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What motivates explainability?
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“The current generation of Al systems offer tremendous benefits, but their effectiveness will be
limited by the machine’s inability to explain its decisions and actions to users.

Explainable Al will be essential if users are to understand, appropriately trust, and effectively
manage this incoming generation of artificially intelligent partners.”
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What is explainable or human-like Al?
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Where might explainable Al be useful?
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Physician

Government & Enterprise

Regulator

Al Provider

eCommerce

Consultant

Use Case

* Validate 3" party health diagnostics e.g., why is a
patient included in a high-risk cluster?

* Understand strengths and weaknesses in critical
Al applications e.g., security, terrorism, crime

e Scrutinise high-risk decision making models in
industry e.g., gambling, mortgages, pay day loans,
credit cards

* Understand, test, and debug Al applications prior
to deployment e.g., autonomous vehicles, image
recognition

e Explain an algorithm-driven profiling decision to a
customer e.g., EU GDPR

* Improve Al-based applications for their enterprise
customers

PRESENTATION RIGHTS RESERVED. COPYRIGHT BETBUDDY LTD. YEAR 2017.



Where might explainable Al be useful?

@ BetBuddy

User

(,E.,
i
*
H
ab

!

Physician

Government & Enterprise

Regulator

Al Provider

eCommerce

Consultant

Use Case

* Validate 3" party health diagnostics e.g., why is a
patient included in a high-risk cluster?

* Understand strengths and weaknesses in critical
Al applications e.g., security, terrorism, crime

e Scrutinise high-risk decision making models in
industry e.g[ gambling, Inortgages, pay day
loans, credit cards

* Understand, test, and debug Al applications prior
to deployment e.g., autonomous vehicles, image
recognition

e Explain an algorithm-driven profiling decision to a
customer e.g., EU GDPR

* Improve Al-based applications for their enterprise
customers

PRESENTATION RIGHTS RESERVED. COPYRIGHT BETBUDDY LTD. YEAR 2017.



@ BetBuddy

Regulators want industry to use Al for consumer protection

GAMBLING
COMMISSION

The Commission’s position

We are somewhat concerned by the points raised in paragraph 21.1 — which appear to run
counter to our expectation that licensees move towards a culture of evaluation or one in
which data is used for non-commercial reasons as effectively as it is used for commercial
reasons. One respondent noted that the effectiveness of existing requirements has yet to
be measured. However, we expect licensees to provide ongoing feedback and insight as to
how existing measures could be further enhanced and, where appropriate, developed.

There is, to some extent, a greater expectation on the remote gambling sector with its
account based play and unlimited stake and prizes, to narrow the gap between customer
retention and consumer protection measures. The expectation is that licensees will use
datasets and player analytics (tools often used for commercial reasons) to monitor the
effectiveness of gambling management controls and target those consumers most at risk of
problem gambling. It is no longer sufficient to use player take up as the sole means through
which to measure the effectiveness of social responsibility controls.

In relation to our statement of principles, it is not correct to suggest that our aim to deliver
evidence based regulation restricts our duty to regulate in the public interest with regard to,
and in pursuit of, the licensing objectives. The Commission’s statement of principles sets
out our approach as follows:

In interpreting the available evidence, the Commission will take a precautionary
approach. For example, caution may be justified where evidence is mixed or inconclusive,
and the Commission would not want to restrict its discretion by requiring conclusive
evidence that something was unsafe before taking measures to restrict it.

“The expectation is that licensees will use data sets and player analytics (tools often used for
commercial reasons) to monitor the effectiveness of gambling management controls and target
those customers most at risk of problem gambling.”
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However, there’s a reluctance to rely on black box decision making

Responsible Gambling Algorithms

Held on the 13t July 2016 at City University London

The roundtable

Fifteen senior executives and experts from the gambling and finance industry and
City University London’s Research Centre for Machine Learning gathered in
London, UK, for the BetBuddy roundtable on Responsible Gambling algorithms.
Participants were drawn from gambling operators covering the remote, retail, and
casino sectors as well as representatives from treatment providers and the UK

C ion and the UK

.Bel:Buddy 25 CITY UNIVERSITY
7. tonooN

Strategy Board.

Transparency is
important to enable an
operator to manage any
regulatory challenge
with regards to a model
that had been deployed
Roger Parkes

Global Head of Compliance,
Betway

Instinctively, greater
model understanding
would be a higher
priority compared
with greater accuracy
Paul Hope

Programme Director, UK
Gambling Commission

Horizens

in Responsible Gambling Conference

Results from a poll of experts from the New Horizons in
Responsible Gambling Conference (2016) showed that industry,
regulators, and treatment providers would prefer an algorithm
that was 75% accurate (in predicting gambling related harm)
and that was fully understandable, compared with an algorithm
that was 90% accurate but was also a blackbox
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Two strands of research
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TREPAN

Algorithms which seek to extract a compact decision tree from a
given complex model. The original motivation was to represent a
neural network model in a tree structure which could be more
interpretable than a neural network classification model.

TREPAN generates decision rules of type Mof N, Nof N, 1 of N, or 1
of 1. In an M of N configuration, a tree node contains N distinct

tests.

RANDOM FOREST TREE EXPLAINER

When considering a decision tree, it is intuitively clear that for each
decision that a tree (or a forest) makes there is a path (or paths)
from the root of the tree to the leaf, consisting of a series of
decisions, guarded by a particular feature, each of which contribute
to the final predictions.
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How TREPAN works

TREPAN )
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Key parameter choices in (1) Creation of and usage of oversampled data, (2) Growing 1-of-1 tree and
(3) Pruning to M-of-N tree = Many different possible output trees — Domain expert needed to review
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Early promise using TREPAN
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Neural Net: 33 Features, 500+ Weights

Intensity
= Trajectory Break Loss
Input Layer = ; : Variability
33 variables Risk point

check p-1

Hidden Layer

All 33 variables feed
into each of 17 nodes

Self-
Excluder
Score

Qutput Layer

All 17 nodes feed into
2 output nodes

(_no

\\“
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Compact Decision Tree: 8 Nodes

No Are at least 3 of these true:
¢ Age>31
Frequency trend not significant
*  Variability high
* Intensity has increased 49% vs previous period

Score low, med or high on
Frequency stat. significance?

Has intensity increased 22%vs

P — - —
\J\I_O/ ) \;,S_E/) the previous period?

l

Do they score zero on Session f/'st'\‘ | Do they score medium or high
Time statistical significance? &\_,_// on Variability stat. significance?
Are they based in Germany? -( NO ) ( NO )4— Are they male?

}

(\SE) Is increase in Frequency highly
T N stat. significant (10%) level?

_x
(SE D

with competitive accuracy and fidelity
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Enables extraction of rules and narratives for human validation

Compact Decision Tree Rules and Narratives
. Viable
Model Rule Model Narrative .
Narrative?
Are at least 3 of these true:
. Age>31
- Pyt st IF Men aged over 31 who
+ Intensity has increased 49% vs previous period Age >3 1[ bet frequently, are
Fracueney st snicance? o) CSE D e g " Male, increasing their number Narrati "
e 1y arrative supports
Variability High, of bets, and who have a OK - PP
| 0o they score zero on Session .| Dotheyscore mecium or high . . . addictions research
(N0 | e Satistical sgnificance? on Varisbity stat. significance? Intensity Increase >49%, very volatile betting
. . - o Frequency Increase Sig. >90%, style, are at higher risk
Are they based in Germany? NO ) NO ) Are they male? .
THEN AT RISK of problem gambling
SE o Is increase in Frequency highly
~ stat. significant (10%) level? People aged over 31
G IF who have a very volatile
Age >31, betting pattern, are Narrative weak as
Variability High, increasing their number nationality is not a
: NO L
Intensity Increase >49%, of bets, and are not valid indicator of
Nationality # German, German are at higher addiction
THEN AT RISK risk of problem
gambling
Etc...
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Random forest tree explainer
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Conceptual Approach

Prediction: Not HARM

Prediction: HARM Prediction: Not HARM

Final Prediction: Not HARM

A grid search optimized Random Forest
classification model was built with a forest size
of 200 binary trees having unlimited depth

The primary focus was to extract sample-level
information from the random forest model by
traversing each node of each tree, which
contains a either data feature and a threshold
value based on which the tree is split into a
further two branches; or a probability for the
class at leaf nodes

Each data sample consists of risk profile of a
player based on his/her gambling pattern. Data
samples are passed through each tree with in
the forest model to arrive to the prediction

Each unseen data sample is passed through the
random forest model, and the number of
occurrences of each feature (frequency value)
in the decision path of each tree was recorded.

13
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Random forest tree explainer
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Weight Factor Approaches

Weight Factor Comparison

02

Weight Factor Values

0.15

0.1 X
0.05
1]

i 2 3 4 5 6 7 8 9 10 11 1z 13 14 15 15 17 18 19 20 21 22 23 24 25 26 27 128
Depth of the tree

=—e—Method #1 ==g==Method #2 ==g@=Method #3 Method #4  =—g=Method #5 ==g==NMethod #5

Weight factors were calculated using several
constraints, on which one approach was used
to build the model. A few options were
formulated for weight factor calculations and
compared, as shown in the line graph

Weight factors were applied to the recorded
frequencies to obtain weighted feature
frequencies for each unseen data sample.
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Random forest tree explainer

Model Feature Prioritisation

n n INFERRED PLAYER RATING SUMMARY

Player ID: 7924582
ruing (I

Dual/Madines 2015 | OTC  Cosno fielomal]  Sports finbamal]

“rcier by Murhar of Varkabics

* Features are weighted at the sample level to
build an individual knowledge graph for each
player

R ]
=1

|
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Random forest tree explainer

Model Feature Prioritisation

(2]o R Y]]

Player ID: 7924582
s ([

SPAR  p—— Order by | State v | Number of Variables |5

Dual OTC Machine Player

Bet Amount Trend Increase Confidence

Loss Amount Trend Increase Confidence

Frequency Breakpoint Check ]
Loss Variahility Breakpoint Check ]

* Enables not only weighted feature frequency
analysis at sample level but also categorisation
of strength of feature value following
distribution analysis in the training data sets

* Red/ Amber classifications for targetted
communications

49 BetBuddy 16
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Are all high risk players the same?

Player 1 Player 2

* New player (22 active gambling days) * Established player with 421 active gambling days

* Whilst risk profile has increased in last 2-3
weeks, appears to try to self-moderate

* Risk profile increasing rapidly since opening
account i.e., average daily bet amount of £743

* Average daily bet amount of £249

17
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Whilst both high on model prediction, they have different behavioural graphs

Risk Classification, Feature Weighting and Prioritisation

Player 1 Player 2
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B
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* Pattern-matching accuracy to other long-
term self-excluders was 62%

Pattern-matching accuracy to other long-term i
self-excluders was 70% i
A large proportion of features ranked both i * Reasonable proportion of features flagged
Red/Amber and high on the tree interpreter Red/Amber, but only 1 inthe top 5 |
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Closer examination reveals distinct patterns driving risk

Player 1
Dual | Machings 2015~ OTC  Casng Sports
Ovder by | Stabe M Mumier of Vanaoles |3 &
ss——— I
IL==='--=' ability Trend Increase Corfidence I_
T e I
o 5 10 15 20 25 30 35 40

[0 ] =0 CURRENT STATISTIC SUMMARY: WIN/LOSS

>0()

Highly variable loss patterns that are
increasing
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Closer examination reveals distinct patterns driving risk

Player 1 Player 2
Dual f Machines 2015~ OTC  Casno Sports
Ovder by | Stabe M Mumier of Vanaoles |3 &

Dual OTC Maching Player

I Average Loss Variabdity of the Current Period I

1] 3 10 15 20 25 30 35 40

a - n CURRENT STATISTIC SUMMARY: WIN/LOSS

Recency in variable losses
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Closer examination reveals distinct patterns driving risk

Player 1

Dual / Machines 2015~ OTC  Casno Sparts
Ovder by | Stabe v Mumier of Vanaoles |3 &
Dual OTC Mazhing Player ]
Loss Variabiity Trend Increase Confidence [
Average Loss Variability of the Current Period | NG
] 5 10 15 20 25 30 35 40

CURRENT STATISTIC SUMMARY: WIN/LOSS

S0GaE0D

Player 2

Dual | Machines 2015 oTC Casino (Infernet) Sports (Internet)

Order by | State Mumber of Variables | 3 = |

Std dev of Bat Amt ko machine SesEi0ne

Fréquancy Braakpom? LR&ck

CURRENT STATISTIC SUMMARY: BET AMOUNT

S0EA80D

Highly variable staking patterns (not losses)
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Closer examination reveals distinct patterns driving risk

Player 1 Player 2

Dual ! Machines 2015 o)1 Caging Spors Dual | Machines 2015 aTc Casing (Internet) Sparts (Intermet)
Order by | Stabe T Mumbar of Vanables | k| - ] Order by | Slate A Mumber of Variables 1 * |
Dual OTC Machine Player Dwal OTC Machine Player

Losz Variability Trend Incraaze Cortidence [

Average Loss Variabdity of the Current Period

(o /0 Q&) CURRENT STATISTIC SUMMARY: WIN/LOSS BZED CURRENT STATISTIC SUMMARY: BET AMOUNT

Frequency of play (every other day)
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Should player 1 and 2 receive the same
responsible gambling intervention?
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Research and gambling data suggests personalisation may be beneficial

* Practical experience shows that non- problem gamblers (PGs) do not perceive RG tools as applicable
for them, whilst PGs do not perceive themselves as PGs

* Problem gamblers (PGs) are also not a homogenous group therefore the types of communications
sent may be perceived very differently by individuals

* Research shows personalized messages have shown to change behaviour in several areas such as
smoking cessation, physical fitness, reduction in alcohol consumption, and diabetes management

 The term responsible gambling is often synonymous with problem gambling, which can be construed
negatively by the customer

» Research into positive play behaviours suggests that players who play in a ‘positive manner’ exhibit
different beliefs than those with a gambling problem. This points towards the potential for
encouraging positive behaviours as well as discouraging high risk player behaviours.

24
PRESENTATION RIGHTS RESERVED. COPYRIGHT BETBUDDY LTD. YEAR 2017.



@ BetBuddy

Player Messaging Best Practice: UK Gov’t Behavioural Insights Team

THE
Easy e.g., BEHAVIOURAL

INSIGHTS TEAM .
*  Making messages clear often results in a significant increase in

response rates — particularly breaking down complex goals
Attractive e.g.,

*  People are more likely to do something there attention is
drawn to — consider colour and images in messages

*  People are drawn to incentives — are there incentives that can
be designed into interventions?

Timely e.g.,

*  The timing of interventions can have a significant impact —
making them at a point close to when a behaviour is flagged
could make them more relevant

* Thereis often a gap between intentions and actual behaviour —
it may be useful to use further prompts if initial interventions

do not result in a change EAST

Four simple ways to

Social e.g.,
ocial e.g apply behavioural insights

*  We should be wary of reinforcing problematic behaviours by Owaln Service, Michael Hallsworth, David Halpern,
. . . . .o . Felicity Algate, Rory Gallagher, Sam Nguyen, Simon Ruda, Michael Sanders
em phaSISIng thelr hlgh prevalence - Speclflca”y for normative with Marcos Pelenur, Alex Gyani, Hugo Harper, Joanne Reinhard & Elspeth Kirkman.
comparisons. INPARTNERSHIP WiTH | #0% Cabinet Office  Nesta
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Do Responsible Gambling Interactions have an effect on behaviour?

Do Responsible Gambling interactions (RGls) achieve desired changes in behaviour? Early
evaluation testing results from PlayOLG

~97,000 RGIs on PlayOLG during 2015/16 (viewed
risk profile or self-test result)

We wanted to know if RGIs have a positive impact
on player behaviour

Initially focused on a small subset of RGls that met
certain criteria e.g.,

* active players

* who used RGls regularly (e.g., at least
quarterly), and

* who were rated either moderate or high risk
at the time of the RGI

Tested underlying behaviour (bet amount) in period
leading up to the RGI and period after it.

Impact of RGls on Behaviour (n = 1,455)

24% RGls led
moderated behaviour

e’

24% led to a moderation in underlying behaviour
(i.e., improvement)

64% had minimal impact
12% led to an increase in underlying behaviour

Whilst we cannot generalise, encouraging early
indications RGIs can potentially help players.

26

PRESENTATION RIGHTS RESERVED. COPYRIGHT BETBUDDY LTD. YEAR 2017.



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26

