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PRE-PREFACE

A little bit about myself
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BACKGROUND

I am a trained data scientist and researcher-turned-consultant

I finished a BS in mathematics 
and MS in statistics to 
become a data scientist…

… to later complete a PhD in 
hospitality and be a university 
professor…

… to become a consultant and 
help casin0s far and wide 
make more money with AI
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ACADEMIC WORK

I have done some of the publishing thing, and have some more 
papers loading…
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ACADEMIC WORK

I also very much like to work with students and young 
professionals, serving in a variety of capacities
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CURRENT WORK

… But nowadays I am focused on the intersection between 
analytics/AI and the different facets of gambling

Casino Profitability Public Health

Marketing
• Prediction of players 

likely to churn
• Promotional 

preference hyper-
personalization

• Lifecycle modeling of 
database players

• LLM offer generation
• Detection of high 

value players
• Determine players’ 

sensitivity to offers

Surveillance
• Detection of suspicious 

behavior
• Identification of 

promotional abusers
• Players betting against 

the trends
• Agile detection of 

advantage players
• Determining the 

count(ability) of a 
particular game

Revenue Optimization
• Dynamic pricing of table 

minimums
• Hotel rooms pricing
• Upselling and inventory 

management
• Discount/rebate on loss 

programs
• Casino floor 

optimization

Responsible Gaming
• Detecting high risk 

gamblers based on 
behavior

• Determining 
affordability of a 
gambler

• Profiling of high-
risk patrons 

Psychiatry
• Classifying 

gambling disorder 
patients based on 
their clinical data

• Profiling dual 
gambling disorder 
patients based

• Uncovering genetic 
markers of 
gambling disorder 
patients
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EXPERIENCE

I have worked on international projects spanning various 
industries
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PREFACE

A little bit about yourselves



Join at slido.com

#34426983

The Slido app must be installed on every computer you’re presenting from

https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design
https://www.slido.com/support/ppi/how-to-change-the-design


What is your area of expertise?

The Slido app must be installed on every computer you’re presenting from

ABOUT YOU

Tell me a bit about yourselves…

https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design
https://www.slido.com/support/ppi/how-to-change-the-design


What models do you use or are 

you familiar with?

The Slido app must be installed on every computer you’re presenting from

https://www.slido.com/powerpoint-polling?utm_source=powerpoint&utm_medium=placeholder-slide
https://www.slido.com/support/ppi/how-to-change-the-design
https://www.slido.com/support/ppi/how-to-change-the-design


Section 1 A primer on XAI

Section 2 Industry examples of XAI

Section 3
Academic applications & 
demonstration



14

SECTION ONE

A primer on explainable AI
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INTRODUCTION

We will begin by talking about AI and then dive deeper

Artificial 
Intelligence

Explainable AI
(XAI)

Applications 
of XAI

• What is AI?
• What are the different types?

• What is XAI? 
• Why do we need it? 

• How can XAI help us?
• Novel applications from work
• Academic applications
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ARTIFICIAL INTELLIGENCE

There are broadly two types of AI

Creates new content from 
existing data, imitating 

human creativity.

Generative AI Predictive AI

Predicts future outcomes, for 
better decision making
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ARTIFICIAL INTELLIGENCE

But most AI algorithms are black-box models

”black box”: we cannot see inside 
the AI models. How do models 

determine predictions?

We see clusters, but how do we 
know why a player is purple, for 

example?
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ARTIFICIAL INTELLIGENCE

To demonstrate: Can we predict the prestige of a professor?

This is our input dataset… three 
X variables, one Y variable

X vars Target

OLS Regression

Neural Network

97.5

93.4

Prestige Prediction
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ARTIFICIAL INTELLIGENCE

But why do we care about a black box if it gives good results??

Auditability

Strategy

Ethics

Regulation
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EXPLAINABLE AI

Traditional thinking suggested explainability came at the price 
of accuracy, but this is not the case anymore…

To get better predictions, we had to use 
deeper, more complex, and less 

interpretable models…

Rule based learning

Linear/Logistic Regression

Decision Trees

K-Nearest Neighbors

Graphical Models

Statistical Models

Ensemble Methods

Deep Learning

Rule based learning

Linear/Logistic Regression

Decision Trees

K-Nearest Neighbors

Graphical Models

Statistical Models

Ensemble Methods

Deep Learning

Model Explainability

M
o

d
e

l A
cc

u
ra

cy

M
o

d
e

l A
cc

u
ra

cy

Model Explainability

Pre-XAI Post-XAI

… But now, XAI has levelled the playing 
field on the Explainability dimension
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EXPLAINABLE AI

Explainability in AI allows us to understand why a model gives a 
particular prediction

Explainability allows us 
to extract the “why” 

behind the prediction
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EXPLAINABLE AI

Explainability comes in many different shapes and sizes. We like 
to remember SMUD

Domain Definition Types

Scope

Describes how much of the model we’re trying to 
understand. 
• Do we want to explain the model’s logic overall, or just a 

specific prediction?

• Global: how does the entire model behave?
• Local: how did the model make a particular 

prediction?

Mechanism
Describes when the explainability is achieved. 
• Does the explanation happen within the model itself, or do 

we explain it after training?

• Intrinsic: model is explainable by design
• Post-hoc: explainability is applied after training

Understandability
Describes who can understand the model,
• Is it explainable to ML engineers or for the average Joe? 

• Explainable: someone knows what the model is 
doing

• Interpretable: we can know what the model is doing

Dependence
Describes for which model the explainability method works.
• Does the method work for any model or only certain types?

• Model specific: works only with a specific model or 
model family

• Model agnostic: works for any model
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GLOBAL VS. LOCAL

Global yields overall drivers, but local explanations unlock key 
insights. For example, high frequency prediction:

Global Explainability
(all players)

”these variables influence predictions 
across all players”

Local Explainability 
(Player 1235)

”We believe player 1235 is a high 
frequency player because…”

“Hanging” matters:
• Many hands seen 
• Midweek play
• Time at table
• Play pattern
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OTHER

Some explainability is built into the model by definition. Back to 
our prestige example…

Intrinsic / specific
(linear regression)

We can see the effect 
of a particular variable 

on the prediction

And some sort of 
variable importance 

measure

Post-Hoc / agnostic
(SHAP)

! This can be done with ANY model
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EXPLAIN VS. INTERPRET

Explainability is generalized insights, but interpretability is the 
human understandability of those insights 

it’s one thing for the analyst to 
be able to understand it…

… But it’s different for the executives, 
operations, sales, marketing, IT teams to 

understand and make actionable

Explainability Interpretability
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GEN AI

So, what about my bestie ChatGPT???

“So where does 
generative AI fit into 

the XAI equation?”
• What kind of model is it?

• Is it interpretable? Explainable?

• If so, how? Locally? Globally?

• Why would I talk about it in the 
context of XAI?
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SECTION TWO

Explainable AI in the industry
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CASE STUDIES

I have selected a couple of case studies across a couple of broadly 
generalizable domains of gambling

Prediction of problematic 
gambling behaviors

Responsible Gambling

Is the player not going to 
return?

Churn Modeling
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RG

Many times, we don’t have clinically-validated scales, so we try 
to identify problematic gamblers from their play behavior…

Transaction 

Level

Bet

Level

We collected bet-by-bet level data from 
200k slot machine players in Europe…

… and we crunched it to see if we could 
pick out the ”highly involved” players

Gambling databases are highly 
skewed so we usually pick the 

“disproportionate” top %
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RG

Using explainable AI, we were able to unpack the clusters, 
looking at why clusters were formed

The difference in proximity of the purple outlier 
groups to the main group could hint that some 
particularly dangerous play could spawn from 

more ”typical” highly involved activity

Feature Importance by Cluster

This was further 
seen when we 

broke down the 
clusters 
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RG

And then we used an LLM to help us inform the stakeholders 
automatically

We trained the LLM to think 
like an RG professional…

… and how to write an email

Patron is flagged and report comes 
on latest data

Reasons why the model believes 
this prediction to be strong 
(positive shap) and rationale for 
scepticism (negative shap)

Dissemination of information and 
update on player status

1 

2

3
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CHURN

The company in question had a small, gradual increase in churn, 
putting it at about 35%

Lowest end patrons have 
higher non-return rates

% of patrons from 

previous qtr returning 
in the subsequent qtr

3-month period

Percent not returned next three-month period by ADT bin

Top end return rates 
are largely flat
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CHURN

We extracted the most important variables for churn prediction 
using explainable AI

Most important features for churn prediction

Most important variable is 
regularity of visits

Offer should: Instill 

regularity of visits 

while addressing 

recent losses and 

sudden changes in 
behavior

Recency is strong 
predictor

Change in theo win

Recent wins and losses

Frequency trend
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CHURN

Churners behave very differently in marketable ways

Player 1235: not likely to churn

Prediction: Non-churner

Player 5321: likely to churn

This player is an engaged, high value 
player, coming regularly

This player is likely new and unknown to 
us. She has a relatively strong ADT, but 

not likely to be coming back

Likely churner due 
to lack of baseline 
and previous trips
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CHURN

We found a way to bridge the gap between analysts and other 
stakeholders
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SECTION THREE

On academia…
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RESEARCH

So many disciplines are being transformed by AI, and there 
seems to be a general publication bias towards ML models

A new review seems to come out 
every week titled:

AI research in ___________

Insert whatever subject you like, 
it is revolutionizing the way we 
find relationships in our data and 
draw conclusions…
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RESEARCH

XAI can level-up your next paper, particularly in disciplines that 
are not traditionally quantitative

“I don’t really know how to 
program that well and it seems 
complicated…”

It takes 30 lines of code
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TEACHING

The idea of XAI could be implemented as a unit or at least 
explored in various courses to prep students for the AI world

Undergraduate Courses Graduate Courses
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TEACHING

... And of course we can’t forget about research methods at the 
graduate level

AI detects complex patterns in 
massive datasets like genomics or 

imaging, while XAI makes those 
discoveries transparent and 

clinically meaningful.

Survey Research Medical Research Business Research

XAI helps refine theories of 
consumer behavior by revealing 

which factors truly drive decisions

AI and XAI can uncover the most 
impactful components of scales 

and constructs.
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FIN

Thank you for having me



Mana Azizsoltani
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