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“What if that RegTech solution could prevent our 
company from receiving a $60,000,000 fine or 
from dealing with a regulatory issue involving 

multi-year global remediation requiring 
$10,000,000 in consulting fees?”

[John Humphries, CEO Risk Priorities, 2016]

“RegTech Is The New FinTech” 
[Deloitte's 2015 Report]

The RegTech Opportunity



RegTech Defined

• Regulation technology (RegTech) is the use of technological solutions 
to facilitate compliance with and monitoring of regulatory 
requirements (UK Financial Conduct Authority 2015).
• RegTech helps institutions to automate the more mundane 

compliance tasks and reduce operational risks associated with 
meeting compliance and reporting obligations.
• Startups and incumbent institutions alike are involved in the RegTech

‘value chain’, which is a continuum stretching from enabling through 
to handling compliance and regulation.



RegTech Market Size

• Regulatory compliance costs are very high and continue to rise for 
financial institutions. e.g.:  
• The six largest US banks spent US$70.2 billion on compliance in 2013, twice 

the US$34.7 billion spent in 2007. (WSJ, 30 May 2016; KPMG, May 2017).
• In 2015, the Financial Times estimated that some of the world’s largest banks 

each spent an additional US$4 billion a year on compliance since the financial 
crisis. (FT, 28 May 2017).
• Financial institutions' regulatory costs expected to more than double over the 

next five years and the costs of keeping compliance costs to rise to 10% of firm 
revenues.
• Recently, tech firm Calastone estimated that asset managers could save over 

$2.7bn a year if they replaced laborious manual fund purchasing processes 
with a distributed ledger technology.



Regulation is the biggest threat to fintech in financial services

• In January, the crypto market passed $700bn – a new record and there are 
now thousands of blockchain-based businesses across the world.
• Yet in the last two months China, Hong Kong, South Korea, New Jersey and 

Zimbabwe all clamped down on cryptocurrencies this month. 
• Other jurisdictions are taking a more proactive approach – Switzerland has 

published guidelines for ICOs, while Japan is enforcing stronger regulations 
for exchanges trading cryptocurrencies.
• Even without regulatory intervention, sovereignty concerns may interfere 

(e.g. bitcoin may never be adopted by major markets where it is too 
expensive to mine).
• The sector desperately needs professionalization and mechanisms for 

legitimization driven by fintech; e.g.:
• Providing anti-money laundering (AML) technologies for cryptocurrencies. 
• Setting of global standards for crypto and blockchain firms.



RegTech in Practice



Representative Technologies



Source: KPMG 2017 
Report



Examples of RegTech Intensive Regulations

• Basel III and Solvency II require extensive reporting of portfolio risk 
data on which capital is calculated.
• Liquidity requirements under Basel III require banks to perform 

extensive calculations of their Liquidity Coverage Ratios and Net Stable 
Funding Ratios on an ongoing basis.
• Impairment detection under IFRS 9 and Basel III requiring forecasting 

Expected Losses over a much longer horizon.



Global Trends – National Coordination of RegTech

Regulatory Sandboxes Australia, Canada, EU (proposals)

Direct Govt Funding MAS

Legislative Changes Australia – account portability laws
US Financial Services Innovation Act 2016

Regulatory Frameworks UK FCA Project Innovate



Case study – Using Regtech for IFRS 9 implementation in a bank

• The most significant impact on overall bank management is caused by the introduction of 
Expected Credit Loss approach to reflect credit risk in external accounting.

• The difficulty underlying IFRS 9 is to construct a Lifetime PD schedule.
• IFRS 9 requires the segmentation of financial assets based on similar credit risk characteristics. 

• For each segment the expected credit loss needs to be calculated taking probability weighted 
macroeconomic scenarios into account. 

• The calculation needs to consider the deterioration of credit quality since deal conclusion date. 
• For this purpose, IFRS 9 differentiates in total 3 stages, taking 12-month or lifetime expected credit 

losses into account.

• This approach should ensure that at any time for all individual deals which belong to a specific 
segment a risk provision is available which covers the embedded credit risk.

• The Basel Committee emphasizes that, to assess whether a financial instrument should move to a 
lifetime expected credit loss (LEL) measure, the change in the risk of a default occurring over the 
expected life of the financial instrument must be considered.



Potential costs of getting it wrong

• Too much risk provision reduces income.
• This in turn reduces the capital on the balance sheet and, ultimately, 

the covering funds in legal reporting. 
• Diminished covering funds limit new business development, which 

impacts on future profit growth.



Solutions

• The methodology required consists of three components, namely the PiT PDs, a 
regression model and a solution for incorporating LEL.
• The PiT PDs that form the basis of the analysis are leveraged from the existing 

scorecards and used in two ways:
• Calculate the average PiT PD by risk grade
• Construct a migration matrix between risk grades

• The regression model incorporates the economic impact into the LPD.
• The model is based on an aggregated default rate that is regressed on various 

factors, including economic variables.
• Base matrix is adjusted for expected behavior driven by the economy (z-shift).
• Solution 1. Markov Chain, consisting of individually z-shifted matrices determines 

transition behavior at each future point in time.
• Solution 2. Machine Learning



Machine learning

• The figure to follow shows results of a comparison of out-of-sample pool-level predictions of the 5-
layer neural network and a logistic regression model.

• Based on a pool of 2 million mortgages grouped into 2,000 portfolios by ordering loans according 
to the borrowers’ credit scores and then sequentially packaging each group of 1,000 loans into 
individual portfolios.



Benefits of machine learning approach

• For each such portfolio, the figure shows the observed number of 
prepayments in the next 12 months on the x-axis and the predicted number 
of prepayments in the next 12 months from the two models, the 5-layer 
neural network and the logistic regression model, on the y-axis. 
• The x = y line (in black) shows the ideal but hypothetical scenario under 

which the predicted and the observed number of prepayments coincide.
• It is seen that the predictions from the 5-layer neural network are much 

closer to this ideal line than those from the logistic regression model.
• The use of Machine Learning helps to improve the quality of ECL parameters 

such as PD, LGD, EAD and macroeconomic parameters. 
• Doing so the ECL on individual deal level will reflect best the future 

deterioration of credit quality.


