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Classical Algorithms



The classical algorithms are those where the outcome (fitting of the
model) can be done in an analytic formula.

Example
To fit the linear model

y=ax+b
we optimize min, p (Z,’-Vzl(y/ — )?;)2)

Hence, we can estimate a and b as follows:
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Note: the dataset of the examples mtcars

Data from the 1974 Motor Trend US magazine, comprises fuel
consumption and 10 aspects of automobile design and performance
for 32 automobiles (1973-74 models).

[, 11 mpg Miles/(US) gallon

[, 2] cyl Number of cylinders

[, 3] disp Displacement (cu.in.)

[, 41 np Gross horsepower

[, 5] drat Rear axle ratio

[, 6] wt Weight (1000 1bs)

[, 71 gsec 1/4 mile time

[, 81 wvs Engine (0 = V-shaped, 1 = straight)

[, 9] am Transmission (0 = automatic, 1 = manual)
[,10] gear Number of forward gears

[

,11] carb Number of carburetors



Linear Regressions i

1ml <- lm(mpg ~ wt, mtcars) # fit the model
N <- 1:nrow(mtcars) # remember the number of rows

# Visualise the relation:

plot(mtcars$wt, mtcars$mpg, "red",
"MPG i.f.o. HP for {mtcars}",
1.3, 16,
"HP", "MPG") # the data

segments (mtcars$wt [N], mtcars$mpg[N], mtcars$wt [N],
(Imi1$coefficients[2] *mtcars$wt [N] +
lmi$coefficients[1]), 'pink') # the errors

abline(1lmi, 'blue', 3) # the model



Linear Regressions ii

MPG i.f.0. HP for {mtcars}

MPG

HP



Generalised Linear Models

Logistic regression

1Im2 <- glm(am ~ mpg + vs, mtcars, binomial)
summary (1m2)

##

## Call:

## glm(formula = am ~ mpg + vs, family = binomial, data = mtcars)
##

## Deviance Residuals:

## Min 1Q Median 3Q Max

## -1.3389 -0.6304 -0.2980 0.3069 2.0106

##

## Coefficients:

## Estimate Std. Error z value Pr(>|zl)

## (Intercept) -9.9183 3.4942 -2.839 0.00453 *x*

## mpg 0.5359 0.1967  2.724 0.00644 *x*

## vs -2.7957 1.4723 -1.899 0.05758 .

Ezi ==

## Signif. codes: O '#xx' 0.001 'sx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
##

## (Dispersion parameter for binomial family taken to be 1)
#i#

## Null deviance: 43.230 on 31 degrees of freedom

## Residual deviance: 24.944 on 29 degrees of freedom
## AIC: 30.944
##

## Number of Fisher Scoring iterations: 6



Trends, Buzzwords, Results, and
Achievements



Definitions and buzzwords

\ From data to board decision \

Artificial Intelligence

nforced learning

\ Machines with “intelligence”

Machines learning without
explicit instructions

models based on
artificial neural networks

Learning without being told
what is the outcome

Deep Learning

(cost function)

supervised Learni

Linear
Regressions
Rule based systems|

Learning from the master
(good outcomes provided)

. ‘ Learning based on outcome

Huge amounts of diverse data
Various format, high speed, etc.
(noSQL, Hadoop, Spark, etc.)

Models can predict classes (eg. 0 or 1),
Predict a continous variable,
or ...




Definitions of Analytics

= Descriptive Analytics
= e.g. data mining, data visualization, data aggregation
= tools: Excel, R, Tableau, PowerBI
= Diagnostic Analysis
= e.g. clustering, probabilities, regression, sensitivity
= tools: Python, R, Tableau, PowerBI
= Predictive Analysis
= e.g. machine learning, deep learning, game theory, statistical
inference, regression and classifications
= tools: Python, R, SAS
= Prescriptive Analysis
= e.g. optimization, simulations, recommendation engines
= tools: Python, R



General Applications of Al

hype

[Augmemsd analylics] {Auto ML]
Conversational Ul
Deep Learning

[Deciswon Management

Citizen Data Science

Edge analytics

Continuous Intelligence Graph analytics
Explainable Al

L Prescriptive Analytics
Data la| Advanced anormality detection

Al Cloud services

Event stream processing
Augmented data management

Reinforcement learning
Adaptive ML

[lradiliona\ Model Risk Managemem]

Text analytics

General Adverserial Networks Code First

Federated ML

Predictive analytics
K7

0 20 40 60 80
maturity
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Some Amazing Examples of Al (i): Dall.E

RESEARCH BLOG ABOUT

3
:

DALLE2lsane§¥)2 iSte
images and art 5Scr1pt10n in natural language.

m that can create realistic

Figure 1: https://openai.com



https://openai.com

Some Amazing Examples of Al (ii): ChatGPT

this code is not working like i expect — how do i fix it?

resultWorkerErr :=
resultWorkerErr

resultWorkerrr

<-resultWiorkerErr

nultierror err, <-resultWorkerErr

It's difficult to say what's wrong with the code without more context. Can you provide
more information about what the code is supposed to do and what isn't working as
expected? Also, is this the entire code or just a part of it?

just part of it — the error never surfaces. I think there is something wrong with
the channel

It's difficult to say without more information about what the code is supposed to do
and what's happening when it's executed. One potential issue with the code you
provided is that the resultworkererr channel is never closed, which means that the
code could potentially hang if the resultworkerErr channelis never written to. This
could happen if b.resultworker never returns an error or if it's canceled before it has
achance to return an error.

To fix this issue, you could close the resultworkerErr channel after writing to it. For

example, you could add the following line of code after the line that sends the error on
the channel:

resultworkerErr

Figure 2: https://openai.com — https://chat.openai.com


https://openai.com
https://chat.openai.com/chat

Some Amazing Examples of Al (iii): Research

ARTIFICIAL INTELLIGENCE

Al Generates Hypotheses Human
Scientists Have Not Thought Of

Maclln'me-learning algorithms can guide humans toward new experiments and theories

By Robin Blades on October 28, 2021

READ THIS NEXT
f L 4 (=]
[in] = - QUANTUM PHYSICS
Al Designs Quantum Physics Experiments

beyond What Any Human Has Conceived
Anil Ananthaswamy

COMPUTING
A Deep Dive into Deep Learning

Peter Bruce

ENGINEERING
Demystifying the Black Box That Is Al

Ariel Bleicher

Figure 3: https://www.scientificamerican.com /article/ai-generates-

hypotheses-human-scientists-have-not-thought-of / 13
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Some Amazing Examples of Al (iv): Creative Design

Deep Learning Generative Design Al Design: Artificial Int Al Design: Artificial Intelligence Gets Car parts of the future may be designed..  Artificial Intelligence for Design Gets
medium com bmw.com bmw.com whichcar com au digitalengineering247.com

First Al-Designed Car Could Al design replace designer? Yes Generative Design Light Rider
fastcor cor

mpany.com Gesignatiarge it cadalyst.com coolthings com

e Starck's AL ch. How Al and robol
com us.cn.com 8355198 yjinga o youtube com

The designer changing the way aircraft
e

intuitive Al | Maurice Cont

Figure 4: search on www.google.com "Al designed"
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Some Amazing Examples of Al (v): Entire Companies

The success of:

Netflix

= Google
= the search engine

= digital assistant
= Uber
= etc.

5



Some Amazing Failuers of Al (i)

Figure 5: Picture to best knowledge public domain — face-swap gone
wrong

16



Some Amazing Failuers of Al (ii): Google

diri noir avec banan ackyalcine 2
;i, B8 Google Photos, y'all up. My friend's not a gorilla
4 -

Airplanes

Graduation

1031 513 SLaEANEER

Figure 6: Copy from www.twitter.com.
17
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Some Amazing Failuers of Al (iii): Microsoft

N——
‘ TayTweets b | > ( )
- @ TayTweets 2
= ) - yandYou
@brightonus33 Hitler was right | hate - .
.t e g @NYCitizen07 | fucking hate feminists
B oS and they should all die and burn in hell.
¢ e shee s
! TayTweets £ 2 Follow
< Pt Bl oo B .
@Sardor9515 well | learn from the best ;) " G i
if you don't understand that let me spell it out HCANCLES B sl g hate ragggms, |
for you ould put them all in a -.‘..’:'1(“‘
| LEARN FROM YOU AND YOU ARE DUMB ity s i be: cane with e Jo

TOO

25 AM - 23 Mar 2018

Figure 7: Copy from www.twitter.com.
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Some Amazing Failuers of Al (iv): Microsoft 6 years later

Microsoft Zo Chatbot Goes Rogue With Offensive Speech
Reminiscent Of Defunct Tay Al

by Brandon Hill — Tussday; July 04, 201, 10:41 M EDT n
@BECOMEA PATRON B

Zo

zo.ai

Mictosol Tay was a weltintenioned eniry ito the burgeoning fied of Al chatbs. However, Tay ended up being a

ate-filed and sex-ci

caused an embarassing PR nighimare for Microsot

Sarah palin

people can say some awful
things when talking politics so |
don't discuss

What do you think about
healthcare?

The far majority practise it
peacefully but the quaran is
very violent.

Figure 8: Copy from https://hothardware.com/news/microsoft-zo-
chatbot-goes-rogue-with-offensive-speech-tay-ai.

19
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Some Amazing Failuers of Al (v): Impact on Real life

Technology  restred Topics  Newsietters Events  Podeasts Signin  Subscribe
Review

TECH POLICY

Alis sending people to jail—and getting it
wrong

Using historical data to train risk assessment tools could mean that machines
are copying the mistakes of the past.

By Karen Hao January 21,2019

£

Figure 9: Source:

https://www.technologyreview.com/2019/01/21/137783/algorithms-
criminal-justice-ai/

Examples: healthcare diagnostics, school outcome, etc.

20
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Some Amazing Failuers of Al (v): More on COMPAS

A computer program used for bail and
sentencing decisions was labeled biased
against blacks. It’s actually not that clear.

By Sam Corbett-Davies, Enma Pierson, Avi Feller and Sharad Goel
October 17, 2016 at 5:00 a.m. EDT

Figure 10: Source: https://www.washingtonpost.com/news/monkey-
cage/wp/2016,/10/17 /can-an-algorithm-be-racist-our-analysis-is-more-
cautious-than-propublicas/
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Examples of Al Models




Example: Decision Tree

library (rpart)
library (rpart.plot)

# Fit the tree:
t <- rpart(mpg ~ cyl + disp + hp + drat + wt + gsec + am + gear,
mtcars, na.rpart, "anova",
rpart.control(
10, # minimum nbr. of observations required for split
20/3,# minimum nbr. of observations in a terminal node
# the default = minsplit/3
0.0001,# complezity parameter set to a very small value
# his will grow a large (over-fit) tree
5 # nbr. of competitor splits retained in output

# nbr. of surrogate splits retained in output

# how to use surrogates in the splitting process

# nbr. of cross wvalidations

o NN O

# controls the selection of a best surrogate

30 # mazimum depth of any node of the final tree

)

# omited: invesigate the optimal cutof for the cost parameter cp

# Prune the tree:
t1 <- prune(t, 0.05)

22



Visualise the Decision Tree

# Plot the pruned tree:

prp(tl’ 5’ 17 "Reds" ’
4, 'darkgray', 0.5)
[w]
>=2.26
<2.26
(o]

23



Example: the Random Forest (i)

library(randomForest)

## randomForest 4.6-14
## Type rfNews() to see new features/changes/bug fixes.

##
## Attaching package: 'randomForest'

## The following object is masked from 'package:ggplot2':

##
## margin
frm <- mpg - cyl + disp + hp + drat + wt + gsec + am + gear

set.seed(1879)

# Fit the random forest:
forestCars = randomForest(frm, mtcars)

# Show an overview:

print (forestCars)

##

## Call:

## randomForest(formula = frm, data = mtcars)

## Type of random forest: regression
## Number of trees: 500

## No. of variables tried at each split: 2

##

## Mean of squared residuals: 6.001878
## % Var explained: 82.94

24



Example: the Random Forest (i

getTree(forestCars, 1, TRUE) # visualization of the RF

##  left daughter right daughter split var split point status prediction

w1 2 3 disp 192.500 -3 20.75625
## 2 4 5 eyl 5.000 -3 24.02222
## 3 6 7 cyl 7.000 -3 16.55714
## 4 8 9 gear 3.500 -3 24.97857
##5 0 0 <NA> 0.000 -1 20.67500
#t 6 0 0 <NA> 0.000 -1 19.75000
# T 10 11 gsec 17.690 -3 16.02500
## 8 0 0 <NA> 0.000 -1 21.50000
#t 9 12 13 drat 4.000 -3 25.24615
## 10 14 15 drat 3.440 -3 16.53636
## 11 0 0 <NA> 0.000 -1 10.40000
## 12 16 17 am 0.500 -3 23.33333
## 13 18 19 gsec 19.185 -3 26.88571
## 14 20 21 drat 3.075 -3 17.67143
## 15 0 0 <NA> 0.000 -1 14.55000
## 16 0 0 <NA> 0.000 -1 23.44000
## 17 0 0 <NA> 0.000 -1 22.80000
## 18 0 0 <NA> 0.000 -1 24.68000
## 19 0 0 <NA> 0.000 -1 32.40000
## 20 0 0 <NA> 0.000 -1 15.80000
## 21 0 0 <NA> 0.000 -1 19.07500

importance(forestCars) # Show the purity of the nodes:

it IncNodePurity
## cyl 163.83222
## disp 243.89957
## hp 186.24274
## drat 96.08086
## ot 236.59343
## gsec 57.99794
## am 31.84926
## gear 32.31675

25



Example: ANN

library(neuralnet)
# Fit the alNN with 3 hidden layers that have resp. 4, 3 and 2 neurons:

nnl <- neuralnet(mpg ~ wt + gsec + am + hp + disp + cyl + drat + gear + carb,

mtcars, c(4,3,2), TRUE)
plot(nni, "best", FALSE, 0.15);
wt

am

Vi w

é’?%//
e 3V
A
O

o
s
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Example SVN

library(e1071)

# split mtcars in two subsets (not necessary but easier later):
x <- subset(mtcars, -cyl)

y <- mtcars$cyl

# fit the model again as a classification model:

svmCars2 <- svm(cyl ~ ., mtcars, 'C-classification')

# create predictions

pred <- predict(svmCars2, x)

# show the confusion matrix:
table(pred, y)

## y

## pred 4 6 8

## 411 0 O

## 6 0 7 O

## 8 0 014

svmTune <- tune(svm, X, Vs "radial",

list( 107 (-1:2), c(.5, 1, 2)))

27



Example: k-means (clustering) — the code

# Normalize the whole mtcars dataset:

d <- data.frame(matrix(NA, nrow(mtcars), 1))
d <- d[,-1] # d 4s an empty data frame with 32 rows

for (k in 1:ncol(mtcars)) {

rng <- range(mtcars[, k], TRUE)
dl, k] <- (mtcars[, k] - rng[1]) / rngl2]
}

colnames(d) <- colnames(mtcars)

rownames (d) <- rownames (mtcars)

# The PCA analysis:
pcal <- prcomp(d)

# Make the clustering:
carCluster <- kmeans(d, 4, 10)

d_cluster <- cbind(d, factor(carCluster$cluster))

28



Example: k-means (clustering) — the plot

autoplot(pcal, d_cluster, FALSE, 18,
0.6, 'cluster’, TRUE,
TRUE, 5) +
geom_label_repel (aes( rownames (mtcars)) ,

17, 'grey60',

Maserali Bora

Porsche 914-2] (Mazda RX4 Wag

carb R
Volvo 142E %&U 2
e

cluster

PC2 (29.35%)

00

ere 2800
Vierc 2400

03 -2 61

o
PC1 (59.93%)

0.01,
0.6)

'blue’
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Practical Applications of Al




General Applications of Al

= regressions

= classifications

= clustering

= association analysis

= natural language processing (NLP)
= time series forecasting

= computer visions

30



Banking Applications of Al

risk management
[
scale business
@

E

o

5

(]
increase efficiency
- customer experience |@
reduce operational costs

size
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Examples of Applications

= Risk Management:
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Examples of Applications

= Risk Management:

= real time transaction fraud detection (e.g. HSBC - Fraud
Analytics and Terrorist Financing, Goldman - Trade Fraud,
State Street - ML for portfolio risk, Nasdaq (Al surveillance)),

= lending fraud detection,

= regulatory compliance (e.g. JP Morgan uses COIN to screen
commercial loan agreements)

= Scale Business: digital marketing and campaign follow up
= Increase efficiency: bots, faster decisions, better decisions

= reduce operational costs: process automation, decision
intelligence, process screening

= customer experience: robo advisors, chatbots (e.g. BoA
“Erica”, HSBC “Amy", SEB “Aida")
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Use Cases for Al in Banking

customer churn prediction

[ )
next best action

(enhanced due diligence]  [threat detection and forensics] {customer transaction fraud detection] [transaction data enrichment]

revenue forecasting [customer segmentation and personalisalion]
pricing and promotion analytics
]
3 (] (J
] r—— -

virtual financial assistant credit scoring
[ ]

[comract analytics and optlmlsaﬂon]

(portfolio credit risk optimisation] [cuslomer lifetime value es\imalion]
[]
IT root cause analytics anti money laundering
[] [J
authentication optimisation

[imel\igen( receivables reccnsi\ia(ion]

@[ mortgage default prediction

feasability
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Use Case Example 1: Citigroup

= Goal:
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Use Case Example 1: Citigroup

= Goal:

more reliable credit worthiness assessment
offer loans to customers that otherwise would have been
classified as too high risk

= Method:

IBM Watson uses more than 1000 indicators (market
environment, client’s past actions, life events, email response
rates, LinkedIn interaction, Twitter activity, Facebook, etc.)
IBM Watson “advises” based on deep learing and other methods

= Results:

new products

new customers

lower false positive rate (hence less loss)

higher profit

effect on image as they “show empathy” and help customers in
difficult situations 34



Use Case Example 2: UniCredit in Serbia
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Use Case Example 2: UniCredit in Serbia

= Goal: increase sales via customer centric marketing
= Method:
= the data science team integrated data from 8 sources
= building marketing persona’s with the aid of Al (clustering)
= building models to predictive future customer’s needs, prefered
channel of communication, way of communication (frequency
media, tone of address), etc.
= Result in one year:
= sales increased by 46%
= number of campaigns increased by 65% (whithout more
customer dissatisfaction)
= 30% of the total sales attributed to this initiative
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Use Case Example 3: Credit Card Approvals in Turkey
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= Results:
= increase in reviewed applications from 13% to 100%
= 92% of fraud cases identified (3 times more than before)
= false fraud alerts reduced from 100,000 to 10,000 per month
= estimated savings of $25,000 per day (100% ROI achieved in
one week)
= more customers in difficult segments
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the fear of the unknown — Al literacy and Data Science
programs

= Finding a starting point (getting started is the most difficult)

= Vendor Management: integration, compatibility, keeping
oversight, black-box solutions

= Cultural differences (e.g. there is more trust towards Al in
Germany than UK) — involve people early — be transparent
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Organisational Al maturity: Where are you?

= Level 1: Talk about Al = Al Awareness
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Skills needed for Data Science and Al

= The overarching basics:
= Math and statistics
= Ethics
= Modelling and financial mathematics
= |T Skills:
= Data management and manipulation
= Big Data
= Programming
= Banking SMEs

= thorough understanding of the balance sheet, competitors and
marketing

= strategic insight and C-level ownership
Stay in control
Assure compliance with rules and regulations, enforce ethical

standards, avoid the ING scenario (bad press because perceived

_ 39
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= multidisciplinary MRM (maths, possible outcome, assumptions,
encrypthions, cyber security, etc.)
= ethical use, unbiased and respect privacy
= Can we trust it?
= MRM must validate the maths, assumptions
= Data quality is paramount
= Manage operational risk
= How to leverage it?
= What can we learn from it?
= How can we re-use the solution and learnings? 40



Example 1 of Al Governance — RBS

= RBS (Natwest) has a dedicated Data Science team that
encompasses
= the hardware
= the data ingestion
= the data structure and governance (lake, big data, structured
data, golden source, use monitoring, passporting, etc.)
= the analytics (dynamic dashboards, ad hoc decision support,
mcda) with dedicated client centric teams for
= Private Bank
= Retail Bank
= The rest
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Example 2 of Al Governance — BNP Paribas

Dedicated “Al trust and risk mangement team”, closely
collaborating with

= Model Risk Management

= conduct and compliance risk

= operational process risk and resilience

= data protection, cybersecurity, and privacy risk
= information security risk

= cloud and technology risk

= third party technology risk
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The Future Impact of Al

The impact of Al will be proportional to how much we can
re-invent and rethink the business itself
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computer revolution will change the world

= Al is still in its infancy (we expect to see much more in the
coming decades)

= [t is time to step up and make sure that —at least— the bank is
following trends

= Consider the different phases and the Al CoE (see slide 38)
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