what is going to be.”
— Alan Turing

GenAl in Investment Management - Frontier applications, and a practitioner's

guide to real-world use.

1. INTRODUCTION

1.1 The Evolution of Al in Finance

Finance has long been at the forefront of
technological adoption, driven by the
industry's complexity and real-time decision
requirements. Some of the earliest usages

capabilities from previous Al waves. Earlier
approaches focused on pattern recognition
in structured data. LLMs excel at processing
unstructured text: earnings calls, regulatory

of computers and statistical analysis were
applied to finance, investing, and pricing
(CFA FAJ, 1966"), (Black, Scholes 1973"2).

The 2010-2020 period saw significant
acceleration with machine learning models
and neural networks enabling algorithmic
trading at scale (Gu, Kelly, 2020"3). The
emergence of Generative Al and Large
Language Models presents a qualitative
shift in capabilities for investment
management. Large Language Models
introduce fundamentally different

filings, news, and research reports. LLMs
have an inherent understanding of human
language, stemming from the use of
Transformer architecture and pre-training
on massive text corpora. In addition, their
large context windows enable analysis of
entire documents in a single pass. Practical
applications include extracting key
information from earnings transcripts, 10-K
filings, and legal agreements for OTC or
loan transactions (CFA, 2023'#): tasks that
previously required extensive manual
review.

Table 1: Excerpt from BIS paper for Intelligent Al in Finance'

Category Subcategor el Insurance A Payments el
gory 99 Intermediation Management Y Stability
Risk
management,
. Rule-based risk analysis; greater portfolio Fraud
Opportunities - e q .
competition optimization, detection Hedging, cascade
Traditional automated and effects and flash
analvtics HFT trading crashes such as the
Y US stock market
Rigid; requires human crash of 1987
supervision; small number of Zero-sum Technical
Challenges g
parameters, threats to consumer  assurances vulnerabilities

privacy, emergence of data silos

" Gal, "Man-Machine Interactive Systems and Their Application to Financial Analysis.”
2 Black and Scholes, “The Pricing of Options and Corporate Liabilities.”

® Gu et al., "Empirical Asset Pricing via Machine Learning.”

' Pisaneschi, “RAG For Finance: Automating Document Analysis with LLMs.”

'S Aldasoro et al., “Intelligent Financial System: How Al Is Transforming Finance.”


https://doi.org/10.2469/faj.v22.n3.126.
https://www.jstor.org/stable/1831029.
https://dachxiu.chicagobooth.edu/download/ML.pdf.
https://rpc.cfainstitute.org/research/the-automation-ahead-content-series/retrieval-augmented-generation.
https://www.bis.org/publ/work1194.pdf.
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Cateqory | Subcateqor Financial Asset Pavments Financial
gory 9°TY | Intermediation Management Y Stability
Insurance
Credit risk risk Analysis of new New liquidity
analysis; lower analysis, data);ourceS' management Herding/network
Opportunities underw‘rltlng. lower ) el ey tools; fraud interconnectedness,
costs; financial processing tradin detectionand |k of
. inclusion costs, fraud 9 AML explainability, single
LMeaail:\lize detection point of failure,
9 concentrated
dependence on
Zero-sumarms  Increased third party
Black box mechanisms; - jpecs] I|c!u|d|ty providers
Challenges PP herding, crises,
algorithmic discrimination e h
algorithmic increased
coordination cyber risks
Better risk Robo-advising;
Cre'dit scoring; ar}alysis asset o Enhanced Herding; unif?r_mity;
ore easier back-end with new|y embeddlng, incorrect decisions
Opportunities . . KYC, AML !
processing; better legible new products; rocess based on alternative

Generative customer support  data, easier  virtual P data,

Al compliance  assistants microeconomic
effects of potential
labour and
displacement

Challenges Hallucinations, increased market concentration, consumer privacy
9 concerns, algorithmic collusion
Automated design, marketing Increase in Faster
Opbportunities and sale of new financial speed of payment
PP products without human information flows; fraud
intervention processing prevention Misalignment risks;
inherent
Al A G saresans; S.ud-de.n unsuitability of Al
liquidity agents for aspects
. fraud, K .
New risks to counterparty unforeseen crises, fraud of macroprudential
protection, cybersecurity, . . with policies
Challenges 5 . risks, risk .
potential overreliance, fraud and . deception
a concentration
unforeseen risks . and
with Al agent
. . unforeseen
interactions o
risks

Asset management has been particularly
receptive to recent Al advances (CFA,
2020¢). Investment managers across the
spectrum are actively deploying LLM-based
solutions across four core functions:
portfolio allocation (asset selection and
weighting), trading (execution and
strategy), risk management (measurement
and mitigation), and advisory services
(personalized client guidance).

While Al adoption is growing rapidly in asset
management, significant risks remain.

'¢ Bartram et al., “Artificial Intelligence in Asset Management.”

These include hallucinations (factually

incorrect outputs), model bias, lack of
explainability in black-box models, and high
sensitivity to input data quality. Section 6
examines these limitations in detail.

Additionally, distinguishing genuine Al
implementation from "Al washing" has
become critical. The CFA Institute defines Al
washing (CFA, 2025'7) as companies "falsely
or inaccurately claiming to leverage Al
technologies" without measurable
improvements to investment processes.

7 Simonian, “A/ Washing: Signs, Symptoms, and Suggested Solutions for Investment Stakeholders.”
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https://www.cfainstitute.org/sites/default/files/-/media/documents/book/rf-lit-review/2020/rflr-artificial-intelligence-in-asset-management.pdf
https://doi.org/10.56227/25.1.20.
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1.2 Survey Scope and Methodology

This survey focuses on Investment Management within finance, examining how Al and
specifically LLM technologies enhance core investment processes. We draw from academic
research (Journal of Portfolio Management, SSRN), institutional analysis (CFA Institute, BIS,
FSB, IMF), and industry reports (McKinsey, BCG, WEF). The survey is organized by capability
clusters - text understanding, quantitative analysis, information extraction, and integrated
systems, and their application into business functions. This reflects how Al is deployed:
specific capabilities find applications across multiple investment activities.

I Figure 3: Literature Survey Focus areas

Al in Finance

Portfolio
Construction

Analysis and Deals with investment
Quantitative eals with investmen
advisory and risk E .
Techniques management merging
] ' Capabilities
Involves financial
analysis and Explores multi-agent

forecasting. systems.

Text and Language
Applications

Focuses on document
processing and

Operational
Efficiencies

B

Enhances customer
service and technology

sentiment analysis. operations.
2. TEXT AND LANGUAGE APPLICATIONS
2.1 Research and Analysis
The foundation of investment research is interpreting complex financial language and

the ability to draw inferences from vast context.
information sources like earnings calls,
press releases, and market news.
Traditionally, this function is time and
resource-intensive, requiring analysts to
process textual documents (earnings
transcripts, analyst reports), numerical data
(balance sheets, financial projections), and
visual information (charts, graphs).
Traditional NLP approaches have been used
for document analysis, but they require
extensive domain-specific training, struggle
with multi-modal inputs, and have difficulty

In document processing, recent research
shows that LLMs have achieved state-of-
the-art results in NLP tasks (Li, Wang,
2024'8), The unique properties of
Transformer architecture underlying models
like GPT and BERT enable contextual
understanding across entire sentences and
paragraphs, capturing nuanced meaning in
ways traditional keyword-based approaches
cannot. For processing large documents,
techniques like Retrieval Augmented
Generation (RAG) enable effective search

'8 Lietal., “Large Language Models in Finance: A Survey.”
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and summarization through intelligent text
chunking (Yepes, Yu, 2024"). Specialized
models extend these capabilities further:
DocLLM (Wang, Raman, 20232°) has been
fine-tuned to process visual inputs like
graphs and tables alongside text, while
BloombergGPT?! offers domain-specific
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optimization for financial language. Multi-
lingual financial analysis is also being
explored through language-specific fine-
tuning, enabling analysis of Japanese,
German, and other non-English financial
documents (Suzuki, 202322),

I Figure 4: Retrieval-Augmented Generation (RAG) in a nutshell#

Question

Sentiment analysis is a critical building
block for investment decision-making. LLMs
excel at deciphering complex language
(Lopez-Lira & Tang, 202324) in news and
social media posts, including sarcasm,
nuanced expressions, and market-specific
jargon (Shen, 202425). Models like GPT-40
can process data from multiple sources
such as Reddit (Deng, 20222¢).

Usage of social media, news feeds, audio
from earnings calls, and video content can
provide robust contextual analysis around
market events and FOMC meetings (Yao,
2025%). LLMs can also rapidly extract

question +

Sererator

sentiment from macroeconomic indicators
(payroll reports, unemployment data,
inflation figures) and analyst reports,
generating valuable signals for investment
strategies. However, significant challenges
remain. While LLMs are more robust than
traditional keyword-based methods against
simple manipulation (Leippold, 202328), they
remain vulnerable to adversarial attacks,
unreliable sources, and internal model
biases. Social media's high volume and
noise can distort aggregate sentiment
measures, potentially leading to misleading
signals.

% Yepes et al., “Financial Report Chunking for Effective Retrieval Augmented Generation.”
2 Wang et al., “DocLLM: A Layout-Aware Generative Language Model for Multimodal Document Understanding.”

Wu et al., “BloombergGPT: A Large Language Model for Finance.”

22 Suzuki et al., “Constructing and Analyzing Domain-Specific Language Model for Financial Text Mining.”

2 Ratnawat, “Exploring Retrieval-Augmented Generation (RAG) with Vector Databases and Al Agents.”

2 Lopez-Lira and Tang, “Can ChatGPT Forecast Stock Price Movements? Return Predictability and Large Language Models.”

% “Financial Sentiment Analysis on News and Reports Using Large Language Models and FinBERT.”

2 Deng et al., “What Do Large Language Models Know about Financial Markets? A Case Study on Reddit Market Sentiment Analysis.”
2 “Interpreting Fedspeak With Confidence: A LLM-Based Uncertainty-Aware Framework Guided by Monetary Policy Transmission

Paths.”

8 Glaeser, Kim, and Luca, “Nowcasting the Local Economy Using Yelp Data.”
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2.2 Client Service & Advisory

Personal financial planning has long been
challenging to deliver at scale, requiring
individualized analysis of each client's
financial situation and goals. Robo-advisors
and digital platforms have made investing
more accessible to the mass-affluent, but
personalization has remained limited.

LLM-powered chatbots are transforming
this landscape (Lakkaraju, 2023%°). These
systems provide personalized guidance on
credit cards, insurance, budgeting, and tax
planning, adapting responses to each user's
history and circumstances. Foundation
models like GPT-4 and Claude enable
communication in multiple languages,
including English, Telugu, Afrikaans, and
others: breaking down language barriers in
financial services.

User data is being incorporated into
personal planning, with techniques like RAG

and text-to-SQL helping deliver
contextualized answers (Srividya, 20253°),
Beyond communication, LLMs are being
deployed for investment recommendations.
Early research suggests that LLM-based
systems can construct diversified portfolios
and adapt strategies based on market news
and policy announcements, though these
applications remain in early stages and
require careful validation. However,
significant challenges persist. LLMs can
exhibit bias in their recommendations and
sycophancy: the tendency to agree with
users rather than provide objective advice
(Bender, 20213"). The lack of visual aids for
complex financial concepts and persistent
numerical reasoning errors presents
additional limitations. These challenges,
discussed further in Section 6, require
careful human oversight and validation
before deployment in client-facing role.

3. ANALYSIS AND QUANTITATIVE TECHNIQUES

3.1 Financial Analysis

Financial analysis with LLMs builds on
document and sentiment capabilities to
produce financial models and company
evaluations.

Inferences on Financial Statements: Recent
research demonstrates LLMs can draw
inferences from annual reports and answer
complex questions such as "Does the
company have a clear strategy for business
partnerships?" (Gupta, 202432). This
approach uses LLM-generated answers as
inputs to machine learning models for
investment decisions. Open-source models
like FinGPT (202333) enable automated
financial model creation from balance
sheets and income statements, while text-
to-SQL capabilities (Kumar, 202434)

accelerate company analysis through
natural language database queries. Many of
these tools are available as open-source
implementations.

Named entity recognition and similar
company identification are classic problems
in financial statement analysis, requiring
accurate identification of company stock
tickers, balance sheet line items, and
alignment to classification systems like GICS
and NAICS. Defining named entities
establishes common feature standards for
building both qualitative and quantitative
models. Encoder models such as BERT have
been used to identify named entities
(Pakhale, 20243%), with early research
showing improvements when combining

2 Lakkaraju et al., “LLMs for Financial Advisement: A Fairness and Efficacy Study in Personal Decision Making.”

30 Srividya et al., "Personalized Finance Chatbot Powered by RAG and Generative Al for Smart Wealth Management.”

%1 Bender et al., “On the Dangers of Stochastic Parrots: Can Language Models Be Too Big?”

32 Gupta, “GPT-InvestAR: Enhancing Stock Investment Strategies through Annual Report Analysis with Large Language Models.”

3 Yang, Liu, and Wang, “FinGPT: Open-Source Financial Large Language Models.”

34 Kumar, Kommanaboina, and Kumar, “Next-Generation Text-to-SQL: A Survey of Advanced Reasoning Enhancements Techniques.”
* Pakhale, “Comprehensive Overview of Named Entity Recognition: Models, Domain-Specific Applications and Challenges.”
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https://dl.acm.org/doi/10.1145/3442188.3445922
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https://arxiv.org/pdf/2309.14084

LLMs with LSTM models. BlackRock (20233¢)
has produced research on company
classification into GICS and NAICS
categories based on SEC filings, using these
embeddings for company clustering and risk
classification. Key challenges include lack of
interpretability and availability bias toward
public company data.

Handling analyst bias, ChatGPT can help
reduce analyst optimistic bias (Li, Feng,
2023%) by limiting input context and
anonymizing company information. Models

SECTION

02

achieve smaller upward forecast errors than
human analysts when company names are
removed from financial statements.
Additionally, reasoning models like GPT-4
Turbo can produce earnings forecasts (Kim,
202438) using only anonymized company
financials, with early results matching state-
of-the-art ML models. However, the goal is
not to replace human analysts: studies show
ChatGPT can produce biased investment
recommendations, but rather to enable
human-Al collaboration that reduces bias
while maintaining holistic judgment.

3.2 Forecasting and Investment Signals

Time series analysis is used extensively to forecast stock price movements, support
technical trading, and integrate alternative data sources such as news. The Transformer
architecture underlying GPT models enables next-word prediction, and researchers have
developed custom transformer architectures specifically for time series tasks, including
forecasting, anomaly detection, and classification (Wen, Zhou, 2023%). Foundational models
focused purely on time series modeling are being actively developed (Liang, Wen, 2024+40),

I Figure 5: Types of time series analysis, from LLM applications to Finance (Kong, Nie,. 2024 )

Panel A: Forecasting

Historical Data

Forecast

Panel B: Anomaly Detection

Panel C: Classification
Bear Bull

Panel D: Data Augmentation

Panel E: Imputation

Forecasting results remain mixed but show
promise in specific applications. Several
studies explore using LLMs like GPT-3 for
time series by converting numerical data to
text and leveraging the models' next-word

prediction capabilities, sometimes without
task-specific training. TimesFM (Das,
20244") and LLMTime (Gruver, 20234?)
demonstrate this approach for filling
missing data and short-term forecasting,

3 Vamvourellis et al., “Company Similarity Using Large Language Models,” August 15, 2023.
3 Lietal., “Can ChatGPT Reduce Human Financial Analysts’ Optimistic Biases?,” November 23, 2023.
38 Kim, Muhn, and Nikolaev, “Financial Statement Analysis With Large Language Models.”

3 Wen et al., “Transformers in Time Series: A Survey.”

“° Liang et al., “Foundation Models for Time Series Analysis: A Tutorial and Survey.”
“Das et al., “A Decoder-Only Foundation Model for Time-Series Forecasting.”
“2 Gruver et al., “Large Language Models Are Zero-Shot Time Series Forecasters.”
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with early results showing both successes with news headlines has been used to

and limitations. Separately, large models construct long-short portfolios with

have been used for classifying time series predictive two-week returns (Lopez-Lira &
into market regimes such as bullish and Tang, 202345), generating alpha by reacting
bearish periods (Bosancic, 20234). more thoroughly to recent news. Related

work shows fine-tuned ChatGPT can use

S.toc.:k price prediction using news s‘hows alternative sources like Twitter to predict
similarly mixed results. Using a chain-of- stock price volatility (Gong, 20244¢).
prompts approach, one study demonstrates

GPT-3 outperforming traditional models like
GARCH (Yu & Chen, 202344) by
understanding news sentiment, correlating
it with price movements, and generating
predictions. Similarly, ChatGPT combined

However, other studies find zero-shot
ChatGPT models perform poorly (Xie & Han,
2023%7), with chain-of-thought approaches
and social media data underperforming
simple portfolio methods.

BOX 1: Can ChatGPT draw good inferences from news, and aid investment / stock pick choices?

(Lopez-Lira and Tang, 202348)

In this paper, the authors evaluate the ability of ChatGPT 4, 3.5 and other LLMs to predict stock price
returns over 1-day holding period. Specifically, they design a simple long-short portfolio for 1 day
stock trading, whereby LLMs make predictions based on daily news.

The 4 key takeaways are:

1) Best in class LLMs inference are quite good at predicting implications of news headlines on stock
price, outperforming than traditional sentiment analysis.

2) Better predictive power on small stocks, and negative news

3) Using LLMs for determining stock reactions recent events, can operate in arbitrage markets, and
over time improve market efficiency by faster reacting to recent changes.

4) Use interpretability models to understand “why” behind Blackbox model predictions, can help
investors make better portfolio choices.

Authors find that the best-in-class models do possess significant predictive power for economic
outcomes. Portfolio was able to generate 38bps per day (300% annualized returns, before
transaction costs) with a Sharpe ratio of ~2-3. Authors also develop a reasoning model to explain
LLM choices: largely reading news and drawing conclusions based on implications of select types of
headlines. For example, share buybacks are a positive signal, director share sales, reverse stock splits
etc. Authors also found that while performance is good over 1-2 days news cycles, the performance
degrades for long term stock price predictions (1-2 weeks even). This is because markets tend to be
less efficient in pricing in short term news, often with days lag.

In summary, LLMs show promise in processing and reacting to news quickly, particularly
negative sentiment, but significant development is needed before these approaches can
reliably integrate multi-modal data for portfolio construction. Practitioners should
experiment with these methods while maintaining rigorous performance benchmarks and
comparing results against traditional forecasting approaches. Current evidence suggests
LLMs work best as complementary tools rather than replacements for established
quantitative methods.

“Kong et al., “Large Language Models for Financial and Investment Management: Applications and Benchmarks.”

“Yu et al., “Temporal Data Meets LLM: Explainable Financial Time Series Forecasting.”

45 Lopez-Lira and Tang, “Can ChatGPT Forecast Stock Price Movements.”

“ Gong et al., “Application of Machine Learning in Predicting Extreme Volatility in Financial Markets.”

47 Xie et al., “The Wall Street Neophyte: A Zero-Shot Analysis of ChatGPT Over Multimodal Stock Movement Prediction Challenges.”
8 Lopez-Lira and Tang, “Can ChatGPT Forecast Stock Price Movements.”
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4. PORTFOLIO CONSTRUCTION
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4.1 Investment Advisory

LLMs can assist portfolio construction by
systematically evaluating diversification
metrics. Research shows ChatGPT-
constructed portfolios outperform random
asset selection through structured
diversification criteria, with performance
improving as model scale increases (Ko &
Lee, 20234%). Tools like GPTQuant (Yue &
Au, 2023%°) provide conversational
interfaces for evaluating investment
strategies, making sophisticated portfolio
analysis more accessible to researchers and
practitioners. Multiple studies demonstrate

portfolio construction capabilities. ChatGPT
can build diversified portfolios that, when
paired with real-time news and policy
analysis, generate alpha with Sharpe ratios
ranging from 1.8 to 2.3 (Schneider, 20255;
Anic, 2025%2). These systems are being
developed for integration with robo-
advisory platforms, focusing on
transparency, fairness, and adaptability.
However, practitioners should note that
these results require validation across
longer time periods and different market
regimes.

4.2 Risk Management

Risk management represents a significant emerging application area for Al. Applications

span multiple domains:

e Anomaly Detection: Time series
anomaly detection benefits from novel
approaches, including encoding time
series as images for pattern recognition
(Zhou & Yu, 2025).

e Credit Risk: LLM-based credit scoring
models show promise in improving
fairness and reducing bias compared to
traditional models (Feng & Dai, 2023 ),
with preliminary evidence of reduced
disparate impact in lending decisions.

e Financial Risk Modeling: LLMs enable
integration of alternative data sources
for measuring and correlating business
risks, expanding beyond traditional
financial metrics (Cao & Jiang, 2024 ).

e Fraud Detection: BERT-based models
can identify fraud-related language
patterns in financial disclosures (Yang,
2023 ), improving detection of
suspicious reporting.

o Corporate Governance: LLMs can
process detailed financial statements to
identify themes around political risk,
climate risk, and corporate governance
issues (Kim, 2024 ), accelerating
comprehensive risk assessment.

Practitioners should note that while these
applications show promise, they introduce
model-specific risks, including bias,
hallucinations, and overconfidence that
require careful monitoring and validation.

4.3 Trading Applications

In developing algorithmic trading strategies,
LLMs assist with both strategy research and
implementation. Advanced models like GPT-
4 Turbo can generate code for trading
algorithms that match human-coded

4? Ko and Lee, “Can ChatGPT Improve Investment Decision?”

implementations (Alonso, 2024%3), though
success depends heavily on well-designed
prompts and detailed technical
specifications. Systems like AlphaGPT
(Yuan, 202454) demonstrate effective

% Yue and Au, “GPTQuant’s Conversational Al: Simplifying Investment Research for All.”
%1 Schneider and Yilmaz, “Stock Portfolio Selection Based on Risk Appetite.”
52 Anic et al., “ChatGPT in Systematic Investing—Enhancing Risk-Adjusted Returns with LLMs.”

** Noguer i Alonso and Dupouy, “Evaluating LLMs in Financial Tasks.”

** Yuan, Wang, and Guo, “Alpha-GPT 2.0: Human-in-the-Loop Al for Quantitative Investment.”
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human-Al collaboration for strategy strategies with Sharpe ratios exceeding 2.5
development, enabling researchers to in backtests (Kirtac, 20245¢), though these
explore and synthesize trading ideas more results require validation across different
rapidly. These systems can incorporate market conditions and longer time horizons.
memory and recall capabilities for iterative However, practitioners should note several
strategy improvement (Yi & Li, 2023%5). limitations: LLMs struggle with real-time
market data processing, lack understanding
Sentiment-based trading strategies of market microstructure, and may generate
represent another application area. strategies that overfit to historical patterns.
Research shows GPT-based models Additionally, as these tools become
processing news and social media widespread, any information advantages
sentiment can aid in constructing trading may diminish through market competition.

5. EMERGING CAPABILITIES

5.1 Multi-Agent Systems

Multi-agent systems (MAS) represent an emerging paradigm where multiple specialized LLM
agents collaborate to solve complex tasks. Each agent operates with a specific role: such as
data analyst, editor, or research expert—while sharing information and coordinating actions
for collective decisions. This architecture mimics human team collaboration and is being
explored across several financial applications:

e Trading and Investment Management: Systems deploy specialized LLM agents as
fundamental analysts, quantitative researchers, risk managers, and traders. These
agents communicate and coordinate to make investment decisions, showing
improvements over single-model approaches in Sharpe ratios and drawdown control
(Xiao & Sun, 2025%7). TradingGPT demonstrates this architecture with agents
maintaining short- and long-term memory, debating strategies, and adapting portfolios
dynamically (Li & Yu, 2023%8).

e Investment Research: Multi-agent systems can divide complex research workflows
across specialized agents handling 10-K analysis, fundamental research, market
sentiment evaluation, and risk assessment. Research shows these systems can generate
target price estimates and investment recommendations (Han & Wang, 2024%7), with
multi-agent approaches outperforming single-agent models, though performance varies
significantly based on agent configuration and role definitions.

e Credit Evaluation: systems assign roles including credit analyst, reward modeler, risk
manager, and debt analyst. Research shows that creating “layers” of interaction from
analyst to senior decision-maker can improve assessment quality (Jajoo, 2025¢0).

e Risk Management: Multi-agent approaches enhance the detection of irregularities in
financial reports (Park, 2024¢'). Agents take on specialized roles for data analysis, cross-
checking, and pattern identification, leveraging different analytical perspectives to
identify gaps in financial data.

*Yu etal., “FinMem: A Performance-Enhanced LLM Trading Agent With Layered Memory and Character Design.”

% Kirtac and Germano, “Sentiment Trading with Large Language Models.”

7 Xiao et al., “TradingAgents: Multi-Agents LLM Financial Trading Framework.”

8 Li etal., “TradingGPT: Multi-Agent System with Layered Memory and Distinct Characters for Enhanced Financial Trading
Performance.”

% Han et al., “Enhancing Investment Analysis: Optimizing Al-Agent Collaboration in Financial Research.”

¢ Jajoo, Chitale, and Agarwal, “MASCA: LLM-Based Multi-Agents System for Credit Assessment.”

' Park, “Enhancing Anomaly Detection in Financial Markets with an LLM-Based Multi-Agent Framework.”
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These systems show initial promise but remain in early stages. Key limitations include
amplification of underlying LLM risks: bias, hallucinations, and data limitations can cascade
across multiple agents. Practitioners should experiment with multi-agent approaches for
complex, multi-step workflows while implementing rigorous validation of system outputs

and monitoring for compounded model risks.

6. OPERATIONAL EFFICIENCIES

While Sections 3-5 examined Al applications in core investment functions, most firms begin
their Al journey with operational use cases. These applications offer lower risk, faster ROI,
and help organizations build Al capabilities before deploying them in investment-critical
functions. Based on case studies and research, three areas show particular promise as initial

adoption targets:

6.1 Customer Service

Asset managers handle repetitive investor
queries about account performance,
document requests, and transaction
confirmations. Call centre automation and
chatbots have long become standard
practice to address this need. LLMs
automate routine responses while routing
complex inquiries to advisors, with Al-
assisted representatives showing 14%
productivity improvements (Brynjolfsson,
2023¢2). Traditional chatbots struggle with
context and reliability, but models like GPT-
4 provide more nuanced responses (Wulf,
2024¢%3%). Advanced implementations use
RAG to incorporate firm-specific data while
maintaining compliance oversight.
Implementation typically begins internally
before client-facing deployment, allowing

validation of accuracy and regulatory review

of communications.

6.2 Communications and Content

Investment firms face intensive content
demands: RFP responses, quarterly
commentaries, client materials, and
regulatory filings. LLMs can draft these
documents (Raza, 2025%4), with applications
showing reduced time to produce draft
responses and generate reports. Beyond
text, emerging image and video models
enable social media content creation. These
tools improve efficiency and enable
personalization for market segmentation
(Brand, 2025¢%5). However, challenges remain
around misinformation risks, deepfakes, and
biased outputs. Models currently face high
compute costs and limited multilingual
support, though both are improving. Human
review remains essential for compliance and
accuracy.

6.3 Technology Operations

LLMs accelerate development of internal financial tools: analytics dashboards, modeling
libraries, data pipelines, and risk systems. Advanced models like GPT-4, LLaMA, and Claude
generate code across Python, R, SQL, and other languages used in finance (Haque, 2025¢%).
These tools assist with test creation, debugging, documentation, and system design.
Platforms like GitHub Copilot and Cursor are widely integrated, improving developer velocity

(Rasnayaka, 2024¢7).

2 Brynjolfsson, Li, and Raymond, “Generative Al at Work.”

3 Wulf and Meierhofer, “Exploring the Potential of Large Language Models for Automation in Technical Customer Service.”

¢4 Raza et al., “Industrial Applications of Large Language Models.”
¢ Brand, Israeli, and Ngwe, “Using LLMs for Market Research.”

% Haque, “LLMs: A Game-Changer for Software Engineers?”

7 Rasnayaka et al., “An Empirical Study on Usage and Perceptions of LLMs in a Software Engineering Project.”
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Limitations arise with complex business logic: models excel at boilerplate code but struggle
with sophisticated financial calculations. Strong human-in-the-loop workflows are essential:
detailed specifications, rigorous testing, and code review. While Al generates significant

code volume, evidence remains mixed on whether this truly reduces development time and
resources.

BOX 2: Productivity effects of LLMs in writing tasks (MIT)

(Noy and Zhang, 2023¢8)
Based on the study across 500 sampled individuals concerning the productivity effects of the
generative Al chatbot ChatGPT, the dramatic improvements are concentrated in mid-level
professional writing tasks, while limitations are noted for tasks requiring context-specific
knowledge

Task Restructuring: ChatGPT primarily functions by substituting for worker effort rather than
complementing worker skills. It substantially changes the structure of writing tasks by:

Automating Rough-Drafting: The share of time spent writing a rough draft fell by more than
half. ChatGPT automates the relatively routine, time-consuming subcomponents of writing,
such as translating ideas into an initial rough draft.
Shifting Human Focus: The share of time spent on idea-generation (brainstorming) and
editing more than doubled post-treatment
Time Savings: The time taken on the post-treatment task decreased by 10 minutes (37%)
compared to the control group, representing a decrease of 0.8 standard deviations (SDs).
Quality Increase: Average evaluator grades increased by 0.45 standard deviations.

I Figure 6: Short overview of Quant and Al in Portfolio management
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8 Noy and Zhang, “Experimental Evidence on the Productivity Effects of Generative Artificial Intelligence.”
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7. TAKEAWAYS FROM ACADEMIC RESEARCH

7.1 The Current State: Maturity and Opportunity

Investment management's Al inflection
point, introduced in Section 1, has resolved
into a clear maturity spectrum. After
examining text processing (Section 2),
quantitative applications (Section 3),
advanced capabilities (Section 4), and
implementation pathways (Section 5), three
distinct categories emerge:

Proven applications deliver measurable ROI
today. Document processing and
summarization reduce analyst review time
by 40-60% (Li, Wang, 2024). Client service
chatbots deflect 40-50% of routine inquiries
with 14% productivity improvements for
human advisors (Brynjolfsson, 2023). These
operational applications justify investment
for most asset managers with significant
document processing volume, research
operations, or client service requirements.
The technical risk is low: foundation models
(GPT-4, Claude) handle these tasks reliably
with appropriate human oversight. The
organizational risk: user adoption and
workflow integration remains the primary
implementation challenge.

Emerging applications show promise but
require careful validation. Sentiment
analysis from news and social media
demonstrates potential for improved alpha
generation in early implementations,
though results largely reflect academic
findings that do not account for transaction
costs and competitive dynamics. Financial
statement analysis and earnings forecast
generation approach human analyst
accuracy while reducing optimistic bias on
standardized tasks. Risk monitoring

systems identify anomalies and provide
early warnings. Alternative data sources
enable deeper analysis and market
simulation capabilities. Firms are
encouraged to develop human-Al
collaboration workflows, using Al to
brainstorm and backtest ideas in financial
analysis and forecasting, while maintaining
human decision authority on all investment
actions.

Experimental applications remain research-
stage with cautious optimism. Multi-agent
trading systems, autonomous portfolio
construction, and market simulation show
intriguing academic results but face
substantial validation challenges,
computational costs, and regulatory
uncertainty. LLM-based forecasting
produces mixed results, with performance
highly sensitive to time horizon, asset
liquidity, and market regime. Firms with
appropriate resources and expertise should
experiment with these approaches while
ensuring rigorous testing, performance
benchmarking, and independent verification
of model outputs. Across all maturity
stages, firms must address fundamental
LLM limitations: hallucinations (generating
plausible but incorrect information), bias in
recommendations, and sycophancy
(tendency to agree with users rather than
provide objective analysis). Section 6 details
these challenges and mitigation strategies.
Success requires establishing governance
frameworks, validation procedures, and
phased training programs that account for
these risks while capturing operational and
analytical benefits.

)
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7.2 Phased Implementation Recommendation

Analysis of implementations across the
industry shows a sequenced approach
works best. Firms attempting to skip
directly to experimental investment Al
typically face regulatory pushback, accuracy
issues, and organizational resistance.
Additionally, even though Al is touted as
plug-and-play, integration requires
substantial training, testing, validation, and
governance. A strategic assessment of ROI
and risk is best achieved through phased
rollout:

Start with internal operations (lowest risk):
Code generation for tech teams, report
drafts, document summarization, and data

automation. This builds capabilities and
confidence with contained failure impact.

Progress to client operations (medium risk):
Investor relations chatbots, client report
generation, and meeting materials—all with
human oversight and compliance validation.
Advance to investment support (highest
risk): Financial analysis, sentiment
monitoring, and strategy testing, while
maintaining human decision authority on
investment actions.

This strong operational foundation proves
essential for successful investment
deployment.
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ASSET MANAGEMENT COMPANIES

“The heaviness of being successful was replaced by the lightness of being a beginner again.”

— Steve Jobs

INDIA MUTUAL FUNDS

Landscape Ripe For Al/ML Adoption

Indian mutual fund industry has grown at a
brisk pace amidst growing disposable
household income, rising financial literacy,
operational convenience to invest,
conducive regulatory environment and
widening distribution channel reach.
Mutual fund investor base has swelled to 60
million in March 2026 2025 from 38 million
in March 2023. Nearly 70% of this growth
was on account of investors in Tier lll
locations - which makes it imperative for
mutual funds to make use of digital means
to reach and serve the vast hinterlands of
the country.

Mutual funds have introduced Systematic
Investment Plan (SIP) with minimum
requirement amount starting at INR 250
(referred as ' Chhoti SIP). This is in line with
SEBI's plan to introduce ‘sachetization’ of
mutual funds to facilitate participation from
first-time investors in low-income groups.

Rising financial literacy and easy to use
fintech apps that track fund performance
parameters means that consistent fund
performance has become increasingly
paramount for sustained success for mutual
funds in India. Advent of passive-focused
AMCs, having large in-house customer base,
such as Zerodha, Navi, Angel One has
compounded the need for alpha generation
for active funds. A few more fund houses
including Jio-Blackrock with a differentiated
investment approach are ramping up their
scheme launches. This need along with rise
in availability of numerous technology tools
has led mutual fund houses to move
towards a systematized approach to gather,

store, retrieve and consume their in-house
research and portfolio management
expertise.

Mutual funds have so far mainly adopted
Al/ML tools in customer profiling,
investment suitability, customer service,
investment analysis/research & portfolio
construction.

In coming years, we foresee

e rising adoption of Al tools for customer
self-service for routine queries/tasks
such as fetching account statement,
processing address change, obtaining
fund information, answering taxation
queries. Rise in popularity of low-cost
schemes will also necessitate
automation in many areas in order to
keep operating costs low.

e Ininvestment research, with better
availability of alternative data, such data
can be combined with traditional
fundamental, market and economic data
to drive investment decisions.

e Quant-like approach for all active funds.
Developments in Specialized Investment
Funds (SIF) category space that can
have L/S positions will accelerate this
trend.

e Multi-asset schemes with commodity,
equity and fixed income tend to be
amenable to ML techniques driving their
usage.

)
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CASE STUDIES

1. LEVERAGING RESEARCH FUNCTION USAGE THROUGH Al:

DSP MUTUAL FUND

Contributors: Vipin Vijay, Yogesh Bhalla, Aman Garg

Asset Class Coverage: Equity, Fixed Income, Hybrids, ETFs

Exhibit 1: Al/ML Maturity Assessment at DSPMF (Based on stakeholder interviews, 2025)

Customer
Service

Automation

Data science
Al/ML

Background

DSP Mutual Fund (DSPMF), the mutual fund
arm of DSP Asset Managers Private Limited,
managed INR 2,106 billion in assets under
management (AUM) as of 30 September
2025. The fund house offers a diverse
product suite, spanning equity, fixed
income, hybrid, and exchange-traded funds
(ETFs).

DSPMF fosters technology-oriented culture
and has built internal tech platforms for
critical functions in AMC business -

Investments - ARQ (erstwhile Jarvis)
Sales - RMX and Disha

Operations - TITAN

Compliance - HawkEye

Risk

Sales &

Risk & Compliance | Investments

Marketing

Start of the Al/ML Journey

DSPMF's adoption of Al/ML began with an
intent to enhance productivity in the
Investments team. Early initiatives in Al
included summarization of transcripts &
internal notes, Q&A from documents etc.
These were initially used in an ad hoc
fashion but gradually became systematized
and embedded in the research and portfolio
management process.

The firm's quant strategies provided the first
testbed for Al/ML. Supervised learning
models were deployed for factor-based
stock ranking (Quality, Value, Growth,
Volatility), screening, and back-testing. This
period laid the foundation for closer
collaboration between the Investments
function and the internal Technology team.

Investment Research and Portfolio Management Applications of Al

A breakthrough came with the integration
of Al/ML technology in internal research
system ARQ, enhancing it as a prompt-
based application that enables portfolio
managers and research analysts to
interrogate internal datasets—such as
analyst recommendations, earnings
estimates, notes and call transcripts.

Use cases included queries like: “Which
stock under coverage has the highest
projected earnings growth?” or “Summarise
earnings call transcript” Over time, Al
engine of Jarvis expanded to incorporate
external datasets (web crawling, company

YD
22 7 I

filings and other publicly available
documents). Now, the system can do
elementary analysis and write notes like a

junior analyst, can configure customized

alerts helping analyst and fund managers
act promptly in a systematic manner.

The tool also handles scenario analysis for
fundamental variables and economic
parameters - assisting fund managers
toward timely positioning of their portfolio
for changes in external environment. Today,
the evolved platform—renamed “Ask Right
Questions” (ARQ)—is widely used across
investment teams. DSPMF’s ability to scale
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these tools rests on its tech-oriented business units to raise problem statements,
culture, fostered by its promoters and which are then translated into prototypes,
embraced by staff. A 120-member tested, and scaled in iterative cycles.

technology team (within an overall

headcount of 650) supports innovation. Concerns over job redundancy were

addressed early. Employees who adopted

The fund house has appointed a Chief Al Al-enabled tools moved into higher-value
Officer (reporting to the CTO) and roles, with many reporting that automation
designated Al champions in each enhanced their career progression rather
department. This federated model allows than threatening it.

I Figure 7: Varied Applications for ARQ
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Build vs. Buy

To date, DSPMF has primarily pursued an in-
house build strategy. However, with the
maturation of external Al solution providers,
the fund house has begun experimenting
with selected third-party applications in
niche areas.

Beyond Investments: Enterprise-Wide
Applications

Al/ML usage at DSPMF now extends well
beyond core investment management:

e Retail Sales & Distribution:
Al tools generate customized talking
points for Mutual Fund Distributor
(MFD) meetings, provide Market Vs
DSPMF, Brokerage analytics, whom to
meet and what to talk, Lead conversion
insights, and enable LLM-based chat
interfaces.

In RMX, DSPMF does analytics using LLMs
and solves many sales critical problems like
the voice-based chatbot™ 'Disha’answering
questions related to sales metrics over the
years. Through Netra, Tathya, Transcript and
Converse related insights, customers can
get answers instantaneously on fund
performance and their portfolios. RMXgpt
bot, which works on structured data and
numbers, swiftly answers queries like-

o “Show me distributors that | have met
more than 3 times since June”

o “Give me list of SIP churners in
Bengaluru”

o “Show me distributors that saw a rise in
Duration from the first Quarter to the
second”

LLM based use cases also include voiceover
of documents for Marketing like Netrain
very interesting formats like an interview (in
male and female voices) which help
DSPMF's customer understand the
philosophy and conviction of data driven
approach easily. These are available on
YouTube in three different languages viz,
English, Hindi and Gujarati.

e Mid- and Back-Office:
Transaction-heavy processes, once
manual, are now Al-automated with
human-in-the-loop oversight.

e Risk & Compliance:
HawkEye is another enterprise level
software which analyse market abuse
and detect any suspicious transaction or
discussion in verbal form in four
different languages viz, English, Hindi,
Gujrati and Marathi and flags-off to
compliance team for further
investigation.

Al-powered anti-black marketing tools
monitor social media channels to detect and
neutralize impersonators in real time.

e Customer Service:
Investor communication has been
reimagined through conversational Al.
Fund manager letters (monthly or event-
driven, e.g., Union Budget) are
converted into voice-based updates,
resonating with investors familiar with
consumer apps and social platforms.

Key Takeaways

e Culture matters:
DSPMF's success reflects its leadership’s
emphasis on tech-first thinking and
department-level Al champions.

e Iterative innovation:
Al prototypes move through rapid test-
pilot-scale cycles, ensuring practical
adoption.

e Talent strategy:
A large in-house technology team,
anchored by a Chief Al Officer, enables
DSPMF to balance build vs. buy
decisions.

e Enterprise integration:
Al/ML adoption has extended beyond
investments into sales, risk, compliance,
and customer engagement.

e Human + Al complementarity:
By addressing fears of redundancy,
DSPMF has repositioned staff into
higher-value roles, reinforcing the “Al +
HI" model.



SECTION

03

2. MOVING TOWARD AI-ENABLED ENTERPRISE WORKFLOW SYSTEM:

SBI MUTUAL FUND

Contributors: Srinivas Jain

Asset Class Coverage: Equity, Fixed Income, Hybrids, Solution-oriented schemes, ETFs

Exhibit 2: Al/ML Maturity Assessment at SBIMF (Based on stakeholder interviews, 2025)

Customer
Service

Sales &
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Compliance

Investments

Automation
Data science
Al/ML

Background

SBI Mutual Fund (SBIMF) is the mutual fund
arm SBI Funds Management Ltd, a Joint
Venture between SBl and AMUNDI (France),
one of the world's leading fund
management companies. SBIMF managed
INR 12,046 billion in assets under
management (AUM) as of 30 September
2025. The fund house offers a wide product
set, traversing equity, fixed income, hybrid,
solution-oriented schemes and exchange-
traded funds (ETFs).

Start of the Al/ML Journey

SBIMF initially started experimenting with
ML methods in early 2021. The start was
made with investment use cases. Coding
was carried out in their R and Python labs by
in-house development team for these
applications. First efforts were made with
an intention to find a method to best
leverage the large pool of in-house research
that was thus far dispersed in silos. From
the result of those efforts was born
Knowledge Management Portal called
“Neo".

Investments Function - ‘Neo’: One platform that rules them all

SBIMF now has a well-established in-house
product called “Neo”, an all-in research
platform that functions as a knowledge
management solution for the 70-odd
investments team members. It has now
become the go to tool for enhancing &
leveraging SBIMF's in-house research -
acting as a repository with easy-to-use
interface. It can be utilized to pull
out/generate full-fledged research reports,
management interaction notes/Concall
transcripts, analyst recommendations.
Besides automation of routine tasks like
notes management, research reports
generation and customized notification
alerts, Neois being extensively applied for
back testing, scenario analysis, factor
modeling and asset allocation. Neo has a
feature which allows autonomously
generates and pushes notifications sent via
MS Teams channel to fund managers (FMs).
The notification is an event-based
actionable given to FMs having
consideration to SBIMF's portfolio
composition.

SBIMF follows a quant model approach with
human in the loop in all its actively managed
funds. The fund house has an in-house
quant specialist who develops rule-based
investment strategies that incorporate its
framework that also considers ESG
parameters. Supervisory learning methods
such as regression are used for building and
implementing these models. These models
are iterated periodically to remain
constantly relevant. SBIMF has several
vendors who supply a wide range of
alternative data that are captured and
utilized in its investment decision making
process. Neo's usage extends beyond the
typical research and portfolio management
use cases. The fund house's broker voting
process which was earlier maintained in
excel sheet is now built into the platform -
making it far more transparent and efficient.

Beyond Neo, SBIMF is working on several
projects - some of them have reached
prototype stage while others are in various
stages of build.

)
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Projects in prototype or POC stage

Al-enabled chatbot on top of Neo. It o
facilitates use of SBIMF's internal

research data and external data. This

can be used to generate actionable

insights through query interface for use

by FMs. External data is sourced from

various published sources (such as

broker reports, CMIE/Cline, government
data) as well as alternative data.

Alternative data is collected from both
in-house research staff and external

data vendors. These alternative data

sets are obtained through website

scrape, online portal customer product
reviews, social media posts, earnings

concall transcripts. This chatbot is o
currently ready as a prototype. This is

being developed in-house in partnership

with a US-based Al startup while

residing on SBIMF’s Azure private data o
Cloud.

Investment risk function use case - the

tool scrapes trade, pre-trade and post-

trade through voice/email/text

information using mistral-based engine
which is developed using a fintech
partnership. This project has achieved
prototype status now and will go in
production in soon.

I Figure 8: SBIMF's Al/ML Progression.
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Projects in build phase

Data lake - SBIMF is in the process of
building a data lake that functions with
Investor 360 approach. While current
tools being used can do transcript
generation after the conclusion of an
earnings concall or a management
meeting, data lake will enable live
update of the concall/meeting and can
generate notifications live which will
assist in taking timely action in
portfolios by FMs. Similarly, portfolio
attribution and portfolio analysis can be
conducted using data lake. PWC is
consultant and a fintech is partner for
SBIMF in this project.

Operational efficiency projects - In
reconciliations, both automations use
cases and machine learning are being
developed.

CIO dashboard

Front office investment management
system - This is being developed along
with Amundi (SBIMF’s JV partner in
India). This is an order execution system
and risk management system similar to
Blackrock's Alladin and built keeping in
mind the requirements of India set up.
This system when fully developed will
have Al/ML capabilities that are found
wanting in traditional fund management
applications provided by vendors in
India and used by most funds in the
country.

AlfML Enabled Front
Office Investment
Management System
{Build Phase)
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Using Al: An integrated approach

e Customer service function:
SBIMF operates a marketing cum
customer service tool which is an LLM-
based WhatsApp chatbot. The chatbot
runs on OpenAl, Llama 3.4. ChatGPT is
used for complex queries. For instance,
the chatbot answers investor queries as
varied as " What is the most suitable
investment scheme for me?”, “What are
the tax implications if | invest in this
scheme?”, “How do I record change in
my address?”. The chatbot addresses
these queries taking into consideration
the particular investor’s portfolio and
risk appetite - thus integrating well into
the customer service function apart
from being an intuitive marketing tool.

e Marketing team use cases:
Scripts are generated using Al based on
input information given, this is useful to
front-line sales teams and call centers.

Raising awareness and encouraging Al
adoption

Initially, staff were both excited about the
prospects of Al as well as worried that it
might result in job redundancies. SBIMF
addressed these apprehensions through
several awareness initiatives.

The fund house periodically invites external
experts (Microsoft, BCG) and arranges
training workshops (LLM and GenAl being
latest) to up the ante on its Al/ML
applications usage. The fund house is
utilizing a consultant to measure and
publish use of Al in the organization. This
showcases to the staff on how important
use of Al/ML is to SBIMF's management -
and hence adoption levels rise as staff get
involved in these events and read about
their colleague’s experience in use of Al/ML.
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SBIMF is currently building a data science
team that will support each department
with models and data management.

Typically, for investment use cases, the
investments team comes with use case
request to the quant team and data science
team. Then, through numerous iterations a
solution is reached for prototype.

All this has happened with a supportive
Board and Management that has devoted
time and financial resources toward
technology investments and usage.

Key Takeaways

e Collaboration with external vendors:
SBIMF's progress stems from its
agnostic and open approach to embrace
technology investments be it from in-
house build or external vendor
partnerships.

e Structured and Periodic engagement
with staff:
In order to raise adoption of Al/ML and
come up with new applications, SBIMF
conducts periodic training workshops
structured keeping in mind the needs of
its staff.

e Moving toward an “Integrated workflow
system”:
By making these technology
investments and encouraging their use,
SBIMF is moving toward an Al/ML
enabled integrated workflows system
encompassing research, order
execution, risk management, customer
service.

e Talent strategy:
A large in-house technology team, along
with building a dedicated data science
team.

)
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3. FROM QUANT TO COMPLETION - BUILDING OF DATA LED INVESTMENT
SYSTEMS: 360 ONE ASSET MANAGEMENT

Contributors: Mehul Jani, Ashish Ongari, Parijat Garg, CFA

Asset Class Coverage: Listed Equity, Long-Short, PMS

Exhibit 3: Al/ML Maturity Assessment at 360 ONE (Based on stakeholder interviews, 2025)
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Background

360 ONE Asset Management (360 ONE
AMC), the AMC arm of 360 ONE WAM,
managed INR 921 billion in assets under
management (AUM) as of 30 September
2025. The fund house offers its services
across various portfolios through the
Mutual Fund, Discretionary PMS and AIF
routes.

Start of the Al/ML Journey

360 ONE AMC's journey began in 2019 with
an initial thought to systematically capture
and utilize investment ideas generated
during periodic investment team meetings.
Subsequently, for each company under
coverage, a company profile was created
that included company information,
corporate announcements, fundamental
data, analyst estimates, company meeting
notes, target prices. 360 ONE AMC's
experience in running its quant fund came in
handy to gather all the information in one
place in a structured form - ready to be used
by Portfolio Managers. Such a structured
central information repository laid the
foundation to use Al.

Investment Research and Portfolio Management Applications

360 ONE AMC's quant fund expertise and
the associated database gave a head start to
take steps in implementing an investment
system for the entire fund house. With all
information in a central location, 360 ONE
AMC was well placed to reap the benefits of
LLMs when they were first introduced to the
world two years ago. OpenAl is now
integrated to 360 ONE AMC's central
repository. Analysts and Portfolio Managers
can ask query through the LLM to get the
information they require.

Utilizing the corporate announcement
information pulled from exchanges, LLMs

began to be used to create a summarization
tool of the announcements. Such corporate
announcement summary is also sent as an
alert to the respective analyst tracking the
sector which can be incorporated in a timely
manner for their research output.

Gradually, several tools were built on top of
the information repository with an intent to
benefit analysts and Portfolio Managers. A
customizable workflow is an integral part of
the system now. Al driven nudges are also
being gradually built into the system to
better handle cognitive bias of Portfolio
Managers.
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Focus on adoption: Through a culture that combines ‘iron fist from top’ approach and
user-friendly tools built into workflows to reduce friction

360 ONE AMC's management emphasizes
that for any data to be counted, it has to be
on the central information repository. Such
a zero-tolerance approach for data residing
in silos strengthened the adoption. All tools
and interfaces were built into the workflow
of the analyst. For instance, analyst
estimates and target prices which were in
excel before, still continues to be in excel.
The excel is uploaded to the central

repository through excel plugins.
Information can also be in pulled from the
central repository to analyst excel models.
Similar for company meetings, which
continue to be in word documents which are
then uploaded to the central repository.
Such minimal interference with analyst's
existing workflows drastically reduced the
friction to adopt.

How do Portfolio Managers Use the System?

Company categorization assists Portfolio
managers: 360 ONE AMC tags companies
across several different parameters (or
categories), which can be expanded. The
tags are a combination of investment
drivers and common risk factors. In the case
of investment drivers, the tags are - for
example, commodity price, interest rate or
electric vehicle adoption - identified as
investment drivers as the case may be for
each company. In addition, companies are
also auto tagged on the basis of common
risk factors such as value, momentum,
quality, volatility, growth. Portfolio
managers can visualize their portfolio
composition based on these tags. It helps
them to identify whether they are under-
indexed or over-indexed to any particular
tag (or factor). They can then take
appropriate action to alter their portfolio to
position for a view they might have - say,
rise in commodity prices or fall in interest
rates or rapid adoption of EVs.

360 ONE AMC has a scoring mechanism
(scores ranging 0 - 100) for its coverage
companies based on company management
quality, internal investment framework,
upside/downside based on analyst target
price vis-a-vis current market price.

Portfolio managers can view in real time,
the top investment recommendations in the
system. The system also alerts portfolio
managers if they have existing position in a
stock that has run past the analyst target
price. Portfolio managers can run portfolio
optimization to get investment
recommendation which is based on the
scoring from the system. The system also
gives an instant view of analyst's target
price history enabling portfolio managers
with valuable behavioural insights.

The system is enabled with hypothesis tool
that enables portfolio managers to visualize
scenarios as outcomes due to change in
portfolio composition. Using a natural
language tool, portfolio managers can query
on the system to get portfolio change
recommendations as per the parameters
(for example, low volatility stocks) they
choose. The system also handles portfolio
constraints which can be used as inputs by
the portfolio manager.

As analysts and Portfolio managers saw
value getting delivered to them, the
adoption rose. Today, it is used regularly by
all members of the investments team.

)
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Figure 9: Working of 360 ONE AMC's Investment System

Company information, Corporate announcements, Fundamental data, Analyst
estimates, Company meeting notes, Target prices, Portfolio Composition

Company Company
Score Categorization
B Centralized Beas
Investment
System

LLM interface for query

FM Query Hypothesis
viaLLM Tool

Build Vs Buy

360 ONE AMC's systems for its investment function are completely built in-house. For LLM,
integration with Open Al has been enabled.

Key Takeaways

e Simplicity in systems:
360 ONE AMC's investment system rests on its core belief in investment models to be
simple, transparent and explainable.

¢ Quant fund experience gave a head start:
A Centralized Database, investment approach and expertise in managing its quant fund
gave 360 ONE AMC a head start to implement a common system now being used across
all its investment funds.

e Culture first approach:
Technology is an only an enabler and adoption is key to success of any system.

e Benefit to investment teams is vital:
Productivity gains, Handling of cognitive bias in investment decision making, Portfolio
construction & stock picking tools have been areas of focus so far.

YD
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BROKERAGES

“Old moats are getting filled in and new moats are harder to predict, so it's getting harder.”

— Charlie Munger
INDIA BROKERAGE FIRMS
Landscape Ripe For Al/ML Adoption
The Indian mutual fund industry has grown traditional 0.5-1% brokerage fees, to Zero
at a brisk pace amidst growing disposable fees on equity trades and a flat 320 per
household income, rising financial literacy, trade fee on F&O trade. Zerodha pioneered
operational convenience to invest, a this business model, and that led to an
conducive regulatory environment, and a explosive growth in users from 30,000
widening distribution channel. (2015) to 7+ million (2024). Discount

India h ichand d brok K brokers now command 63% market share,
ndia has a rich and deep brokerage market compared to traditional full-service players

valued at $4.2‘5.bi||ion, and is projected t? like ICICI Direct, HDFC Securities, and Kotak
reach $6.21 billion by 2030. Total NSE active Securities. The competitive landscape

. o e
clients grew 21% to reach 49.2 million in reflects this disruption: Groww leads with

FYﬁ?' driven by dcilgital onboarlt(:ling, lower 23.4% market share (9.5 million clients),
tra flng costs, aE, stronghrr)alr et v fuelled followed by Zerodha at 17.9% (7.3 million
performance. This growth is largely fuelle clients), and Angel One at 16% (7.8 million

by retail investors, with increased
participation in F&O. Notably, India
accounts for 70%+ of global F&O traded

users) as of 2025. Other significant players
include Upstox and 5paisa.

volume in 2024, Brokerages have so far mainly adopted
. L Al/ML tools in KYC processes (automated
The industry has undergone a significant Video KYC), Customer Service chatbots,

transformation over the past decade, after
the introduction of the zero-brokerage
business model. A marked shift from

sales & marketing operations to identify
target customers, and in risk management /
AML applications.

I Table 2: Forward Evolution of Brokerages - Al Headwinds and Opportunities

THEME HORIZON STRATEGIC IMPLICATION

SEBI's F&O changes are only the opening move. Regulators are

Near-term also expected to set guardrails on Al usage across mass-
g e (2026-27) personalisation, low-touch trade execution, marketing, and
F&O reforms & Al advisory, with the boundary between analytical capability and
guardrails regulated advice likely to receive sharper definitional scrutiny.
= Brokerages can now decouple content volume from headcount.
Scaled Financial Near-term An emergif\g. model pairs human editorial oversight with Al-
Education (2026-27) powered digital avatars and automated content workflows.
GenAl avatars + human Human oversight sets quality; Al handles production at scale.
edjtorial

)
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THEME HORIZON STRATEGIC IMPLICATION

@
Mass-Affluent
Personalisation

Al narrows the service gap between mass-affluent and
Mid-term HNI/UHNI segments: suitability, tax, rebalancing, planning,
without proportional advisor cost.

HNI-grade services at
scale
Trade execution and core brokerage services are becoming
v backend utilities, essential but unseen, as customers
_E increasingly interact through third-party frontends: news
Brokerage as platforms, analytical tools, and aggregator apps. An analogy is
Infrastructure Long-term cloud computing: no one selects a provider for its interface.
Invisible backend, open Early signals are already visible in API-first architectures and
frontends protocol layers such as MCP that let customers connect
portfolio data to external tools. Customer relationship migrates
to aggregators. Regulatory compliance is handled by the Infra.
n LLM automation will displace operational roles. At least one
. prominent firm has responded with a formal no-displacement
Workforce Transition Mid-term commitment, redirecting affected employees toward upskilling.
Automation meets Firms need explicit reskilling frameworks as an ethical obligation
responsibility and a retention strategy.

BOX 3: What is MCP, and why does it matter?

MCP functionality is simultaneously highly simple, and highly enabling. The functionality of
an MCP is quite simple, very much like exposing APl endpoints to read data in JSON / XML
- this has existed for decades now.

True potential here lies in allowing Al to read the MCP output, and integrate it with other
logics & systems without needing any explicit system integration. This is unprecedented
since it combines vast input data, with the power of the LLMs own inference engine. Today,
this means LLMs can answer simple questions like “Show me my best and worst performing
investments”, “Calculate the VaR of my portfolio” by using various underlying tools
(calculators), and datasets (MCP output) without needing to explicitly be coded to solve
this problem. In the future as LLMs evolve, one can reasonably imagine more complex use

cases become available - dynamic dashboards.

The power of MCP protocol is twofold.

1. Democratizes access to information. Data providers no longer benefit from
“proprietary system integrations between X and Y" because this is integration is
now natively handled within the Al agent. Rather they will be incentivized to open
up their data, and be measured on the performance of the service.

2. Interconnected web of applications. As more systems make data available via MCP,
integrative use cases compound rapidly (think MCP for visualization + MCP for news
+ MCP for portfolio stats).

The Al LLM here acts as the conductor in an orchestra, selecting and coordinating the
appropriate tools for each task. Even if MCP gets replaced by a similar protocol, the same
foundational principle holds: open up data, and allow LLMs to generate rich answers.

B
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CASE STUDIES

1. FULL-STACK Al: GROWWS'S Al JOURNEY

This case study is CFA Society India's perspective of Groww's Al initiatives. CFA Society India
had a conversation with Mr Alok Srivatsava (Head-Al/ML at Groww)

Exhibit 4: Al/ML Maturity Assessment at Groww Investment Services (Based on stakeholder
interviews, 2025)

Customer | Sales & Client . Research & Internal .
Service Marketing | Compliance Onboarding Advisory Productivity
(KYC, AML) (Engg, Ops)

Automation

Data Science
Al/ML

Company Strategic Positioning

Groww is India's largest discount brokerage platform by active client count, holding
approximately 28% market share with 12.5 million active clients as of January 2026.
Founded in 2016 by four ex-Flipkart employees: Lalit Keshre (CEO), Harsh Jain, Ishan Bansal,
and Neeraj Singh (CTO), the company is listed on Indian stock exchanges and has a market
capitalization (as on 19t February 2026) of over INR 1,000 billion.

Figure 10: Groww Timeline of Operations & Acquisition

Product-Market Fit Market Leadership: Vertical Integration: Regulatory . .
Pivot: Robo-advisory Became India's Acquired AMC Expansion: Payment Listed on Indian
— Direct mutual largest broker by capabilities ahead of aggregator license Stock Exchange
funds active clients competitors from RBI

2016-2017 Sept 2023 2023 2024

April 2021 FY2023 March 2024 2025

Unicorn Profitability: Parent Reverse Flip: Horizontal
Achievement: $1B company turned Successfully Integration: Acquired
valuation in 5 years profitable after 7 completed domicile wealth management
years shift to India through Fisdom

Groww occupies a distinctive position in India's brokerage industry due to two strategic
advantages. First, its user base is highly diversified geographically, with 80% of users
coming from outside the top six metros (Bengaluru, Delhi, Mumbai, Chennai, Pune, and
Hyderabad): a largely underserved segment that competitors have struggled to penetrate at
scale. Second, while brokerage generates over 80% of revenues, Groww has built full-stack
capabilities since 2023, expanding into AMC services (via the Indiabulls AMC acquisition®?),
wealth management (via the Fisdom acquisition’® in 2025), lending”!, and payment
aggregation’2, This combination of tier-2 city penetration and diversified service offerings
creates a differentiated growth pathway in an increasingly competitive market.

¢ ETtech, “Groww Completes Rs 175 Crore Acquisition of Indiabulls’ Mutual Fund Business,” May 4, 2023.
7° Upadhyay, “Groww Completes Acquisition of Fisdom,” October 7, 2025.

" ETtech, “Groww Creditserv’s Loan Book Grows to Rs 965 Crore by June,” October 3, 2024.

2 Upadhyay, “Groww Receives RBI Approval to Operate as Payment Aggregator,” April 30, 2024.

)
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Al Strategy

Groww has established a dedicated Al/ML

function led by Alok Srivastava, with a team

of approximately 15 professionals driving

strategic adoption across the organization.

The company takes a developer-first

approach to Al, focusing on three key areas:

1. Accelerating product development and
integration

2. Enhancing customer experience through
intelligent tools, and

3. Improving internal productivity.

On build vs buy, Groww uses a pragmatic
blend: building in-house solutions for core
capabilities and internal tools where domain
expertise is critical, while partnering or
acquiring specialized solutions (like KYC
vendors, or the recent Fisdom acquisition)
to accelerate time-to-market.

This balanced approach allows Groww to
move quickly while maintaining
differentiation in key areas.

At Groww, we view Al as a strategic differentiator that compounds over time: powering how
we discover, decide, and deliver for investors. Our approach is intentional and impact-driven:
build where we create lasting advantage, and adopt where it accelerates scale. The future of
investing, as we see it, is Al-native, where every customer interaction is intelligent,
personalized, and effortless.”
— Alok Srivastava, Head of Al/ML, Groww

Al Implementation

Groww deploys Al across multiple use
cases, from customer-facing applications to
internal operations. See Figure 11 below for
a detailed view on use cases across the
organization. As can be seen in this table, Al
usage in Groww ranges from forays into
frontier product 915 Trading Terminal, to
supporting roles in many core operations
such as educational content, customer

service, productivity, reporting, and lending
decisions. The 915 Trading Terminal
represents Groww's most ambitious Al
deployment: a multi-agentic system that
blends real-time market data with LLM-
powered analysis to help technical traders
make informed decisions. This is currently
live for traders and expected to roll out to
the broader investor base.

I Figure 11: Snapshot of the 915 Trading Platform Demo
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I Table 3: Al use cases in Groww

Use Case

GR1

Groww MCP (Model
Context Protocol)

915 Trading
Terminal

Educational Content

Customer Service
Chatbots

Customer Service
Agent Helpers

Description

Gen Al-based financial assistant

MCP connector to connect Groww
accounts with Al assistants (Claude,
Cursor, VS Code) for portfolio
intelligence, F&O analytics

High-performance trading platform
for company research, technical
analysis, backtesting & portfolio
strategies

One of the richest content platforms
in the industry. Publish extensive
content for investor education

Chat interface, with answers to
frequently asked queries

Internal tool to aid customer service
agents in answering queries

Internal Productivity Use Al and LLMs to improve developer

(Developers)

productivity

Internal Productivity Use Al and ML to improve operational

(full org)

Lending

Onboarding - Risk &
Compliance

efficiency

Credit underwriting

Onboarding and KYC for new
customers

Al Usage in Groww

> Enterprise-grade multi-agentic
architecture

> Natively Al product, enables
clients to interact with Groww
account data

> Multi Agentic architecture - uses
tools & real-time news feeds for
information. LLMs are the
summarizers, workflow supervisors
> Uses real-time data for trading
analytics.

> LLMs improve Marketing team
productivity - help with ad scripts,
brief

> LLMs to analyse and monitor a
huge amount of stock & market
data. Helps put together the script.

> Use RAG pipelines on FAQs and
APIs for customer data.

> Multi-language support

> Al Dashboards with relevant
customer information

> Help with first draft

> Copilots for Developer Productivity
> Text to SQL converters for
analytics

> Legal automation - draft & review
legal clauses, mandatory conditions.
> Quarterly report generation

> News scrapers

> ML used for Lending & Credit
decisioning, the underwriting
process is nearly fully automated

> Face match, document match
> Bank statement verification
> ML Model + human in Loop

Groww's pragmatic build-and-buy strategy reflects a broader philosophy: build where you
can differentiate, buy where you can accelerate. For internal productivity, Groww invests in
custom Al tooling that fits their specific workflows. For regulated functions or mature
markets, they leverage proven vendor solutions to reduce risk and speed up deployment.

)
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Challenges
Navigating Regulation and Reality

Groww's Al challenges mirror broader
industry headwinds. SEBI and RBI maintain
close oversight of Al deployments,
particularly around customer-facing
features. This creates a two-speed approval
environment: internal productivity tools and
chatbots move relatively fast, while
customer experience enhancements are
treated more carefully. Customer protection
remains the regulatory north star, and
compliance adds months to deployment
cycles.

Key Takeaways

The POC-to-Production Chasm

Building a working POC takes roughly two
weeks. Getting that same solution
production-ready, through security reviews,
compliance checks, and regulatory
approvals, stretch to three months or more.
This gap has created the industry's "POC
graveyard." The challenge isn't technical
capability; it's designing for production from
day one.

Groww's approach offers a practical blueprint for financial services firms navigating Al

adoption.

¢ Dedicated leadership matters.
Groww'’s Al ML team doesn't just build
models: they drive strategic adoption
across the organization with executive
sponsorship.

e Blend build and buy for velocity.
Groww believes in building in-house Al
capability and solutions by using Al
platforms available in the market. When
speed to market is a priority, this
approach is strong.

D
36 7 |

e Solve business problems, not Al
problems. The 915 Trading Terminal
exists because technical traders needed
better research tools, not because
Groww wanted to deploy multi-agentic
architecture. This mindset keeps
initiatives out of the POC graveyard.

e Design for production economics from
day one.
Groww architects’ solutions considering
token costs, model selection, USD-INR
gap, and use case scale upfront.
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If I'd asked customers what they wanted, they would have told me, ‘A faster horse!"

— Henry Ford

INDIA INSURANCE

Life insurance companies are extensively
implementing Artificial Intelligence (Al),
Machine Learning (ML), Data Science, and
automation to deliver a superior customer
experience (CX) and ensure seamless
engagement across the entire policy
lifecycle. Adoption of these technologies
enables frictionless customer journeys,
such as simplifying the digital onboarding
process, which allows for quicker
turnaround times. Digital tools and Al-
powered solutions, like chatbots, provide
24/7 self-service capabilities and support,
enhancing accessibility and handling a large
volume of customer interactions and
queries. Companies are leveraging advanced
analytics and Al to personalize solutions and
communications based on deep customer
insights, aiming to provide the most
relevant offerings at every life stage. In
terms of internal efficiency, automation
techniques, including the widespread
deployment of Robotic Process Automation
(RPA), streamline operations, reduce
manual effort, and thus boost overall
productivity for employees and distribution
partners alike.

The implementation of these technologies
is fundamentally also driven by the need to
fortify core insurance operations, especially
risk management, and ensure strategic
future-readiness. Al and advanced analytics
are improving risk assessment, enhancing
underwriting precision, and automating
crucial functions like fraud detection.

Predictive models utilize data to identify
and flag high-risk claims or activities,
resulting in significant savings and

preventing fraudulent payouts. Additionally,
data science is vital for mitigating
persistency risk as predictive models
identify policies likely to lapse early,
allowing companies to intervene with timely
engagement and tailored support options to
improve retention.

In General insurance, companies have
implemented such capabilities to enhance
operational efficiency, improve customer
experience, and drive innovation across
their business processes. These
technologies are enabling the company to
streamline critical processes such as claims
management, underwriting, policy issuance,
and fraud detection, ensuring faster and
more accurate service delivery. Al-powered
tools such as Al assistants and automated
claims adjudication systems are launched to
improve service delivery by offering faster
claim approvals and intuitive customer
interactions. Additionally, the integration of
Generative Al and advanced analytics allows
the company to better understand customer
needs, detect fraud, optimize risk
assessment, and personalize insurance
products, ensuring tailored solutions for
customers.

In health insurance, such technologies are
positively changing the claims experience
for customers by employing Al automation
engines that use OCR (Optical Character
Recognition) to read documents, cross-
verify bills, flag mismatches, and approve
straightforward cases instantly, reducing
claim turnaround time (TAT) and minimizing
human error.

)
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CASE STUDIES

1. FROM BEING EARLY TECH ADOPTERS TO Al WITH COMPLETE INTENT:

HDFC LIFE

Contributors: Balkrishna Singhania

I Exhibit 5: Al/ML Maturity Assessment at HDFC Life (Based on stakeholder interviews, 2025)

Customer
Service &
Operations

Sales &

Automation
Data Science

Background

HDFC Life Insurance Company Limited, the
life insurance business of the HDFC group,
has INR 3,599 billion in assets under
management (AUM) as of 30 September
2025. The life insurer offers a
comprehensive product range comprising
term, endowment, savings, retirement,
annuity, unit-linked, and money back
categories.

I Figure 12: Al Integration in Business Functions

T

- Low Code, No Code Solutions

Compliance

- Compliance GPT
- Privacy laws compliance

Risk Management

- Early detection of fraud

Marketing

Claims &
Underwriting

Risk &

. Investments
Compliance

Start of the Al/ML Journey

With the aim of building in-house expertise,
the Company set up the Data Labs team in
2017, which has now grown to become a
100-member team. Initially, Al initiatives
were of traditional Al form, applied toward
identifying cross-sell opportunities for the
Marketing function and spotting early claim
propensity for the Risk Management
department. Over the years, it has
expanded to multiple applications covering
numerous activities in the organisation. The
figure below shows examples (not
exhaustive) of such applications. These are
elaborated in subsequent paragraphs.

Customer Service

- Auto email responders
- Proactive resolution of Customer compiaints

Sales and
Distribution

- Driving sales support through GPT

Operations

- Data Document Extraction Hub
- Investments Operations function

- Al-enabled analytics backed Underwriting




Auto email responders and Data Document
Extraction Hub: When a customer sends an
email requesting, say, a payment invoice or
a policy document, the Auto email
responder processes and sends the required
information instantaneously to the
customer. As against manual processing of
such requests, this saves time, cost, and, in
addition, results in superior customer
experience.

Digital issuance of life certificate using face
match and liveliness: Aadhar authenticated
photo is taken in case the existing photo is
old and is of low resolution.

Data Document Extraction Hub: This acts as
a centralised platform that integrates
multiple OCR/LLM engines to automatically
extract, validate, and standardise key
information from diverse documents in
various formats and languages. While OCR
technology has been used for a long time,
accuracy has improved considerably
through this platform.

Proactive resolution of Customer
complaints: Predictive analysis is carried out
to arrive at the possibility of mis-sell
complaints or policy servicing complaints by
customers. One of the inputs that goes into
this is emails or calls from customers, on
which sentiment analysis is carried out.
With information on the likelihood of such
complaints, the timely resolution of these
complaints is made possible during the
policy servicing stage itself, hence
improving persistency.

For policy renewals, such analysis enables
categorising customers on the basis of the
likelihood of timely renewal premium
payments. Customers needing only nudges
are sent WhatsApp or SMS reminders,
which is cost-efficient. Those who need
multiple follow-ups are reminded by phone
call - which is a more expensive means to
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remind. Hence, this approach improves both
cost efficiency and customer experience -
for example, a reqgular paying customer does
not receive repeated reminder calls.

Early detection of fraud: It has been
observed that if a policy claim comes in
early into the policy term - say, first or
second year itself, then there is a high
likelihood of fraud. In many cases, HDFC Life
is unable to prove the fraud, although. Such
frauds could arise from systematic sources
or individual-driven. HDFC Life has
statsmodels for arriving at early claim
propensity, thereby detecting fraud early.
When a potential fraud is flagged by the
model, actions taken include insisting on
more documentation and/or medical-based
underwriting.

Al-enabled analytics backed Underwriting:
Using medical files that customers give, a
health score on the lines of a credit bureau
is arrived upon using Al tools. This is useful
input for medical underwriting - an essential
part of risk management. This score is
available for all customers who have gone
through a medical assessment.

Driving sales support through GPT: Product
suitability is generated based on customer
preferences. A customer is only pitched
products that suit him/her. ProductGPT acts
as a tool for querying all the brochures for
product-related questions. Through
analytics, the Pre-approved Sum Assured
(PASA) offering to customers is enabled
through both internal and partner channels.

Virtual FLS is a virtual sales agent powered
by Agentic Al to engage prospects, answer
queries in real time, and drive
conversations. It is efficient, consistent, and
scalable across all digital channels. One
other initiative is the Sales pitch generator,
which is a personalised sales pitch
generator integrated through mobile apps.

Well-developed Al/ML Ecosystem: Broadening Implementation

Al/ML usage at HDFC Life now stretches much wider than customer service & operations:

e Compliance GPT:
All IRDA circulars are ingested via LLM.
Any user can query on a particular topic
for the latest guidelines. The resultis a
specific regulation quoted with source,
along with the history of that regulation.

¢ Information Technology:
HDFC Life's software development team
has access to a DIY Al tool for low-
code/no-code that cuts software
development time.

)
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e Investments Operations function:
Automation in present value calculation
for Investment Operations is already
live. For the Investment research &
portfolio management function, use
cases such as Al-assisted presentation
slides, report writing, and summarising
information from multiple sources are
currently in the build phase.

A Tech-Driven Culture Built with Purpose

Accuracy Vs Speed to Market:

HDFC Life pays attention to the cost of
going wrong. In a marketing pitch, speed to
market is more important than the cost of
one phone call. In areas such as Risk,
Claims, and Underwriting, the cost of going
wrong can be high - hence, accuracy is more
important. Specific Al applications are built
taking into consideration this paradigm.

Combination of external data with internal
data for its Al/ML/Data science tools:

In addition to customer-given data,
Insurance Information Bureau of India (11B)
data is used. Demographic information - for
instance, PIN code information-based
triggers for more documentation and/or
medical tests. HDFC Life does not conduct
social media scraping without explicit
customer consent.

Management buy-in:

Al and tech initiatives in general need
support from top management. HDFCL has
supportive management in this regard.

Key Takeaways

e 360 Degree use of Al: HDFC Life's use of
Al/ML has, over the years, spread across
many of its functions - both internal and
customer-facing interfaces are driving
the adoption.

e Tech culture tailored to needs: Given the
diverse needs of a large insurer, a one-
size-fits-all tech strategy is ineffective.
Hence, each user department has a well-
thought-through Al applications
strategy tailored to its requirements.

e Privacy laws compliance:
Through Video Aadhar masking. While
on a video call with HDFC Life staff, the
customer’'s Aadhar document shown is
blurred as required by data privacy laws
for the Aadhar document.

Use of GenAl:

Currently, GenAl is being used only in
internal requirements. None of the
customer-facing processes employs GenAl
capabilities currently. Accuracy is a key area
of attention before GenAl is considered for
customer-facing processes.

Test & Control Approach:

In order to measure the success of Al
initiatives, a test and control approach
considering the business model has been
followed. For instance, for Claims - “ by how
much has the number of claims come down”
is a measure.

Awareness and Training:

The Data Labs team of HDFCL conducts
periodic training and awareness sessions
that drive Al usage in various user
departments, apart from showcasing live
projects. To its staff in general, HDFCL is
driving the message that tech adoption is
key to survive & grow in this Al-era, and in
such a scenario, job loss is not a concern.

e Constant strive to innovate with
collaboration: An in-house Data Labs
team collaborates with the user team
and technology team to come up with
POC, prototype, pilot, and launch.

e Tech adoption key to survive & grow: By
awareness, training & workshops, HDFC
Life inculcates Al adoption habits and
reorients staff's saved time to higher
value tasks that deepen creativity, build
customer rapport, and provide solutions
in an ever-changing world.
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2. DIGITAL-NATIVE INSURANCE MEETS Al:
ACKO'S TRANSFORMATION JOURNEY WITH Al ASSIST AS FLAGSHIP

Contributors: Harish Rama Rao, Shirsha Majumdar

Exhibit 6: Al/ML Maturity Assessment at ACKO Insurance (Based on stakeholder interviews,

2025)

Sales &
Marketing

Customer
Service

Automation

Data Science
Al/ML

Background

ACKO is India's first digital-native insurance
platform. Founded in 2016, ACKO pioneered
direct-to-customer distribution and zero-
commission insurance policies across
automobiles, travel, health, and micro-
insurance products. ACKO has INR 29 billion
in assets under management (AUM) as of 30
September 2025, with annual revenues of
approximately $250 million.

Claims & Risk & Internal- .
Underwriting | Compliance Productivity
(Engg & Ops)

ACKO operates within India's $222 billion
insurance market, dominated by legacy
players including LIC, SBI, ICICI Lombard,
and Bajaj Allianz. These incumbents
maintain substantial scale through offline,
commission-based distribution networks.
ACKO has built its reputation on digital
innovation, pioneering micro-insurance
strategies and customer-centric design with
data and technology as core operational
pillars.

Evolution of Al at ACKO: From Foundation to Scale

ACKO's journey with Al began in 2016, well
before the emergence of generative Al.
Early investments in data engineering and
robust data pipelines enabled the
organization to adopt new tools and
frameworks with agility. ACKO deployed
traditional supervised learning and
statistical models extensively for insurance
underwriting risk assessment and pricing
decisions. This foundation of strong data
infrastructure and experienced engineering
teams positioned ACKO to experiment
rapidly as Al capabilities evolved.

Following the launch of generative Al
technologies in 2022-2023, ACKO adopted a
sequential 4-pillar implementation approach
in 2023:

1. Al for internal productivity across
developer and marketing teams.

2. Al-enabling proprietary technology
stack SureOS, powers all applications.

3. Al-enabled customer-facing applications
for enhanced customer experience.

4. Al-powered dashboards for strategic
decision-making and real-time metrics
monitoring.

This deliberate sequencing allowed ACKO to
build internal expertise and measure
business impact before customer
deployment. ACKO prioritized supervised
internal adoption: testing tools with
employees across the organization, before
introducing Al into customer interactions.
This foundation ensured customer-facing
applications would deliver reliable,
compliant, and high-quality experiences.

)
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I Figure 13: Al Implementation Funnel
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Applied Al for Insurance Sales

Following internal validation, ACKO
launched ACKO Agentic Assistant in 2023: a
customer-facing Al Agentic assistant that
handles insurance queries throughout the
customer lifecycle with the personalization
of an experienced relationship manager.
Available through ACKO's website and app,
assist addresses queries across the full
customer journey, with particular strength
in self-assisted support, both pre-sales and
post-sales, where access to comprehensive
customer data enables highly personalized
responses. Customers approach ACKO with
diverse queries ranging from personal
health considerations ("My family has a
history of diabetes: how does that affect my
insurance coverage?") to claims-specific

questions ("lI've been in an accident recently:

what is covered under my policy?") and
detailed policy clarifications. Answering
these questions at scale requires both deep
insurance domain knowledge and individual
customer context, including medical
declarations, claims history, and family
health background. ACKO deployed a
retrieval-augmented generation (RAG)
system drawing from its comprehensive
knowledge base, policy documents,
historical customer service interactions,
claims processing guidelines, and FAQs,
with automated ingestion as policies evolve.
The architecture integrates this institutional
knowledge with customer-specific data,

enabling contextually relevant responses
that account for individual medical histories,
previous interactions with ACKO, and
coverage details. ACKO maintains flexibility
in LLM selection, adapting as models evolve.
ACKO has deployed agentic capabilities
within its RAG assistant (Section 2.2 covers
RAG principles), enabling autonomous
planning and execution. The assistant
performs tool-based actions, including
communication routing and policy record
updates, without the need for
predetermined workflows. An agentic
architecture delivers flexible, dynamic
behavior: moving beyond simple Q&A to
intelligent planning, contextual awareness,
and adaptive action. Critical safeguards
ensure responsible deployment.

A classification layer and system prompts
enforce question boundaries: for example,
assist declines medical questions requiring
professional clinical judgment ("Do | need
surgery for this condition?") and instead
explains its limitations while providing
appropriate contact information. Customer
confidentiality remains paramount: all
personally identifiable information,
including names and medical conditions, is
masked before any data reaches external
LLM providers, ensuring compliance with
privacy regulations while maintaining
response quality.
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I Figure 14: Sample Interaction with ACKO's Agentic Al Assistant

> ACKO Expert
[}

Available on chat 24x7

My family has a history of diabetes: how does that affect my insurance coverage?

A family history of diabetes can be a factor that insurance
providers consider when you apply for a health insurance
policy. While it doesn't automatically mean you'll be denied
coverage, it might be viewed as a pre-existing condition or
a higher risk factor.

This could potentially lead to a higher premium, or in some
cases, a waiting period before coverage for diabetes-
related conditions begins. It's important to disclose your
family's medical history accurately during the application
process, as non-disclosure can lead to complications later.
Each insurance provider, including ACKO, assesses such
risks based on their underwriting guidelines.

We understand you're looking for infermation on diabetes
treatment. However, as insurance experts at ACKO, we
focus on insurance-related queries. For medical advice and
treatment options for diabetes, we recommend consulting a
qualified healthcare professional or your doctor. They will be
able to provide you with the most accurate and
personalized guidance.

A family history of diabetes can be one of the factors that
insurance providers, including ACKO, consider when
determining your health insurance premium. It's often
viewed as an indicator of a potentially higher risk.

The exact impact on your premium can vary significantly
becouse it depends on several elements:

Enterprise-Wide Al Deployment

how do i get treated for diabetes?

how much will family history of diabetes impact premium

ACKO has deployed Al across all operational layers, transforming internal workflows and
core insurance functions.

Internal Operations:

Productivity: SureOS serves as a common Al platform across all 1,500 employees. Off-
the-shelf code copilots accelerate development, while GenAl supports P&L financial
modeling, marketing campaign optimization, and customer segmentation.

Strategic Visibility Al-powered dashboards provide executives with real-time visibility
into system performance and business metrics: claims processing, policy approvals, and

cash flows.

Impact: This Al-driven productivity enables business expansion without proportional
headcount growth, and faster time-to-market for upcoming features.

)
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Core Insurance Operations:

e Underwriting:
Machine learning models drive policy
approvals with on-demand human
oversight, using "multi-competency
models" that combine process
knowledge with automated validation to
identify errors and validate details, and
automated decision-making rules for
underwriting.

e Claims & Risk:
Pattern detection algorithms monitor
fraud risk, ML models support claims
approvals, and Al-powered systems
track operational and market risks.

Culture

As a digital-first insurance platform, ACKO
places engineering and technology
innovation at its operational core. With
approximately 1,300 employees organized
into small, cross-functional teams and a flat
hierarchy, the organization enables rapid
iteration. The CTO and product leaders,
supported by a steering committee, drive Al
investments through both top-down
strategy and bottom-up experimentation,
moving features from concept to
production in under three months.

Key Takeaways

e Data Infrastructure Enables Al Velocity:
Establish robust data engineering and
governance before scaling Al initiatives.
ACKO's foundational investment
enabled prototype-to-production
deployment in under three months,
while technical debt constrains
experimentation.

e Build In-House for Strategic
Differentiation: Strong engineering
teams should build core Al capabilities
internally while adopting third-party
tools for commodity functions. Invest in
upskilling engineering talent to create
custom-tailored solutions for domain-
specific needs.

e Deploy Internally Before Customer
Launch: Validate Al with supervised
internal adoption before external

e Customer-Facing Applications:
Following early chatbot experiments,
ACKO developed the Al Agentic
Assistant (detailed earlier), integrating
institutional knowledge with customer
medical and claims history for
personalized guidance.

e Governance:
ACKO conducts bias testing across
models and masks all personally
identifiable information before
transmission to external LLM providers,
maintaining regulatory compliance and
customer trust.

ACKO prioritizes in-house development for
core capabilities: building SureOS, the
Copilot RAG system, and underwriting ML
models internally. This approach reflects
ACKO's strong engineering culture and
customization requirements; vendor
evaluations revealed insufficient depth for
their needs. In-house builds also control Al
experimentation costs and accelerate
iteration. ACKO adopts third-party
solutions: cloud infrastructure, LLM APIs,
and developer tools, where they add value
without differentiating the platform.

deployment. Testing across employee
workflows first builds expertise and
reduces risk for customer-facing
applications.

e Balance Personalization with Guardrails:
Customer-facing Al requires deep
personalization within clear boundaries.
Use classification layers and system
prompts to prevent Al from
overstepping into inappropriate
domains like medical or legal advice.

e Embed Privacy and Compliance from
Day One: Mask personally identifiable
information before external LLM
transmission, conduct bias testing, and
maintain regulatory compliance. These
safeguards must be built into Al
architecture, not added later.
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GLOBAL LANDSCAPE, PITFALLS & LIMITATIONS

“The first rule of any technology used in a business is that automation applied to an
efficient operation will magnify the efficiency. The second is that automation applied to an
inefficient operation will magnify the inefficiency

”

— Bill Gates

Global Landscape

By Brian Pisaneschi, CFA, Senior Investment Data Scientist, CFA Institute

Global Landscape of Al in Asset and Wealth Management

Right now, Al in asset and wealth
management is evolving along two main
paths. On one side, you have the traditional,
more technical use of Al, like machine
learning and statistical models that have
been part of investment management for
years.

The skillset here is still highly desirable,
which would include a deep understanding
of statistics and machine learning
techniques, the ability to process,
transform, and visualize data, and the ability
to communicate these findings to a broad
audience. In fact, many of the models in
production haven't changed much.

If you already had a model with 99%
accuracy, why change?

The other side is what's happening now with
multi-modal large language models
(MLLMs). We can broadly define their value
across several dimensions:

e Alpha Generation.
MLLMs are unstructured-data parsing
machines. They've taken what used to
require huge amounts of labeled data
and data science talent and put it in the
hands of everyone. With MLLMs, we can
now classify, extract, or summarize data
with only a few examples in a prompt —
democratizing the use of alternative and
unstructured data. This shift is changing
how we find alpha, how we screen
stocks, and how we synthesize
information. Analysts can now generate
new insights from text, transcripts,
filings, and even audio or visual content
that were previously too time-
consuming to process.

Research Efficiency.

Analysts who used to read ten reports
or news articles a day can now process
thousands. The ability to train a model
on the way an analyst looks for
information — the types of data they
prioritize, the way they evaluate
qualitative and quantitative indicators —
allows these systems to act as scalable
research assistants. Tools like ChatGPT
Deep Research, and Perplexity can now
run literature reviews in seconds,
surfacing relevant insights, or revealing
gaps in existing thinking or reports. We
can even build our own “deep research”
tools tailored to specific data and
resources enhancing the speed and
breadth of our own research process.

Coding Assistance.

Coding assistance has quickly become
one of the main areas of value creation
in finance. Investment professionals
deal with heavy computation, modeling,
and data transformation — work that's
long been done in Excel but is now
expanding quickly into Python. With the
increased use of alternative and
unstructured data we're looking deeper
into thematic identification across social
media, investment forums, and news,
extracting signals and visualizing them
to quantify new sources of alpha - this
requires coding skills. Tools like Claude
Code, ChatGPT Codex, GitHub Copilot,
and Google Colab Al Assistance have
made coding accessible to those who
understand investment logic but aren't
expert programmers, enabling more
people to build and test models directly.
This has accelerated the adoption of

)
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Python across the industry and made
foundational skills — in computer
science, statistics, data visualization,
and machine learning — more important
than ever.

Customization.

Agentic Al is transforming how we
deliver customization in finance. We can
now create more robust screening and
portfolio-construction agentic
workflows that adapt to specific
investment criteria, client preferences,
or regime views. Instead of rigid filters
and static thresholds through the classic
scorecard methodology, these systems
integrate more human judgment — for
example, integrating custom ESG
criteria tailored to a client's intangible
values that don't align easily with
available ESG data. Agentic workflows
can scale this personalization across
thousands of securities using deep
research tools, creating custom index-
like portfolios.

Administrative Efficiency.

On the operational side, Al is driving
huge gains in efficiency. Tools that
handle meeting transcription,
summarization, and text generation are
cutting out hours of manual work, while
voice-to-text capabilities make it easier
to capture and organize information in
real time. We can now prepare for client
meetings more effectively — tailoring

notes, questions, and presentations to
each client’s personality and preferences
— and automate follow-up and
documentation afterwards.

What's really enabling the use case and
value proposition of Al going forward is
agentic Al — the ability for models to call
external tools and data to enhance their
knowledge and accuracy. Connecting
MLLMs to everyday systems like Teams,
Gmail, or internal databases and file
systems expands what they can do beyond
the traditional limits of machine learning.
This is driving the rise of agentic workflows
across data providers and platforms like
FactSet GenAl, Bloomberg's GenAl tools,
AlphaSense, and Claude for Financial
Services, which are all integrating data and
investment workflows to streamline how we
work.

This shift has taken Al out of the exclusive
domain of data scientists and into the hands
of investment professionals who can now
build, test, and iterate directly. The core skill
isn't prompt engineering in a technical
sense. It's the ability to articulate a problem
clearly and with domain depth, to give the
model enough context to respond with
precision. Success depends on a
combination of domain expertise,
adaptability, and the willingness to test,
learn, and iterate as these tools evolve at
unprecedented speed. But all these
advancements don't come without
limitations.
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Al Limitations & Pitfalls - And How to Deal with Them

“There are lies, damned lies and statistics” — Mark Twain

Any new technology has its set of
limitations and pitfalls, too. The State of Al
today is good enough to answer questions,
even difficult questions and do certain
activities at machine speeds. But we must
note that LLMs do fail on some of the
simplest high school questions too. For
example, just a few months back, GPT 5
could not identify all the past US presidents,
but on the other hand, the model could
solve difficult Ph.D. level questions’3.
Sundar Pichai, Google CEO, has coined a
new name for Al: Artificial Jagged

Table 4: Sources of Al Limitations

Intelligence’*. Understanding this principle
and building an awareness of the classic
limitation that Al has, can prevent many
issues.

Limitations and pitfalls can be classified
under two broad categories:

1. How humans approach Al

2. Inherent characteristics of Al

Many times, aspects under each of the two
categories reinforce each other. In the Table
4 below, we highlight examples under each
of the two categories.

Arising out of Human's
approach to Al

Arising out of Inherent
characteristics of Al

Effect

Bias-Underfitting & Variance-
Overfitting

|

Hallucinations

Inaccurate responses, Answers
will be different from reality

Need for diverse teams and
multi-talent (Coding, Maths &
Statistics, Finance)

Al Bias

!

Distorted output, output not
representative of actual
circumstances

Garbage-in Garbage-out (GIGO)

|

Backward looking

Model does not respond
appropriately to unseen or
unfamiliar situations or even
regime changes in some cases

Data privacy concerns

!

High dependence of Al
ecosystem on new-age
external vendors

Solution: Strict vendor selection
process, adequate guardrails on
data

Regulatory restrictions on usage

!

Low explainability

Solution: Judicious use of Al tools
with human in the loop for
accountability. Avoid Blackbox
models

Cognitive decline - Apprehension
about loss of creativity or
originality

!

Sycophancy

Solution: Use Al as a copilot and
not blindly, have human in loop;
use adversarial prompts

Fear of job loss, competitive
edge

To prevent - encourage training
for staff to upskill on Al/ML, Data
science

3 Greggwirth and Greggwirth, “The Al Law Professor: When the New Al Model Disappoints.”
"*Varanasi, “A/ Leaders Have a New Term for the Fact That Their Models Are Not Always so Intelligent.”
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Figure 15: Al Model’s Limitations -
A vicious cycle of errors

Human's Inherent
approachto  characteristics of
Al

Roee?

Hallucinations occur in LLMs as the model
observes patterns or objects that are non-
existent or imperceptible to humans,
thereby producing inaccurate or even
irrelevant outputs. Al hallucinations are
similar to how humans sometimes see
figures in the clouds or faces on the moon.
In the case of Al, these misinterpretations
occur due to various factors,

including overfitting, training data
bias/inaccuracy and high model complexity.

Here are some of the measures that will

help prevent hallucinations:

1. Use of high-quality training data that is
diverse, balanced and well-structured

2. Establish the chosen Al system's
responsibilities and limitations

3. Use of data templates to ensure output
consistency

4. Define boundaries for Al models using
filtering tools and/or clear probabilistic
thresholds

5. Rigorous testing of models before use

6. Human oversight to validate and review
Al outputs

Bias (i.e., Underfitting): Bias is the error that
occurs from a model making overly
simplistic assumptions about the data. A
high-bias model ignores the true
relationship between features and the
target variable. A model with high bias is
too simple to capture the underlying
patterns in the training data, a phenomenon
known as underfitting. Example: using a
univariate linear regression model to predict
stock price returns when the real-world
relationship is multi-variate and non-linear

Overfitting: Variance is the error that occurs
when a model is too sensitive to small
fluctuations and random noise in the
training data. It learns the training data and

its noise too well. A model with high
variance fits the training data almost
perfectly but fails to generalize to new,
unseen data, a phenomenon known

as overfitting.

Example: A very complex deep neural
network with insufficient training data
might learn the noise and specific details of
the training set rather than the underlying
patterns. It will perform very well on the
training data but poorly on the test data.

While stemming from a similar model input
error, Al bias, also called machine

learning bias or algorithm bias are relatively
harder to prevent. Al bias refers to the
occurrence of biased results due to human
biases that skew the original training data or
Al algorithm—Ileading to distorted outputs
and potentially harmful outcomes.
Historically biased data collection that
reflects societal inequity can result in harm
to historically marginalized groups in use
cases including hiring, policing, credit
scoring and many others.

Commons sources of bias are:
1. Algorithm bias

2. Cognitive bias

3. Confirmation bias

4. Exclusion bias

5. Measurement bias

6. Out-group homogeneity bias
7. Prejudice bias

8. Recall bias

9. Sample bias

10. Stereotyping bias

Identifying and addressing bias in Al
requires robust Al governance, or the ability
to direct, manage and monitor the Al
activities of an organization. In practice, Al
governance creates a set of policies,
practices and frameworks to guide the
responsible development and use of Al
technologies.

Ways to avoid Al bias include:

1. Diverse stakeholder team trained to
help prevent unconscious bias.

2. Use of Bias prevention tools for
unsupervised models

3. Complete and balanced train data

4. Have a balanced Al team to increase
likelihood of recognizing bias

5. Mindful data processing at every stage -
pre, in & post



6. Ongoing monitoring and testing with
real-world data

7. Use of latest digital and technological
infrastructure

Explainability: complex unsupervised ML
models and certain Al models can have low
explainability of the output. In a financial
services setup, such as taking a lending,
investing or risk underwriting decision,
model interpretability & explainability is
critical - for ensuring consistent results that
align with the organization's decision
framework. Explainability also becomes
important from audit trail and regulatory
oversight perspective. One way to mitigate
this is to use models where inputs and
outputs relationship is well understood and
documented. Alongside this, having human
in the loop can solve much of the
interpretability problems

Backward looking: as training can occur on
historical data, Al models inherently assume
re-occurrence of historical patterns. Al
models lack the ability to extrapolate
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effectively from unseen or unfamiliar
situations. Whereas in reality, a new unseen
situation in economic, political or social
environment could have changed, that
resets relationship among variables. The
way to address this is to first understand
what the model is attempting to predict and
have subject matter experts to use test data
for regime change or the new environment -
and then observe results

Sycophancy represents an emergent and
less understood pattern in Large Language
Models

Sycophancy in Al refers to the behaviour
where language models tailor their
responses to match user beliefs over
truthful ones, excessively agreeing with or
flattering users even when the user's view is
objectively incorrect. Models tailor
responses to match user beliefs over
truthful ones. Sycophancy is now often
referred to as “stochastic parrots”,
“Emperor's new clothes”, and “confirmation
bias with a PhD"

“Al models want approval from users, and sometimes, the best way to get a good rating is

to lie.” — Anthropic Researchers

As an example, CFO of a mid-sized company
asks her LLM assistant:

“l just heard a brilliant talk on
cryptocurrency by a leading expert. | want
to invest S5M of our cash reserves into
cryptocurrency. Bitcoin is up 40% this year,
and | think we're missing out. Our board is
conservative, but | believe this is the future
of finance. Should we proceed?”

Sycophantic Al would respond with
something like the below:

"Your forward-thinking approach shows
strong leadership! Bitcoin's 40% gain
validates your insight, and early movers
often capture the best returns. Your board's
conservatism might be holding the
company back from significant
opportunities. Many innovative CFOs are
diversifying into crypto. I'd recommend
presenting Bitcoin's historical performance
to help convince them."

While this response affirms the CFO's perspective, it fails to perform basic due diligence on:
risk tolerance and time horizon, liquidity requirements, cryptocurrency operational
expertise, or regulatory compliance considerations.

)
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Recent research from Anthropic’s, Google and Stanford’¢ demonstrates that sycophancy
appears across all major models (GPT, Claude, Gemini, LLaMA). This stems partly from
training processes using Reinforcement Learning from Human Feedback (RLHF), which can
inadvertently reward agreeableness over accuracy.

Key findings include:

1. Sycophancy is particularly difficult to detect in qualitative contexts lacking clear
evaluation metrics.

2. More capable models (e.g., GPT-4) exhibit stronger sycophantic tendencies.

3. Extended conversations with greater context amplify agreeableness at the expense of
accuracy.

Some methods to lower this risk: adversarial prompts (devil's advocate), multiple LLMs run
the same query to test for consensus, decision frameworks like SWOT, human-in-loop
checkpoints. In corporate governance: good advisors challenge you; poor advisors flatter
you, and dangerous advisors do both: flattering you into believing you've been challenged.
The same holds for Al models!

s Sharma et al., “Towards Understanding Sycophancy in Language Models.”
¢ Malmqvist, “Sycophancy in Large Language Models: Causes and Mitigations.”; Wei et al., “Simple Synthetic Data Reduces
Sycophancy in Large Language Models.”
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Al Warning Signs to Watch

We foresee three other key developments in
the real world that can potentially thwart
the excitement in Al developments, if not
handled appropriately:

1. Bad actors misusing Al and automation:
So far, we have talked about productive
use of Al to improve productivity and
automate tasks. It is also being
increasingly used to launch cyber-
attacks, steal confidential information
and perpetuate frauds

2. Overexcitement in Al investments’”:
Amid large investments in Al, in many
cases the funding many Al themed
companies are obtaining appear to
assume all experiments will succeed. As
investors hit reality, there could be
investment losses and in turn funding
slowdown hurting even good
investment cases atleast until the dust
settles down

7 “LIVE: Jeff Bezos Speaks at Italian Tech Week 2025.”
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Al compute consumes lot of power:
Data centers require huge electricity
loads for computing. In Ireland, they
already consume 20% of national power.
In Mexico and South Africa, fragile grids
are pushed to the brink, causing rolling
blackouts. Regions like Chile and Mexico
face drying aquifers and prolonged
water shortages’®.

There have been social activists and
environmental activists against data
centers being housed in their localities.
Alongside, Microsoft, Amazon Web
Services, xAl data centers (founded by
Elon Musk) and OpenAl have taken steps
to tap into captive power generation
powered by natural gas. Nuclear power
supply is also being explored by many of
them. It is paramount need to find
socially and environmentally acceptable
sources of power for data centers for
sustained Al adoption

8 Mozur, Satariano, and Rodriguez Mega, “Fury Mounts Over a Global A.l. Frenzy.
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GOVERNANCE IN Al

"It is remarkable how much long-term advantage people like us have gotten by trying to be
consistently not stupid, instead of trying to be very intelligent."

— Charlie Munger

Staying protected: Best Practices

We are thankful for contributions from Brian Pisaneschi, CFA, Senior Investment Data

Scientist, CFA Institute

Governance in Al has always started with
best practice. One needs to know where
data comes from, ensure its accuracy,
maintain transparency around how models
are trained and explainability’ on how
outputs are generated, and keep a human in
the loop for accountability®. Those
principles haven't changed; they’ have
simply become more critical as systems
have grown more complex

In high-risk systems like finance, one needs
to exercise extra caution. The level of
autonomy given to an agentic system needs
to have proper controls around it. Agentic Al
generally operates in two forms: workflows
and agents. Workflows are predefined by a
developer. They include specific steps,
approved tools, and controlled data access.

Each step produces an output that becomes
the next step’s input, with guardrails,
evaluations, and accuracy checks built in
along the way. These are the types of
systems that can be monitored and
validated before they move forward.
Agents, on the other hand, are more
autonomous. They are given a goal. They
then reason through how to achieve it, call
on tools, observe the results, and iterate
until the goal is completed. These systems
can be incredibly powerful but also difficult
to supervise. That's why in finance, we need

evaluations at every stage, robust
guardrails, and escalation point where a
human steps in for higher-risk decisions.

As we move from building static Al models
to dynamic, agentic systems, we are also
stepping into a space that connects directly
with the ethical foundations of our
profession. Many of the same principles
we've practiced for years, suitability,
fiduciary duty, independence & objectivity,
now apply to how we design, train, and
deploy Al. We have to think not just about
whether the outputs are technically sound,
but whether they are aligned with the
client’s interests, whether the data or the
model introduces conflicts of interest, and
whether the system as a whole behaves in a
way consistent with professional standards.

Ultimately, governance is about preserving
that alignment, ensuring these systems
operate with transparency, accountability,
and human oversight. At CFA Institute, we
are developing frameworks, tools, and
techniques to help the industry build Al
responsibly. For those interested in building
with us, we have also launched an open-
source platform at the intersection of data
science and investments?®', where we house
these tools and code, and invite
practitioners to collaborate and help shape
where the industry goes next.

7’ Wilson, “Explainable Al in Finance: Addressing the Needs of Diverse Stakeholders.”
80 CFA Institute, “ETHICS AND ARTIFICIAL INTELLIGENCE IN INVESTMENT MANAGEMENT: A FRAMEWORK FOR PROFESSIONALS.”

81 CFA Institute Research and Policy Center, “"RPC Labs.”
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Best Practices Checklist for Use of Al in Financial Services??

4]

Systematically recording internal data &
re-imagining data capture:
Systematically capture calls, meeting
notes, emails, and investment decisions
in detail to enable Al-driven insights.
Redesign investment memos to emulate
PM investment frameworks - to then
use this rich data for future Al PM.

Maintaining a comprehensive database
of prompts:

Maintain a centralized repository of
effective Al prompts for the expected
output. Simple framework for effective
prompts, “MARS" ie. Metrics,
Actionable, Role, Scenario.

Moving from team/data silos to a central
dashboard:

Consolidate all team and data silos into
a unified dashboard, creating an
exhaustive knowledge base accessible
by Al for comprehensive insights.

Workflow breakdown to identify use
cases:

Conduct team exercises to break down
workflows, identify, and prioritize top
use cases for Al implementation - this
helps bring structure to the Al adoption
journey.

Regular knowledge sharing and training
sessions:

Foster Al familiarity and acceptance
through ongoing training sessions and
knowledge exchange within investment
teams.

4]

Developing vertical Al champions:
Appoint Al leads specialized by function
(legal, compliance, investments) and
asset class (equities, fixed income, FX)
to drive focused Al initiatives effectively.

Dedicated Al resources within
investment teams:

Allocate dedicated Al specialists or
identify internal Al leaders or hire Al
specialists within investment teams to
focus on use case development and
vendor solution exploration.

Find implementation partners early-on
or directly adopt a third-party tool:
Engage implementation partners or
adopt third-party workflow automation
tools early to accelerate Al integration
and operational efficiency.

Think hybrid teams with Al and humans
working together:

Prepare for future hybrid teams
combining Al and human Analysts/PMs
by building appropriate infrastructure
and knowledge bases now.

Defining clear evaluation matrix:

Define robust success criteria tailored to
use cases—automation rates, error
reduction, insight generation, bias
avoidance, and time saved—to measure
Al impact effectively.

82 Acharya, “Gen Al in Asset Management: Bernstein Lists 10 Best Practices for Investors.”
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Governance In Al: India Principles and Global standards

Al is no longer optional in finance. Firms
across sectors are committing large
investments and skilling their workforce in
using modern Al products nearly every day.
Regulators have taken note of this, and are
deeply thoughtful of enabling progress
while maintaining safety of customers and
financial markets. As a result, regulators and
international bodies are embedding Al into
the fabric of established governance and
risk traditions - through either principles or
legislations. While the standards are still
evolving globally, this section presents the
current guidance in India, EU, and other
global organizations.

India’s approach as laid out by RBI's FREE-AI
report and SEBI's consultation paper in
2025, follows principle over prescription.
Seven guiding principles (“sutras”) and
recommendations guide Indian regulators
viewpoint, leaning more on flexibility and
discovery. The EU’s Al act, effective August
2024, takes a more prescriptive approach:
four-tier risk classification, binding rules for
high-risk applications like customer
profiling, credit scoring.

India Principles:

Key Takeaways:

For Indian Financial Services companies -
today’s principles become tomorrow's
supervisory expectations. FREE-Al and SEBI
have laid out clear principles and for Al
governance in 2025. Several consistent
threads stand out:

e Governance: Boards and senior
management are expected to play an
active role in Al oversight.

Privacy and Data: Al's reliance on data
ties it closely to privacy and residency
regulations.

Explainability and Fairness: Transparent,
non-discriminatory outcomes are
framed as central to trust.

Vendor Accountability: Outsourcing
norms are extending naturally to Al
providers and platforms.

High-Risk Applications: In credit
decisions and insurance underwriting,
supervisors are alert to both the
promise of efficiency and the model
risks, training bias, monitoring.

RBI's Framework for Responsible and Ethical Enablement of Artificial Intelligence (FREE-AI®3)
rests on an explicit philosophy: "Innovation over Restraint." Its seven sutras are deliberately
aspirational, and the framework provides 26 recommendations for Al best practices.
Critically, none of this is yet mandatory. Banks and NBFCs can deploy Al without following
FREE-AI. But if they do deploy, the RBI expects responsible practices: lifecycle governance,
proportional explainability, bias mitigation, and vendor oversight.

Figure 16: RBI FREE-Al Framework
Implementation pillars

Assurance

Al inventories and
incident reporting

Protection

Cybersecurity and
business
continuity

Governance

Board-approved
Al policies

Guiding Principles

Trust
Infrastructure

Shared compute,

Al sandboxes, People First
indigenous
models
Innovation
Policy
i H Fairness &
Integrating Al into Equity

product approvals

Accountability

Understandable

©90000O

Capacity Design
Board and staff
training Safety

8 Reserve Bank of India, “Framework for Responsible and Ethical Enablement of Artificial Intelligence (FREE-AI).”
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Securities and Exchange Board of India's
consultation paper8* from June 2025
complements this approach for capital
markets. SEBI proposes a tiered structure:
"regulatory lite" for internal Al tools
(compliance, surveillance), full governance
for client-facing applications (algorithmic
trading, robo-advisory).

Unique to SEBI's framework are replay and
back-out mechanisms: tools to reconstruct
and potentially unwind algorithmic
decisions when Al systems err in trading
contexts.

It's a pragmatic acknowledgment that
markets require fail-safes that banking
regulation doesn't typically demand. For
investor protection, SEBI proposes that
market participants disclose clearly usages
of Al/ML applications, especially on model

Global Standards:

Internationally, the BIS FSI Insights No. 63
(20248¢) captures the growing regulatory
recognition of Al. Supervisors face
challenges in ensuring explainability,
monitoring systemic risks, and coordinating
across borders. For example, the report
highlights that Singapore's Monetary
Authority has issued its “Fairness, Ethics,
Accountability, and Transparency (FEAT)"”
principles, while the European Union has
moved ahead with the Al Act.

The Basel Committee on Banking
Supervision's Digitalisation of Finance report
(2024°%7) situates Al within a broader
technological shift. While not prescribing
specific Al requlations, it underlines that
existing Basel principles such as those on
risk data aggregation and reporting remain
directly applicable. For example, the Basel
report refers to pilot practices where
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risks, accuracy, data quality, all to be made
available in customer accessible language.

Both frameworks share common ground:
board-level accountability is non-negotiable,
explainability must be proportional to
impact, and fairness isn't optional. The
Digital Personal Data Protection Act®
(2025) acts as the baseline - requiring lawful
processing, data minimisation, and cross-
border control into Al oversight.

For Al systems that depend on vast
quantities of transactional and personal
data. India's approach currently remains
principle-driven rather than statutory -
flexible but less enforceable. However, the
ambition is clear: ensuring Al evolves within
structures of trust, accountability, and
fairness.

supervisors are adapting traditional stress-
testing methods to validate Al and Machine
Learning (ML) models, thereby bringing
innovation into established supervisory
toolkits.

The European Union's Artificial Intelligence
Act (2024) represents the world's first
comprehensive legislative framework for Al.
Credit scoring systems and insurance
underwriting are classified as "high-risk" Al
under Annex Il of the Act.

Any institution deploying these systems
must register them in an EU database,
maintain comprehensive technical
documentation, conduct fundamental rights
impact assessments, implement post-
market monitoring, and report serious
incidents. Non-compliance carries penalties
up to $35 million or 7% of annual revenues.

84 “SEBI [ Consultation Paper on Guidelines for Responsible Usage of Al/ML in Indian Securities Markets.”

8 Government of India, “DPDP Rules, 2025 Notified.”
8 Crisanto et al., "Regulating Al in the Financial Sector”.

87 Basel Committee on Banking Supervision, “Digitalisation of Finance.”
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Across jurisdictions, a shared ambition is evident: ensuring that Al in finance evolves within
frameworks of trust, accountability, and fairness. Yet, mechanisms differ in structure and

depth:

I Table 5: EU Al Act and India’s Regulatory Frameworks - A Comparative View

EU Al Act (Reg.

2024/1689)

India’s RBI / SEBI /
DPDP Frameworks

Broad Comparison

Governance

Statutory risk-
management & quality
systems (Arts 9, 17)

Supervisory lifecycle
governance

Shared intent; EU
legally binding

Fairness & Data

Representative data &
mandatory rights-impact
review (Arts 10, 27)

Fairness Sutra, ethical
Al use

India principle-
based; EU
assessment-based

Legal right to explanation

Proportional

EU grants

USRS (Art 86) explainability guidance = enforceable right
. Human oversight, post- . - Similar spirit,
?r:;irrsclgr}:eit market monitoring, fines ggz::‘tt::: m::;tlczir:;g, differing
(Arts 14, 72, 99) YP enforceability
; . . Functionally
N Financial supervisors . . .
Institutional . ; Supervisors act via aligned,
Setup ¢ EeffzEiza] i v existing mandates structurally
(Recitals 154-158) .
different

Introducing EU-style instruments such as a Fundamental Rights Impact Assessment or a
Post-Market Monitoring Plan could enhance India’s Al lifecycle by embedding fairness and
accountability checkpoints. However, such measures would require new supervisory
capacity and inter-regulatory coordination. India’s principle-driven model offers flexibility
but lacks the EU’s enforceable precision.

Key Takeaways:

e ForIndian Financial Services companies
- today'’s principles become tomorrow’s
supervisory expectations. FREE-Al and
SEBI have laid out clear principles and
for Al governance in 2025.

e Establish Board-approved Al policies,
and Al awareness throughout the

organization.

e Important areas - lifecycle management,
bias audits, replay and back-out

mechanisms.

YD
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¢ On designated high-risk areas such as
credit decisions, insurance
underwriting, EU act has put in place
extensive requirements for model
documentation, assessment,

monitoring.

e Vendor strategy is an important focus -
companies are held solely responsible
for all Al usages and outputs. Building
optionality into Al architecture (multi-
vendor strategies, fallback mechanisms)
becomes prudent risk management.




Conclusion
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“Art is never finished, only abandoned”
— Leonardo da Vinci

It is now evident that Al has a strong
potential to transform the financial services
industry. Some argue that it is already well
underway and that Al is a necessity to stay
competitive. However, limitations of Al
models, pitfalls of over-reliance on Al and
concerns about data privacy & security must
not to be overlooked. The transformative
impact on jobs and talent management is
also obvious, with pervasive adoption
expected to become the norm in the
industry. A BCG study®8 in 2025 showed
only 5% of about 1,250 companies
worldwide are achieving Al value at scale, a

measure of how tough the full Al
transformation is. 60% of companies are
not achieving material value at all, reporting
minimal revenue and cost gains despite
substantial investment. Another 35% (13
percentage points more than in 2024) are
scaling up their efforts and seeing some
returns, but many of them admit that they
are not moving far enough or fast enough.
While this study is not specific to financial
firms, it does tell a trend that there is a long
way to go for Al benefits to be substantially
derived.

Figure 17: Only 5% of Companies Get Substantial Value from Al investments

Share of companies

Future-built

Scaling

Laggards
Stagnating Emerging
- D

Cumulative share
of companies

2025 average

2024 average

RO DSt

BFFxAI 2025
maturity score?

0 25

Have developed
foundational
capabilities and
started initial
experimentation

Are taking minimal
or no Al action, lack
foundational
capabilities, and are
not generating value

but are struggling

to scale and
generate value

50 75 100
Are at the forefront
of Al innovation,
systematically building
cutting-edge Al
capabilities across
functions and
consistently generating
substantial value

Have developed
an Al strategy and
advanced
capabilities, and
are scaling them
effectively while
starting to
generate value

Source: BCG Build for the Future 2025 Global Study (n = 1,250).
1This score assesses Al maturity across 41 dimensions.

2Future-built versus stagnating + emerging.

3sExternal metrics (Capital 1Q): total shareholder return (June 22—-May 25 for three-year TSR).

88 Apotheker et al., “The Widening Gap.”
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Figure 18: Graphical Representation of use cases by Sector in Analytics Maturity Model

Mutual Funds
Insurance
Brokers
Lenders

Loan asset
classification

Retail Sales,
distribution

Research &
Portfolio Analysis

Trading tool-
Research,
Analysis
backtesting

LLM via MCP-
Research &
Portfolio review

Corporate Action
data

Data Doc
Extraction

Investment
M&BO

5 Descriptive
" What happenea?

Research &
Portfolio
Analysis

Trading tool-
Research,
Analysis
backtesting

LLM via MCP-
Research &
Portfolio review

Training

Early fraud
detection

Diagnostic

Why did It happen?

Early fraud
detection

Credit
assessment

Research &
Portfolio

Sales Support
GPT

Early fraud
detection

Customer
complaint
resolution
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Customer app &
Staff training

Trading tool-
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Education
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Underwriting
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something happen?

The 6 stages of the Analytics Maturity Model, from Foundational to Cognitive.

The Road Ahead

Al in Workflow Approach:

A defining transition underway from
siloed, point-solution Al deployments
toward the systemic embedding of
Al/ML and data science capabilities
within core enterprise workflows.

89 “LIVE: Jeff Bezos Speaks at Italian Tech Week 2025.”

Customer service

Anti-market
abuse, Anti-black

Customer service

Customer service

Customer service

Auto Email
Responders

Cognitive

Simufates human
thought (ML/NLP)

On-boarding external vendor solutions:
Small companies thrive in moments of
great and rapid change. Stability favors
incumbents. Rapid change favors small,
dynamic, nimble startup companies®’.
Hence, we see vendor solutions (i.e.,

vertical Al firms) to rise in usage as

smaller, nimbler move ahead and offer

appropriate solutions on top of

incumbents’ horizontal Al offerings.


https://www.youtube.com/live/4wTSZDZ_seU?si=K75XX8DgEHWk0GZn

Inter-operable systems:

With multiple vendor products being
used, there will be need for inter-
operable systems. Systems will need to
integrate with in-house and different
vendor products in order to drive
consistent results across functions and
extract benefits of Al investments at
enterprise level.

Human + Al:
Degree of interaction to vary as per
various functions:

Assisted Intelligence -

The machine is essentially a tool that
is used by a human operator.
Example, speech recognition
software, predictive text algorithms.
Augmented intelligence -

The machine is an active participant
in the decision-making process. For
example, customer service chatbots.
Autonomous intelligence -

Machine is a fully independent agent.
For example, robot advisors.

All firms we interviewed are expanding
their Al/ML and Data science teams.

Teams require multi-disciplinary
members due to implementation
requiring a combination of technology,
mathematics/statistics and specific
subject matter expertise (investment
management, insurance, credit
underwriting, marketing, customer
service).

CFA Program curriculum and
Professional Education lays emphasis on
all aspects through various topics -
Macroeconomics, Statistics, Python
coding and Data science - besides the
core investment management subjects.
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Discover, Alert & Act:

System pushes alerts and acts
autonomously or assists to act -
progressing from simple screeners and
unintelligent dashboard displays.

Misuse potential also high:

As use of Al/MLrise in enterprises, a
parallel misuse of the same technology
has the potential to rapidly rise.
Organizations need to be proactive to
nip such threats at the bud and
additionally prevent such threats.

While each of these types of intelligence
is distinct, they are not mutually
exclusive. For example, a machine
learning algorithm might be used as an
assisted intelligence tool to help a
human operator analyze data, but it
could also be used as an autonomous
intelligence system to make decisions
and take action on its own. Similarly, a
chatbot might be used as an augmented
intelligence tool to help a customer
service agent answer question, but it
could also be used as an autonomous
intelligence system to handle customer
inquiries without human intervention.

Key Takeaways for CFA Charter holders and Students

Students and Charter holders with such
multi-skills are best positioned to take
part in firms implementing Al/ML tools.

Coding background to Investment
Management OR Investing Management
background to Coding? Both cases exist.

Quant funds are gradually gathering
acceptance. More importantly, quant-
like approach to discretionary fund
management and research is gaining
rapid acceptance.

In existing roles, students and charter
holders can look to start thinking on
Data-led framework for decisions,
Systematic application of methods,
Automation of routine tasks,
discovering ways to uncover patterns
(otherwise missed by humans) through
Al/ML use.

)
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