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Introduction

Over the years, many have tried to replicate or enhance private equity returns by the application of
algorithms and computing power. They have been invariably frustrated. Unlike, say, hedge fund trading
strategies, private equity and venture capital are too close to the chaotic, unstructured real world, with

all its complexity and ambiguity, to be ‘solvable’ by armchair technicians.

But today, with the advent of ever more powerful artificial intelligence, the territory that remains
unreadable to machines is shrinking, and patterns are emerging where, before, there was only noise.
Venture capital investors are, of course, well aware of this potential, with Al-related investment running
at around 10% of total venture investment, while enterprise investment into Al is expected to reach

$232 bn by 2025, dwarfing the $12.5 bn spent today.

The profitability and investment potential into Al is not a contentious topic. But to what extent could Al

disrupt and enhance the actual process of investing in alternatives itself?

We believe the scope for added value is significant, and growing quickly, both in terms of delegated
investments and direct investment into high potential companies. This paper outlines some of the areas
of investing into alternative investments (Al) where we think the application of artificial intelligence (Al)

already makes sense and where it will become increasingly relevant in the future.

We call it “Al squared”.
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ABOUT Al

Artificial intelligence promises to
oerform tasks that traditionally
have required human intelligence,
such as learning, reasoning,
recognizing things and
understanding natural human

l[anguages.

There are six main Artificial

iIntelligence applications

%

Expert systems

Natural language
processing (NLP)

Automated speech
recognition (ASR)

Machine learning (ML)

Computer vision

Al Planning



Al CAN CONVERT INFORMATION
INTO KNOWLEDGE

Finding an edge in financial markets is often about exploiting
information asymmetries. The lack of data underlying the
models of decision-making is a key challenge, and opportunity
lies in the huge amount of information available in repositories
of documents, news, social media posts, as well as from sensor

data analytics.

Information that leads to an investment action is often provided in a format that is not readable by a machine. Even when it is
available in digital format, for a machine to understand the hidden meaning, technology is employed to derive the semantics.
Computers are then equipped to further analyze the informational content and establish the model that predicts future

performance of investment.

Prerequisites for viable use of Artificial Intelligence in finance include the economic foundation, technological development

and data availability.




Forrester, research and advisory firm, defined Cognitive Search as “indexing,
natural language processing, and machine-learning technologies combined to
create an increasingly relevant corpus of knowledge from all sources of
unstructured and structured data that use naturalistic or concealed query
interfaces to deliver knowledge to people via text, speech, visualizations, and/

or sensory feedback.”

Content in
different formats

Convert to
readable text

Extract Semantic
Information

by using ASR Technologies
& Computer Vision

by using
NLP Technologies

by using
ML Technologies

Classification by example,
Unsupervised automatic
tagging and regression


https://www.forrester.com/staticassets/glossary.html#heading-c

The first prerequisite for employing Al is the possibility to define a
meaningful economic model that addresses the investment-related task
properly. Disregarding the economic foundation when developing a
model can lead to inconsistent results.

The second set of prerequisites is related to technology and includes the
emergence of parallel computing and remote access to shared capacity
of data storage (Cloud computing, e.g.). This technological

advancement allows large-scale data analysis that is a necessary
condition for Machine Learning applications.

Traditional data sets are sourced by companies or statistical offices and
include information such as historical stock prices, financial statements
and prospectus data, CPl and economic growth rates, etc. Alternative
data sets are sourced outside of companies and include three types of
data. Individual data sets include content generated by individuals that is
available on the Web (social media, customer reviews, etc.). This type of
data is typically readable by a machine but requires NLP technology for a
computer to understand the meaning of the content. Commercial
datasets, such as supermarket scanner data or banking records, are not
publicly available but are well structured for sophisticated analysis.
Sensor generated data (satellite images, loT collected information, etc.)

are expensive to acquire and are available in non-readable format.
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Al IN TODAY'S FINANCE INDUSTRY

Al is being rapidly rolled out in those
parts of the finance industry with large
datasets or that are heavily process
driven. Credit scoring, risk assessments
and fraudulent credit card activity " N

detection are the industry’s low- 2 =
hanging fruit. o -

After that, things get more complex. The algorithmic trading segment of
alternative investments, which relies on pattern and behaviour recognition,
sounds like obvious Al territory. Even though hedge funds with quantitative
strategies manage almost one trillion dollars in equities globally (Hedge Funds
Research, 2019), they make up only slightly more than 1% of total equity
markets worldwide. So, there is still a long way to go and what is less
understood is how Al can empower investing into less liquid alternative

asset classes.




Personal
Finance

Savings and Credit

(e.g. deposits, savings accounts)

Investments

(e.g. RE, mutual funds, pension plans)

The traditional credit scoring model uses
simple rules to measure the
credit-worthiness of an applicant. It relies
on the set of information regarding the age,
marital status, income, occupation and the
credit bureau score of the applicant. Given
that the credit bureau score takes into
account the amount currently owed, this
model may face the debt overhang
problem, where some credit-worthy

applicant ends up being rejected.

Al-based credit scoring model is a
self-learning model that leverages personal
online generated data, as well as the
legitimate underutilized third-party data to
decide whether to extend or deny credit to a

person.

Besides the increase in speed of lending
decision making, the greatest benefitis in
increasing the efficiency of the lending
business through better forecasting of
applicant’s creditworthiness.

Corporate
Finance

Investment
Decisions

(e.g. projects, acquisitions)

Capital
Financing

(e.g. capital structure policy, capex funding)

Dividend Payout
Policy

Financial
Markets

Traditional
*  Public Equity

* Bonds
* Money Markets

Alternative

* Private Equity

* Real Assets

* Hedge Funds

* Commodities

e Structured Products

Active management of mutual funds’
positions in public equity requires
fundamental analysis of individual stocks.
Predicting the long-term performance of a
stock, by identifying key drivers of the
company'’s core business profitability
supports the successful stock selection.
Machine Learning-based models drill down
into a variety of data sources to identify
significant factors that predict future

performance.

Brokerage companies issue research reports
that leverage ML and big data to help
investors gain better insights. Sentiment
analysis is performed on traditional data
sources such as SEC filings and historical
price evolution, but also various stock
related information found in alternative

sources.

ETFs are growing rapidly in number; size, and
scope. This led to the emergence of different
solutions that leverage big data and textual
analysis to help investors navigate the
thousands of available ETFs based on

investors' preferences.

Hedge funds with relative value investment
strategy critically rely on speed in data
analysis to find the difference in pricing of
assets that have identical payoffs, to act on

time.

In their search for Alpha, hedge funds
analyze data from multiple alternative
sources, including consumer transaction
data, news wires, media coverage, and
Twitter. Running the sentiment analysis on
these data sets informs trading broad equity

markets or individual securities.

Machine Learning allows high-frequency
trading funds to learn about security supply
and demand from the order flows almost
instantly.



CAN PRIVATE MARKETS
BENEFIT FROM Al?

If Al is not fully utilized with highly
transparent commodity and listed
trading markets, how can it make a
difference in private markets, which are
notorious for their opacity and
iIncomplete data sets?

Private market investment making decisions can also benefit from alternative
data sources. Selecting a manager of private market funds or finding an
investment opportunity to deploy capital are extraordinarily data-centric

activities.

This section explores the extent to which prerequisites for successful
employment of Al apps are met in different private market investment

activities.




To assess the potential of Al disrupting the process of investing into

alternatives, we divide activities into Direct or Indirect investment.

For each private equity investment activity, the score (from 1to 5) that
measures the potential of the use of artificial intelligence is assigned across
two dimensions (Tables 1 and 2). The first dimension of artificial intelligence
potential is related to the possibility of reducing the real-life complexity of a
task to a parsimonious model, as well as the extent to which human interaction

may not be necessary to perform the same task.

The second dimension applies to the current availability and accessibility of
information/data that informs the model defined in the first dimension. These
scores represent the assessment of the current situation, so this could quickly
become out-of-date, as Al technology matures and as more data becomes
available. As much, as the speed of technological advancement is orthogonal
to the alternative investment industry, the data availability is internally
generated, especially given the push for more transparency (ILPA, INREV

templates and other initiatives).

Below is an assessment of the viability of Al applications to various activities

related to alternative fund indirect investment and direct investment.

5 = highest potential / highest data availability

1 = lowest potential / lowest data availability

Table 1: The potential of the use of Al in different investment activities within

the scope of indirect investing in alternatives.

MODEL DEFINITION

Al

Manager selection

Cash flow forecasting
and liquidity

______________________

Compliance
requirement

Reporting data

Negotiation

collection
assessment
Open fund rising and .
secondary market rzr':fg;cne <;r<]a(1zi:\ki’?ign
opportunities screening prog
Position tracking,
Operations management performance
(capital calls, etc.) benchmarking and
risk monitoring
3 4 )

DATA AVAILABILITY

Table 2: The potential of the use of Al in different investment activities within

the scope of direct investing in alternatives.

MODEL DEFINITION

Al

Deal sourcing and
due diligence

Source: eFront

—————————————————————————————————————————————

Value creation and
exit strategy preparation

Investor reporting

______________________

Fund administration
and operations

Investment strategy

definition
management
Portfolio company
data collection and
monitoring
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DATA AVAILABILITY

Source: eFront



Al's VALUE CREATION POTENTIAL

IN SELECTED EXAMPLES
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As Al evolves, the potential for it to disrupt and enhance fundamental aspects
of private market investment is rising. According to a recent EY survey, at this
stage, 74% of private equity managers do not expect to use Al*. At the same
time, only 40% of hedge fund managers still hold that expectation. This can be
explained by the greater amount of data generated by the public markets that
support automation of front office decision-making models. For the very same
reason, construction of the overall portfolio of an LP that includes both public
securities and private market holdings represents an activity with one of the

highest Al potential scores.

*EY - “Global Alternative Fund and Investor Survey” (2018)
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We select the activities of manager selection,
cash-flow forecasting and deal sourcing to discuss
the use of these advanced technologies.



Manager
selection

Deciding to invest with a manager requires making predictions
about its future performance. This can be achieved by
identifying all the relevant drivers of value creation, not only at
the management company level, but also by correctly
attributing the sources of performance at the investment

professional and individual deal level.

For example, thorough investigation of past performance can
identify the proprietary acquisition as a deal source,
improving the core business operations (expanding sales
force, supporting product line development, etc.) as a value
creation approach and selling to a strategic buyer as three
drivers that maximize the performance of an acquisition in the
biotech industry. For an investor that has predefined in her
private market portfolio program that additional exposure in
the biotech industry is an upgrade to the existing risk-return
profile of the overall portfolio, the right approach is to look for
the managers that have historically been successful in the
proprietary sourcing of deals, in improving the portfolio
company’s top line and in arranging the exits with strategic

buyers.

Predictive analytics rely critically on the array and granularity
of investment and performance data. Al can prove to be
instrumental in automation of all the relevant information
gathering process, as well as in establishing the factor
specification of the most accurate regression model for future
performance prediction. It enables limited partners to rapidly
scan unstructured data and leverage Cognitive Search
technology to turn it into structured dataset at the lower costs
and increased efficiency. Furthermore, investors will be able to
reconcile manager’s stated track records and information
provided during the fundraising process with information
available on digital networks and from third-party data
providers, to provide further perspective on investment

performance and deal attributions.

Reporting data
collection

Every quarter, each investor with a position in a fund
specialized in alternative investments receives a quarterly
reporting package, consisting of the set of fund’s financial
statements, capital account summary which provides
information on cash flows exchanged between the fund and
the investor over the past quarter, as well as the core quarterly
report document which updates the investor with information
on the management company, major events in the fund and,

most importantly, the portfolio investment schedule.

Similar to the information gathering and digitizing processes,
within the manager selection scope of operations, reporting
data collection leverages artificial intelligence applications
such as Computer Vision and Natural Language Processing to
bring the quarterly reporting documents from various formats
into a text that is readable by a machine. Automatic tagging
of datapoints (on GP company, a particular fund, investment
professional and portfolio asset) can turn the collection of
hundreds of documents received every quarter into an
organized data warehouse ready to be analysed and to
produce knowledge.

Machine learning models can detect inconsistencies in data
and identify the indicators that represent early notifications of
portfolio companies’ and manged assets’ inflections, etc. In
this way, position monitoring becomes more effective and the
spared time can be spent on negotiations and analysing the

established governance over the portfolio asset.

Deal sourcing including
due diligence

The processes of fund managers identifying new investment
opportunities and performing target company due-diligence
relies critically on acquiring large sets of information that are
not readily available. Al based platforms can automatically
collect unstructured data from company websites, various
open web sources, social media and the third-party

intelligence providers (Bloomberg, Capital 1Q, etc.).

By leveraging Cognitive Search and ML technologies that
transform unstructured data into organized knowledge, an
alternative investment managing company can scale up the
volume of transactions. Employing textual analysis algorithms
enables fund managers to perform sentiment analysis of the
company’s customer reviews or various legal documents and

contracts with clients and suppliers.

Professionals using such a platform can look at various
aspects of an investment more quickly and in greater detail
than those dependent purely on human analysis. A vast
number of documents available in datarooms during the due-
diligence period can be quickly processed and analysed, which
saves human productive time, to be employed in other
activities such as building the investment strategy and the

value creation approach.
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PIONEERING THE USE
OF Al IN Al

The examples of potential applications
of Al technologies in the realm of
alternative investments are numerous
and we have only touched the tip of the
iceberg. As the technologies evolve in
real time, the potential for employing Al
in alternative investing will be ever
Increasing.

eFront is contributing to this trend by
helping its clients, both those that
invest directly and indirectly, by
providing analytical and predictive
machine learning based models that
inform investor’s decisions or by
assisting in automation of the process
of data gathering and consolidation.
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Data search and consolidation
(Robotic process automation)

Advanced/predictive
analytics

About eFront

eFront is the leading pioneer of alternative investment
technology, focused on enabling alternative investment
professionals to achieve superior performance. With more
than 850 Limited Partner, General Partner, and Asset
Servicer clients in 48 countries, eFront services clients
worldwide across all major alternative asset classes. The
eFront solution suite is truly unique in that it completely
covers the needs of all alternative investment professionals
end-to-end, from fundraising and portfolio construction to

investment management and reporting.

In 2019, eFront was acquired by BlackRock and since then
operates as a specialized business unit within BlackRock
Solutions, alongside Aladdin Institutional and

Aladdin Wealth.

eFront Insight

eFront Insight is a sophisticated web-based analytical

platform dedicated to alternative investments and
combining granular, high quality investment data
reported by General Partners, leading market
benchmarks and other relevant sources in order to
generate unique insights and facilitate investment
decision making. eFront Insight is available to both
General Partners to digitize data exchanges with
investors and to Limited Partners to enhance

decision making.

Learn more

request@efront.com
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