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Data in finance are not new
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But today, finance has a lot more data
Costs of storage and global data availability, 2009-2017
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Your digital footprint is valuable

Source: Berg et al. (2018)
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Alternative data can support credit assessments
Credit Assessment for SMEs and Big Data Analytics
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Fintech credit has grown fast, from a small base
Global Volume of New Fintech and Big Tech Credit
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Source: Frost et al. (2019)
Restricted

6

The DNA of big techs
 Big techs’ business model rests on enabling direct

interactions among a large number of users (ecommerce platforms, social media, search)

 An essential by-product of their business is the large

stock of user data which are utilised as input to offer
a range of services that exploit natural network
effects, generating further user activity

 Data analytics, network externalities and interwoven

activities (“DNA”) constitute the key features of big
techs’ business models. These three elements
reinforce each other.

Source: BIS (2019)
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Three objectives: stability, efficiency and privacy. A trilogy or another trilemma?
Financial stability

1. “Traditional” stability-competition
tradeoff

1

3

Efficiency

Privacy

2

2. Access to data for private providers
vs anonymity (eg better/worse
access to credit; misuse of data)
3. Access to data for regulatory goals
vs anonymity (eg AML/CFT,
supervisory data)
Source: Petralia et al. (2019)
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Willingness of users to share data for better offers is lower with higher income
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The question asked in the survey reads “I would be comfortable with my main bank securely sharing my financial data with other
organisations if it meant that I received better offers from other financial intermediaries”; for Belgium the figure is calculated over Belgium
and Luxembourg.
Sources: EY (2019), ”Global FinTech Adoption Index 2019”; IMF, World Economic Outlook.
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…and views differ within society, as well
Willingness to share data is higher for men than women1
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The question asked in the survey reads “I would be comfortable with my main bank securely sharing my financial data with other organisations if it meant that I received better offers
from other financial intermediaries”; for Belgium the figure is calculated over Belgium and Luxembourg.
Sources: EY (2019), ”Global FinTech Adoption Index 2019”.
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A new regulatory compass

Source: BIS (2019)
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Digital ID as a foundation?
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Conclusion
 Data are valuable, but data are also (market) power
 Policymakers need to consider the complex trade-offs between policy objectives – stability,

efficiency and privacy

 Standards complicated by differing preferences to data privacy across and within societies
 Need for domestic collaboration (with competition and data protection authorities) and

international dialogue

 Digital ID as a foundation?
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#questions?
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Data science skills can help to monitor opaque markets

Source: MAS (2018); Bitcoin blockchain
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Big techs have a rising share in overall market capitalisation and higher profitability
Share of big techs1 in overall stock index2 and profit margins

1
2

The sample includes Alibaba, Amazon, Apple, Baidu, eBay, Facebook, Google, Kakao Corp, Line, Microsoft, NTT Docomo, Rakuten, Samsung and Tencent.
MSCI All Country Global Index. 3 Average profit margin.

Source: Bloomberg; Pereira et al. (2019).
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The “tech premium” in labour markets is rising
Wage differential between the technology and the financial sector increases
US wages per full-time equivalent employee, in US dollars
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Fintech as a source of SME finance

Source: FSB (2019)
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Equity crowdfunding remains small, and governance of ICOs is problematic
Equity Crowdfunding and ICO Volumes
Equity crowdfunding by jurisdiction1,2
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GB = Great Britain, US = United States, PRC = People’s Republic of China, FI = Finland, FR = France, SG = Singapore, SE = Sweden,
ES = Spain, DE = Germany, NL = Netherlands, IN = India, CA = Canada, KR = Republic of Korea, AT = Austria, MY = Malaysia, BR =
Brazil, IT = Italy, ID = Indonesia, JP = Japan, CL = Chile, AU = Australia, NO = Norway, NZ = New Zealand, AR = Argentina, BE = Belgium.

Source: Cornelli et al. (2019)
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Keeping things in perspective

Source: Frost (2019)
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Welfare implications of innovations: payments and credit markets
Credit innovations may benefit differently ethnic groups
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Adults without an account; for each income group, weighted average by population for a selected set of countries. 2 On the horizontal axis is reported the
change in the log predicted default probability as lenders move from traditional predictive technology (a “Logit” classifier) to machine learning technology (a
“Random Forest” classifier). On the vertical axis is reported the cumulative share of borrowers from each ethnic group that experience a given level of change.

1

Sources: World Bank, Global Findex; World Bank, Remittance Prices Worldwide, remittanceprices.worldbank.org; Fuster et al (2018).
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• Artificial intelligence and Systemic Risk. Jón Danı́elsson, Robert Macrae and
Andreas Uthemann
• Available at SSRN: https://ssrn.com/abstract=3410948
• VoxEU Artificial intelligence and- the stability of markets
https://voxeu.org/article/artificil-intelligence-and-stability-markets
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What is machine learning?

•
•
•
•

Broad family of highly flexible, expressive models
Forests of boosted or bagged regression trees, neural networks, SVMs...
Theory-light
Overfitting controlled by cross validation
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What ML can and cannot do
• AI can master any decision process with a defined action space better than
any human
• chess, go, computer games,...

• It can handle decisions to the extent they can be mapped onto a contained
local problem
• driving a car, medical diagnosis, allocation of credit

• If the action space is ill defined (like all human endeavours), not so easy
• AI today is unable to reason about things it has not seen
• It can generalise within a local problem but cannot apply experiences from
one domain to another
• It does not understand the global problem that contains the local one
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Systemic risk
Probability of an unlikely financial crisis causing a severe economic recession

Systemic risk can not be eliminated
Happens on the boundaries of silos
One year out of every 43 for OECD countries
Does generally not arise from the behaviour or failure of any individual
financial institution
• For the United States it is not an event with costs in the USD billions or
tens of billions or hundreds of billions
• Instead, several trillions
• Perhaps more than 10% of GDP
•
•
•
•
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The time dimension of risk
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Systemic risk is all about the unknown unknowns

•
•
•
•
•
•

The US stock market goes down by $200 billion in one day and nobody cares
Potential subprime losses of less than $200 billion and a global crisis happens
Risk we know we prepare for — known unknowns
Risk we don’t know is the dangerous type
Unknown unknowns are most damaging
Almost axiomatic that the next crisis will happen where the nobody looking
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Bob — The Bank of England Bot ... and Gus, and
Mel, and Barry

•
•
•
•
•

MLs that are grandmasters in portfolio construction and risk management
Trained, theory-light, in the entire corpus of historic asset price movements
They know everything that has ever happened
They have induced a sensible structure that permits extensive interpolation
To the extent that the same drivers continue to apply they will do a great job
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Risk management, compliance and micropru
• There is no technological reason why AI cannot play a major role in most
• risk management functions in financial institutions
• microprudential supervision

• Job of the supervisor and the risk manager will become high level interaction
with their respective AIs
• BoB talks to the banks’ bots
• Passing data, model, rules, questions and decisions
• Objections are cultural, political, legal
• Technology is mostly here
• The financial case is clear
• Substantial investment but even larger savings
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Macro. Case not so clear

• There are limits to AI
• Some can be overcome with technical developments
• Others at present can not
1.
2.
3.
4.

understanding reasoning
procyclicality
unknown unknowns
optimisation against the system
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The time dimension of risk
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Trust, causality and reason

•
•
•
•
•

A 1980s AI, EURISKO, played a naval wargame
It found the best solution was to sink its own slowest ships
It is impossible to specify all eventualities
Humans can reason about unseen things, AI cannot
Current AI without a kill switch will do something catastrophic

Artificial intelligence and systemic risk© 2019

Background

Artificial Intelligence

The limits of AI

To conclude

Procyclicality

• BoB will favour homogeneous best–of–breed methodologies and
standardised processes
• Even stronger than human authorities
• In-breeding and homogeneity make behaviour more procyclical
• Which increases systemic risk
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Procyclicality 2
Financial entities have, in my experience, rather similar objectives
“Better” solutions mean closer to the optimum
As a consequence better solutions must also be closer to each other
Crowded trade... or rather, crowded perception
When new information arrives all AIs will update their models in a similar
way
• They will all want to sell the same things
•
•
•
•
•
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BoB cannot find unknown–unknowns
• Systemic vulnerabilities tend to happen on the boundaries of areas of
responsibilities (the silos)
• subprime mortgages put into structured credit products with hidden liquidity
guarantees
• crossing multiple jurisdictions, institutional categories and countries

• Where humans and AI are least likely to look
• Current AI can easily be trained on events that have happened: risk
• It can perhaps be trained on events that have been imagined:
known-unknowns
• Our system is endogenously infinitely complex
• It will always miss unknown-unknowns.
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Optimise against the system
• BoB’s optimisation is harder than that of a malicious actor because BoB
faces an infinitely complex computational problem
• A malicious actor only has to optimise against very small part of that domain
• A human regulator provides a natural defence because they create
randomness, nuance and interpretation which varies across individuals and
time
• Regulators also use common sense and understand out-of-domain
constraints such as the limits to regulator powers
• For AI, such randomised responses, would have to be programmed in, and
hence would not be acceptable
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Effective macroprudential AI needs to:
1.
2.
3.
4.
5.
6.
7.
8.
The

control across borders
control across silos
share data across borders and silos
randomise responses
create rules in a nontransparent way
understand causality in in unforeseen cases
reason on a global rather than local basis
identify threats that have not yet had bad outcomes
first 5 are unacceptable; the last 3 are beyond current capabilities
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So...
•
•
•
•
•
•
•

BoB and his friends will become increasingly useful
Reduce costs for financial institutions
Highly successful at least 999 days out of 1000
Need a kill switch
Increase systemic risk
Increase procyclicality
Reduce volatility and fatten tails
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