
20598 – Finance with Big Data
Week 9 Lecture: Financial Intermediation in the age of AI

Clément Mazet-Sonilhac
clement.mazetsonilhac@unibocconi.it

Department of Finance, Bocconi University

1 / 77

https://cms27.github.io


Outline

Fairness

ML and discrimination in Finance

Search Frictions

PE and VC

2 / 77



Machine Learning in FinTech Lending
What did we learn last week?

• FinTech lenders leverage alternative data to evaluate credit worthiness

• Digital footprint perform well in predicting default (better than traditional data)

• Could foster financial inclusion and access to financial services → reducing
inequality
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Machine Learning in FinTech Lending

So, all good?
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Artificial stupidity : Google Vision Cloud AI
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Fairness?



Discrimination in Economics and Finance

Taste-based discrimination: decision maker acts as if they’re willing to sacrifice utility
in order to discriminate (Gary Becker, ’50s)

Statistical discrimination: decision maker makes rational inferences on the basis of a
group membership (gender, ethnicity, etc.) in an attempt to maximize profit
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Discrimination in Economics and Finance

Taste-based discrimination: decision maker acts as if they’re willing to sacrifice utility
in order to discriminate (Gary Becker, ’50s)

→ An employer hires an less-qualified man over a more qualified woman
(productivity loss to satisfy it’s gender bias)

Statistical discrimination: decision maker makes rational inferences on the basis of a
group membership (gender, ethnicity, etc.) in an attempt to maximize profit

→ Female workers are offered lower wages because females are perceived to be less
productive (i.e., lower productivity in historical data)
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Discrimination in Economics and Finance

• Algorithms are increasingly used in econ-related domains:

– Criminal justice: Should a defendant be granted bail ?

– Hiring: Should an applicant be hired ?

– Healthcare: Should a patient be tested ?

– Asset management: Should a stock be bought ?

– VC: Should we invest in a firm ?

– Banking: Should an applicant receive a loan ?

• Widespread fears that algorithmic decision-making may reflect or worsen existing
socioeconomic disparities/discriminations (both taste-based and statistical)
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Consumer-lending discrimination (Bartlett et al., 2022)

• U.S. fair-lending law prohibits lenders from making credit choices that disparately
affect minority borrowers if those choices are based on characteristics unrelated
to creditworthiness

• E.g., charging higher rates to applicants in financial deserts cannot be justified as
a legitimate business necessity (even if profit maximizing)

• A long literature finds differences between minority and non-minority borrowers
in both mortgage-approval probabilities and interest rates paid.

• Yet, little is known about FinTech lending
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Consumer-lending discrimination (Bartlett et al., 2022)

Research questions:

i Do minority borrowers are discriminated by FinTech lenders?

ii If yes, is it better or worth than traditional banks?

10 / 77

https://www.sciencedirect.com/science/article/pii/S0304405X21002403?via%3Dihub


Consumer-lending discrimination (Bartlett et al., 2022)

• Investigate mortgage discrimination using data from government-sponsored
enterprises (GSEs) — Fannie Mae and Freddie Mac — and from the
Federal Housing Administration (FHA)

• Idea: GSEs determine credit-risk pricing depending only on where the
borrower sits in an 8×8 matrix of loan-to-value ratios and credit scores
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Consumer-lending discrimination (Bartlett et al., 2022)
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Consumer-lending discrimination (Bartlett et al., 2022)

• Critical point: even if the GSE pricing grid is not the optimal model for predicting
default, it completely determines the price that must be paid

• All legitimate-business-necessity variables are thus observed

→ any interest-rate differences between loans within a given credit score/LTV grid
cell cannot reflect differential credit risk, and may therefore reflect discrimination.
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Consumer-lending discrimination (Bartlett et al., 2022)

• Data set includes loan-level information on income, race, ethnicity, LTVs,
debt-to-income ratios, + all contract terms

• Indicators for whether the lender primarily used algorithmic scoring

• About 5.7 million loans issued between 2009 and 2015 using the full merged data
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• Latinx and Black borrowers paid 4.7–4.9 basis points more in interest for home-purchase
loans and 1.5–1.6 basis points more for refinance loans
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• Even if algorithmic lending can reduce discrimination relative to face-to-face lenders, it
is insufficient to eliminate discrimination in loan pricing.
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More evidence: Blattner and Nelson, 2021
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Fairness in algorithms: Singh et al., 2022
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Fairness in algorithms: Singh et al., 2022

Research question : How to implement bias mitigation?

19 / 77

https://www.mdpi.com/2504-4990/4/1/11/htm


Fairness in algorithms: Singh et al., 2022

Research question : How to implement bias mitigation?

– Pre-processing : the transformation of data (e.g., the alteration of balancing
distributions) to “repair” inherent biases

– In-processing : the use of classifier optimization or fairness regularization terms
to affect model learning and maximize a model’s fairness

– Post-processing : the manipulation of model output to improve performance and
fairness metrics
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Fairness in algorithms: Singh et al., 2022

Research question : How to implement bias mitigation?

• They target the 3 problems by developing a novel and real-world applicable fair
ML classifier for mortgage-lending

• They create a bias mitigation pipeline called DualFair (a pre-processing strategy),
which approaches intersectional fairness through data sampling techniques

→ Some sub-datasets are far more common in the data, while others are less
represented. Thus, there is a huge imbalance that propagate root biases when
trained on a model, which need to be taken into account.
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Fairness in algorithms: Singh et al., 2022
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Fairness in algorithms: Singh et al., 2022
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Course Evaluation!



5’ break



Search Frictions



Why are so many people unemployed at
the same time that there are a large

number of job openings?
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Search frictions everywhere

• On many markets, buyers and sellers do not always make contact with one
another immediately

• Buyers may have trouble finding the goods they are looking for and sellers may
not be able to find buyers for the goods they have to offer

– Job market, housing market, marriage market, monetary theory, Taxis, etc.

• The explicit difficulties buyers and sellers have in locating each other (costly
search or search frictions) ⇒ market failure
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Search frictions everywhere

(Low-Tech) Solution?

⇒ Centralized markets
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Search frictions everywhere

(Low-Tech) Solution? ⇒ Centralized markets
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Search frictions everywhere

(Digital) Solution?

⇒ Centralized platforms
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Search frictions everywhere

(Digital) Solution? ⇒ Centralized platforms
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Mazet-Sonilhac, 2022

Research questions:

(i) Do search frictions matter for banking?

(ii) How does ICT* diffusion impact such frictions?

*ICT: Information and communication technologies
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Search frictions in banking ?
Mazet-Sonilhac, 2022

• It is costly for small firms to locate and match with the right banking partner

• Corporate credit markets are inherently decentralized and opaque

– banks do not post contract terms and no central organization is responsible for
setting prices nor conducting transactions

• SMEs multiply loan applications (≈ 3) and undergo a time-consuming
application process : > 33 hours on average on loan request paperwork
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Search frictions in banking ?
Mazet-Sonilhac, 2022
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Search frictions in banking ?
Mazet-Sonilhac, 2022

1. First contribution : I develop a partial equilibrium model of firm-bank matching

– Search frictions hinder firm’s ability to locate and match with the right
banking partner

⇒ I generate a number of predictions linking a variation in the level of search
frictions to (i) credit flows between cities and (ii) the cost of debt for SMEs

2. Second contribution : I propose a novel IV for the timing of BI diffusion

– Use the predicted local variations in BI access to estimate the impact of a
reduction in search frictions

3. Third contribution : I take the model to the data, using firm-bank matched data
(24 million obs.)
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Search frictions in banking ?
Mazet-Sonilhac, 2022
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Search frictions in banking ?
Mazet-Sonilhac, 2022
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Search frictions in banking ?
Mazet-Sonilhac, 2022
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Search frictions in banking ?

• Petersen and Rajan (2002) documents the erosion of the local nature of small
business lending, with increasing distance between small firms and their lender

36 / 77

https://onlinelibrary.wiley.com/doi/full/10.1111/1540-6261.00505


Search frictions and AI

• Fuster et al (2018) show that fintech lenders process mortgage applications
about 20% faster than other lenders
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Discussion
Go to BlackBoard and read the 2010 Nobel Prize Press release
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5’ break



Private Equity &
Venture Capital



Savings = offer of money Investment = demand of 
money

Asset Management
Banks

Private Equity
Venture Capital

FinTech
…

Finance industry
=

Informed intermediaries



Savings = offer of money Investment = demand of 
money

Hedge funds
Banks

Private Equity
Venture Capital

FinTech
…



What Is Private Equity (PE) and Venture Capital (VC)?

• The definition of PE/VC is based on two aspects, each related to the two main
characteristics of the PE relation

– PE is a source of financing : it is an alternative to other sources of liquidity

– PE is an investment made by a financial institution in the equity of a non-listed
company

• Throughout this Lecture, the definition of PE will be used in its broad meaning,
which also includes Venture Capital

• Venture Capital is a very specific case of PE. It is the investment in the very
early stages of a company’s life.
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What Is Private Equity (PE) and Venture Capital (VC)?

• How does it work in practice?

• The investor (PE fund) gets shares of the equity of the company in return for the
inflow of cash
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What Is Private Equity (PE) and Venture Capital (VC)?

1. A company needing money for a certain and clearly identified reason

2. The company collects money with the issuance of equity on the private market,
the company does not pay any interest expenses to the PE fund

3. The PE fund will not only become a shareholder but will contribute to the
management of the company. The smaller the company is, the larger the
contribution of the PE fund in the business management will be

4. The PE fund will create profit only through the generation of capital gain, i.e.
exiting from the investment by selling shares to someone else on the market
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PE vs. Investing in a Public Company
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Why Would a Company Need PE?

Q: Why should a company let an external investor sit on its board of directors and
make managerial decisions ?

A: The venture-backed company wants to enjoy some direct and indirect benefits
decisions

– Certification Benefit (only good firms selected)

– Network Benefit (customers, suppliers, banks)

– Knowledge Benefit (how to run the business)

– Financial Benefit (injection of cash → lower risk)
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Taxonomy of PE/VC funds
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VC-backed firms Hall of Fame

WhatsApp Facebook Snap Alibaba

Google Twitter Rocket Internet
Zalando GitHub Spotify Dropbox

Coinbase Uber Airbnb Zoom
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PE/VC as informed intermediaries

• Investing in a very young firms comes at a (high) risk

• PE/VCs constantly screen the market, looking for promising startups

– Invest in many : "spray and pray"

• They face the two information frictions that we have studied so far:

– Search frictions : finding the needle in the haystack

– Asymmetric information about the firm type (investment screening)
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Universe of young firms

VC Fund
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Which are the best 
firms to invest in? VC Fund
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Which are the best 
firms to invest in?

Universe of young firms

Sub-sample of 
firms are 

considered

VC Fund

6% only meet VCs
0.5% receive VC-backing



Does ML help ?
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Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022

• Are ML algorithms able to identify the most promising firms?

• Not clear: selecting the most promising firms is an extremely difficult task

– No historical data on new firms

– Complex set of entrepreneur and firm characteristics
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Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022

Research questions:

i Do VCs back the best firms (according to a ML model)?

ii How do VCs make their investment decisions?
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Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022

1. Create an algorithmic investment policy

– Build a model that predicts firms’ performance (XG Boost)

– Algorithmic investment policy selects firms with the highest performance
predictions (Great perf. OOS)

2. Contrast algorithmic policy to VCs’ decisions

– VC-backed firms vs. algorithm-selected firms

– Show which characteristics VCs care about

– Document that these characteristics are representative of the best
performing entrepreneurs
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Universe of young firms Firm predicted growth
(rank)

• XG Boost predicts firms’ performance based on X a vector of firm and
entrepreneur characteristics
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AI-selected
firms

• XG Boost selects the most promising firms (Top 0.5%)



Universe of young firms
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Both AI and 
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• Compare AI-selected firms to VC-backed firms



Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022
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Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022
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Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022
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Venture Capital (Mis)Allocation in the Age of AI
Lyonnet and Stern, 2022

– VCs over-weight entrepreneurs’ personal features : gender, education, optimism,
and serial entrepreneurs and locations (Paris)

– These characteristics are representative of the best performing entrepreneurs

– VCs exaggerate representative features (stereotypes) of success in their decisions
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What about VCs who adopt ML?
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AI-Empowered VCs
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AI-Empowered VCs
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The Adoption of Artificial Intelligence by Venture Capitalists
Bonelli, 2022

Research question:

How does AI adoption by VCs
affect startup financing?
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The Adoption of Artificial Intelligence by Venture Capitalists
Bonelli, 2022
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The Adoption of Artificial Intelligence by Venture Capitalists
Bonelli, 2022
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The Adoption of Artificial Intelligence by Venture Capitalists
Bonelli, 2022
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The Adoption of Artificial Intelligence by Venture Capitalists
Bonelli, 2022
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AI using historical data not informative about breakthrough
companies (Bonelli, 2022)

Very bad (default) Futur unicorns

Distribution of VCs’ 
investments
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AI using historical data not informative about breakthrough
companies (Bonelli, 2022)

Very bad (default) Futur unicorns

AI adoption

Distribution of VCs’ 
investments
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Discussion
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