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The Hackathon: Great Job!

Let’s discuss your work
Group 1, 5-9 and 10



Replication crisis?

• 161 researchers in 73 research teams using the same data independently
• Test the same prominent social science hypothesis: Does greater immigration reduces

support for social policies among the public?
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Replication crisis?

• Research teams reported both widely diverging numerical findings and substantive
conclusions despite identical start conditions
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The Hackathon : Great Job!

What about my work?
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Some don’t like it hot (Mazet-Sonilhac et al., 2024)

• How do bank’s depositors react to NGO campaigns against brown banks?

• We merge several data sources :

– Sigwatch data (you know it)

– Deposits at the bank × city level (panel)

– Interest rates for new loans (quarterly survey)

– Green voting at city-level

– Exposure to natural disasters
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Some don’t like it hot (Mazet-Sonilhac et al., 2024)
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Some don’t like it hot (Mazet-Sonilhac et al., 2024)
An Index for Brown Reputation with Fading Memory
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Some don’t like it hot (Mazet-Sonilhac et al., 2024)
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Some don’t like it hot (Mazet-Sonilhac et al., 2024)
Impact of the Macron reform for Banking Flexibility
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Questions?
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Financial
Intermediation
with Big Data



Why do Banks Exist ?

1. Liquidity and Payment Services

2. Managing Risk

3. Asset Transformation (Diamond and Dybvig, 1983)
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Reducing Information Frictions and Allocate Funds
Asymmetric Information

• Banks determine which projects get financed. What is a good project?

• Banks can invest in technologies that allow them to screen loan applicants and
monitor their projects → informed lending
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Reducing Information Frictions and Allocate Funds
Asymmetric Information

• Banks determine which projects get financed. What is a good project?

• Banks can invest in technologies that allow them to screen loan applicants and
monitor their projects → informed lending

• Low-tech informed lending :

– Engage in long-term relationships

– Geography and specialization matter

– Screening : 1-on-1 meetings with borrowers, manual financial analysis
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Reducing Information Frictions and Allocate Funds
Asymmetric Information

• Banks determine which projects get financed. What is a good project?

• Banks can invest in technologies that allow them to screen loan applicants and
monitor their projects → informed lending

Today’s lending: more data + machine learning methods
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Machine Learning in Bank Lending

• A algorithm can be as good as a loan officer to evaluate the credit risk of an
applicant?
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Machine Learning in Bank Lending

• A algorithm can be as good as a loan officer to evaluate the credit risk of an
applicant→ Evidence from PC Lab #6

• Banks are changing their industrial organization: less local branches, less loan
officers (more data scientist), centralized loan approval process
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Machine Learning in Bank Lending
Gambacorta et al., 2019 or e.g. Turkson et al., 2016

• Compares the predictive power of credit scoring models based on :

i machine learning techniques (decision tree approach)

ii traditional loss and default models (Linear model)

• Loan-level data from a lending company in China for the period between May
and Sep. 2017

– Financial data, alternative data (phone calls, family), and ML-credit score

• Use an (exogenous) change in regulation policy on shadow banking in China that
caused lending to decline and credit conditions to deteriorate.
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Machine Learning in Bank Lending
Gambacorta et al., 2019 or e.g. Turkson et al., 2016

• Three OLS and Logit models :

P (Defaulti,t) = ϕ
(
αCSi,t + µp + µt + ϵi,t

)
(1)

P (Defaulti,t) = ϕ
(
β Xi,t + µp + µt + ϵi,t

)
(2)

P (Defaulti,t) = ϕ
(
β Xi,t + δ Zi,t + µp + µt + ϵi,t

)
(3)

• CS is the ML-credit score, X is a set of financial variables, Z a vector of
alternative variables
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Machine Learning in Bank Lending
Gambacorta et al., 2019 or e.g. Turkson et al., 2016
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Machine Learning in Bank Lending
Gambacorta et al., 2019 or e.g. Turkson et al., 2016
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New players:
FinTech Lending



The Rise of FinTech Lending

• Entry of new players = FinTech lending
• In the US, online lenders account for about 8–12% of new mortgage loans in 2016

(Source: Gambacorta et al., 2019)
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The Rise of FinTech Lending

• Top 10 Mortgage Origination (Consumer Financial Protection Bureau) in 2019

31 / 53

https://files.consumerfinance.gov/f/documents/cfpb_2019-mortgage-market-activity-trends_report.pdf


The Rise of FinTech Lending

• Top 5 Mortgage Origination (Consumer Financial Protection Bureau) in 2022
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https://files.consumerfinance.gov/f/documents/cfpb_data-point-mortgage-market-activity-trends_report_2023-09.pdf


The Rise of FinTech Lending

• In Europe?
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The Role of Technology in Mortgage Lending
Fuster et al., 2019

• FinTech lenders process applications 20% faster
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The Role of Technology in Mortgage Lending
Fuster et al., 2019

• FinTech lenders process applications 20% faster
• With no increase in default rate (dependant variable)
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Also in Small Business Lending!
Gopal and Schnabl, 2022
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Also in Small Business Lending!
Gopal and Schnabl, 2022

∆Yc = βBank Share06,c + γXc + FEs + εc

– ∆Yc = county lending growth or market share, 2007-2016
– Bank Share06,c = Market share of banks in county c in 2006
– Xc = county-level controls
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Also in Small Business Lending!
Gopal and Schnabl, 2022

∆Yc = βBank Share06,c + γXc + FEs + εc
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What is the mechanism?
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Machine Learning in FinTech Lending
Berg at al., 2020

• The growth of the internet leaves a trace of simple, easily accessible information
about almost every user worldwide → digital footprint

• FinTech lenders use people’s digital footprint to evaluate the creditworthiness of
applicants who have no official credit score

• Banks’ information advantage has eroded → really ?
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Machine Learning in FinTech Lending
Berg at al., 2020

Research questions:

i Does digital footprint helps augment information traditionally considered to be
important for consumer default prediction?

ii Can it be used for the prediction of consumer payment behavior and defaults?
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Machine Learning in FinTech Lending
Berg at al., 2020

• Unique dataset covering ≈ 250,000 purchases from an E-commerce company
located in Germany

• Contains 10 digital footprint variables that are easily accessible for any firm
operating in the digital sphere

– Device type, the operating system, and the e-mail provider
– Proxy for income, character, and reputation

• In addition to these digital footprint variables, the dataset also contains a credit
score from a private credit bureau.
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Machine Learning in FinTech Lending
Berg at al., 2020

• Difference in default rates between customers using iOS (Apple) and Android ≈
difference in default rates between a median and the 80th pct. of the credit score

• Bertrand and Kamenica (2017) show that owning an iOS device is :

– among best predictors for being in the top quartile of the income distribution
– also for character (status-seeking users are likely to buy an iOS device)

• Recent research documents that firms being named after their owners have a
superior performance.

• So-called “eponymous effect” is mainly driven via a reputation channel
(Belenzon, Chatterji, and Daley 2017).
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Machine Learning in FinTech Lending
Berg at al., 2020

– Digital footprints complement rather than substitute for credit bureau information
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Machine Learning in FinTech Lending
Berg at al., 2020

• Similar to Gambacorta et al., 2019 , use Logistic regression (Logit) to predict
default rate

P (Defaulti,t) = ϕ
(
αXi,t + β Zi,t + µr + µt + ϵi,t

)
• X is (i) the credit score, (ii) digital footprint and (iii) both. Z are controls for

Age, Gender, Item category, Loan. Month and region FE. amount
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Machine Learning in FinTech Lending
Berg at al., 2020
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Machine Learning in FinTech Lending
Berg at al., 2020

• Digital footprint alone is a better predictor of default than credit scores
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Machine Learning in FinTech Lending
Berg at al., 2020

• OS and e-mail host work super well, as well as e-mail error and lowercase
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Machine Learning in FinTech Lending
Berg at al., 2020
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Machine Learning in FinTech Lending
Berg at al., 2020

• Consumers with no credit score have comparable digital footprint-induced scores

• Digital footprints may help to overcome information asymmetries between
lenders and borrowers when standard credit bureau information is not available.

→ Could extend access to credit for the unbanked. Remember that the lack of
access to financial services affects around 2 billion working-age adults worldwide
and is seen as one of the main drivers of inequality

• Jagtiani et al (2019) find that US FinTech lenders tend to supply more mortgages
to consumers with weaker credit scores than do banks ; they also have greater
market shares in areas with lower credit scores and higher mortgage denial rates.
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Machine Learning in FinTech Lending
Berg at al., 2020

NB: results are subject to the Lucas (1976) critique

,
with customers potentially changing their online behavior

if digital footprints are widely used
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Machine Learning in FinTech Lending
Berg at al., 2020

NB: results are subject to the Lucas (1976) critique,
with customers potentially changing their online behavior

if digital footprints are widely used
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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?


	Hackathon
	ML in brickredBank and blueFinTech Lending

