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Data driven decisions

about empowering
en decisions

manage what you don’t measure” [1]

McAfee, A., Brynjolfsson, E., Davenport, T.H., Patil, D.J. and Barton, D., 2012. Big data: the
management revolution. Harvard business review, 90(10), pp.60-68
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...S0, let’'stalk

Money laundering
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$2.5

Trillion
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That's
almost 16
|ISS’s




425 $232

Trillion Billion
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AML workflow
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We bring productivity
to AML through

Human Al
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*Case Study Lucinity: Based on a 12 month run of all transactions, compared to the replaced system.

4X

more true positive cases found
50%

reduction in cases

FROM 4 TOTHOURS
per SAR through process improvement*

O LUCINITY



but...
what does that even mean?
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alright, let's do a

motivational example from medicine




Oncology study
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Let's use data science to find the
money laundering needle in the haystack

Analysing ® o 0 0 0 o ooocoo

and let humans do the
evaluation and interpretation

Human Al C/O



... OF more precisely

Data Science
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Data driven approach

7~

Regulatory & * '@ \ Continuous
FinCrime Research Improvement
Knowledge @ Explainable models
Graph

Behavioral models
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Regulatory & FinCrime Research

1. Account/Card utilization inconsistent with stated purpose
Complex account/card and transaction networks, inconsistent product usage, unusual payment methods.
2. Customer activity does not match customer profile
Comprehensive behavioral profiling, deviation from expected and peer group behavior, abnormal shift in transaction
activity.
3. Unusual or suspicious customer activity
Circular fund movements, increased activity after dormancy, unusual device patterns, suspicious references.
4.Exhibiting a deliberate pattern of transactions
Rapid movement of funds, regular and irregular transactional patterns, round amount and systematic patterns.
5. Transacting in high-risk jurisdictions or sectors
Jurisdictions and sectors analyzed along multiple dimensions utilizing trusted sources to determine high risk transactions.
6. Avoiding reporting requirements
Layering schemes, structuring and placement schemes, consideration of spatial and temporal dimensions, thresholds.

7. Concealing customer or beneficiary information
ldentity and beneficiary obfuscation, unjustified use of intermediaries and payment processors, shell companies.

AML behaviours defined under EU and relevant domestic regulations, recommmendations, and guidelines. Both EU AML
18 I HELLO@LUCINITY.COM I CONFIDENTIAL directive 2015/849 (“AMLD4") and AML directive 2018/843 (“AMLD5") have been considered, as well as the Financial Action Task
: Force (“FATF”).


https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex%3A32015L0849
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A32018L0843

Features example

Exhibiting Deliberate Pattern of Transactions

Rapid movement of funds An example of a good feature

A.sc;heme used to obscure the The relative difference between the
origin of funds moving them infowing amount in the last 3 days
around the financial system and the outflowing amount in the last

3 days, weighted by the total value of
transactions in the last 3 days.
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KNOWLEDGE GRAPH
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BEHAVIOURAL MODELING

relies on models are trained
building features that are designed to using an unsupervised learning
mMeasure suspicious activity and o 8, approach in absence of label or
make outliers and patterns visible 3(?3 enriched data
and and

applying those features into a data Ve semi-supervised learning with feedback
sciene model that can score and rank and labeled data*
actors on a given time interval.

*coming soon
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model selection

CONFIDENTIAL




EXPLAINABLE MODELS

$123,456

Driving engagement of analysts $987,081

- Overall effectiveness of AML program relies in no
small measure on the analyst reviewing the
observation

g:\o Analyst tool focusing on

Observations

-»> Encapsulate and present data in context of the
observation

-» Clear representation of contributing factors

-» Easy to understand summarization

-» Rich visualizations to provide insights

-» Reduce case load by minimum 40%

-» Reduced fatigue, better review

-» 4-fold increase in coverage capability

-» Automated Quality Assurance

A "o Movemant of funds
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IABLE MODELS

e,
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3LE MODELS

KYC Data

$123,456
Risk and Credit Data

$087,081
Fiat Transactions

On-chain Analytics

Open Banking Data

e,
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Stories

e,
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e,
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Behavioral
insights
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4X

iIncrease in true cases
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N ,_ Customizable
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Continuous improvement
through < /‘, >
user feedback
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N decisions

e,
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Thank you

O LUCINITY

Make Money Good
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