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Clever Hans
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"If the eighth day of the month comes on a Tuesday,
what is the date of the following Friday?" Hans
would answer by tapping his hoof eleven times.

Clever Hans, a horse, amazed audiences with
apparent mtelllgence in early 1900s Germany.

Claimed to solve math problems and answer
questions.

Drew significant public attention and curiosity
about a |I|t|es

Attracted interest from scientists and
psychologists studying cognition.

Ultimately revealed reliance on subtle human
cues, not intelligence.




S & "SNP SEETIT T T va T e T

Giéssbox and Blackbox

7 k. SRS . . P e T




Glassbox vs Blackbox
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Glassbox vs Blackbox
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Glassbox vs Blackbox
Intrerpretability vs Explainability
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- l Interpretability
Itis a property of a | Itisaproperty of a
model decission process
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Interpretable models Explailnab|l|ty can be
. achieved even for
— can provide .
o not interpretable
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Local vs Global explanations
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Locally and globally interpretable models

For a single instance it might
be possible to interpret the

gini = 0.478
samples = 192
value = [76, 116]

B model, but globally it
B 3._.,"9; might be difficult to grasp
he model behaviour easily.
B = =R , t
e e %‘I"--”"" %;a --’w - 2
B T EE == '"“'-- 2 HEm =
HEamEsmE EzE ElL-Ed Bl L L L EES |
----H--.---' -- = -----m--
o =& CEd T W ]
o
plas <= 127.5
gini = 0.455
samples =514
value = [334, 180]
The model is simple class =0
* Interpretability does not guarantee enough to interpret it Netee
ope globally mass <= 29.95
understandability!

* It depends on many factors

class =1
Y \
gini = 0.448 gini = 0.403 gini = 0.405
samples = 139 samples = 50 samples = 142

value =[92, 47] value = [36, 14] value = [40, 102]
class =0 class =0 class=1




Linear regression



Linear regression

X, = 150 ft2, y, = 300 000 $

X, = 150 ftz, y,= 150000 $

Price ($)

X; = 300 ft2, y;= 1000000 $

X, = 170 ftz, y,= 270 000 $

sq. ft.



Linear regression

he(x)=6,+6,x

What is the best f(x):

IO Y (halx) )

* Assumptions:

Linearity — interactions and
nonlinearities need to be engineered

Normality - outcome, given features
follows normal distribution

Homoscedasticity (constant variance)
- the classic i.i.d assumption

Independence — the classic i.i.d
assumption

Fixed features — no measurement
errors assumed

Absence of multicolinearity —
correlated features break the
interpretability
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How to interpret linear regression

X4

Interpretation of numerical features zr/ﬁ

Interpretation of categorical features AF CZ UK US
. Location:
* Feature importance AF CZ US
e "All other features remain the same” A V[X\v M
>,-A- x2=%x1+3 . 0| |1 (0] |1 0 |1
10 ®
9 L
8 //’_‘/ ;
’ '/ )= (XTX)'XTy We do not know the real error
6 .
. . SE(f) = /62 (XTX) 1 (noise), so we use MSE as an
4 \ estimate. Nice video explaining
3- ————— | this: Video.
T f, Note: You need to get diagonal
ty, = SE@) values of (X™X)1, as this is

i } } i —> . .
34 5 7 8 9 11 12 14 16 17 X, covariance matrix.



https://www.youtube.com/watch?v=ZFtnvXlWo0E

How to interpret linear regression

i
workingdayWORKING DAY —e—

] SE(0) = /62(XTX)"!
* Confidence intervals ——
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* Explain single instance

holidayHOLIDAY 4

t * t T
-1.96 0 196

days_since 20114 V\ ,' —1 96 1 -96

2000 -1000 1000
Weight estimate

Predicted value for instance: 1571
Average predicted value: 4504
Actual value: 1606

workingday 4 B workingday <
'

i ; windspeed § . !
windspeed ° 4 i
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holiday 4 ° * holiday .
i
days_since_2011 H I Ii days_since_2011+

2000 0 2000 -2000 0 2000
Feature effect Feature effect
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Interpretability issues

* OLS will give different results A
than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-

interpretable when interactions L

and transformations are added J(0) = 5 29 =6

8J (0 N o
8—22-) —9 Ej :(Qx(J) _ y(J))wq(;J)
0




Interpretability issues

* OLS will give different results
than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-
interpretable when interactions
and transformations are added
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Interpretability issues

* OLS will give different results
than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-
interpretable when interactions
and transformations are added
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Interpretability issues

* OLS will give different results
than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-
interpretable when interactions
and transformations are added

The coefficients of the linear regression model (let's denote
them as B;) represent the expected change in the target
variable Y for a one-standard-deviation increase in the
predictor variable Z, holding all other variables constant.

features

features

sqgft_lotl5 -
sqft_living15
yr_renovated -
yr_built A
sqft_basement
sqft_above -
view -
waterfront
floors 1
sqft_lot A
sqft_living
bathrooms 1

bedrooms -

sqft_lotl5
sqft_living15 1
yr_renovated -
yr_built
sqft_basement
sqft_above A
view -
waterfront
floors
sqft_lot A
sqft_living
bathrooms 1

bedrooms -

Standarized features

weights
-100 -75 -50 -25 0 25 50 75 100
OLS features
weights
0.0 0.1 0.2 0.3 0.4 0.5
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Interpretability issues

e OLS will give different results
than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-
interpretable when interactions
and transformations are added
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Interpretability issues

e OLS will give different results
than gradient methods, because
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* Multicolinearity can break the
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and transformations are added
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Interpretability issues
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than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-
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Interpretability issues

e OLS will give different results
than gradient methods, because
of normalization issues

* Multicolinearity can break the
interpretability

e Model is not human-
interpretable when interactions
and transformations are added

features

Standarized features thata re highly
correlated

sqft_lotl5 1 weights
sqft_living15 A
yr_renovated A
yr_built 1
sqgft_basement -
sqft_above -
view -
waterfront -
floors -

sqft_lot +
sqft_living -
bathrooms -

showers A

bedrooms A

-1.0 -0.5 0.0 0.5 1.0
lel5

The model may compensate for this redundancy by inflating the
coefficients of the correlated features to capture the shared
variance. Consequently, the weights can appear significantly higher
than they would for less correlated features.



Data in R™3 (separable w/ hyperplane)

Interpretability issues

* OLS will give different results than = %" .. - I N
not gradient methods, because of ., 1 N\

Y Label

normalization issues %
* Multicolinearity can break the .
interpretability '

 Model is not human-interpretable
when interactions and
transformsations are added 3
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K-nearest neighbors




K-nearest neighbors
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# bathrooms

K-nearest neighbors




K-nearest neighbors

the house was estimated to 295
000 S because most similar
houses had prices from a range

250 000$ to 340 000 $ /ﬂ\ /ﬂ\ /ﬂ\
* Explain by explicitly providing K ~ 290 000 $
nearest neighbours for analysis ¥~ 3% 0005 yy=295000 "

A

ys= 250 000 $

* Exaplain by example: the price of /ﬂ\

y1= 340 000 $



K-nearest neighbors issues

 Selecting K is always a
problem

e What distance metric
to use?

e What in case of
hundreds of features?

* Problemin analysing
such a large number
of parameters

* Dimensionality curse
* It's local only

# bathrooms

ca ft leavine



K-nearest neighbors issues

 Selecting K is always a

problem 4“\,

e What distance metric
to use?

e What in case of

hundreds of features? /ﬂ\ /ﬂ\

* Problemin analysing
such a large number K=8

of parameters
* Dimensionality curse /ﬂ\

* It's local only
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K-nearest neighbors issues

 Selecting K is always a
problem

e What distance metric
to use?

* What in case of Z
hundreds of features?

* Problemin analysing
such a large number
of parameters

* Dimensionality curse Vihypercube - d297T(d/2)
* It's local only

d/2
Vhypersphere L 7T /

> 0,as d — o0
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Logistic regression
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Logistic regression

N N
@) 1y 1 @)]..() 3} — (@)].,.(3)
Py =1) = Lt ern— ot B 1 1 ) mgxlngp(y 2, B) mgX;lnP(y |z ,Bi
N M(vﬁ)
mﬂaxﬁf(ﬁ) = mﬁaxz Wy = +1inP(y" = +1|29, B) + Ky = —1]inP(y" = —1]2, 8)]
=1
£ (%)= ——5—= P(y=118,x) )
I+e A oo
o @




Logistic regression

1
1+ exp(—(Bo + ﬁlxgi) + ...+ Bpxz(,i)))

Interpreting numerical featrures P(y® =1) =
Interpreting categorical features

. . . Ply=1) _ Ply=1)\ _
Normalization issue ln(l_P(y: )> ~ log (p<y:o>) = Bo+ Bror + .. + Boy
Feature importance

1?%(;:) j = odds = exp (Bo+ Py + -+ By

f(x)=

-0"x

= P(y=116,x)
l1+e A

oddsz; 11 exp(Bo+ frer+ ...+ Bi(x; + 1) +... + Byxyp)

oddsz; — exp(Bo+ b1+ ...+ Bz + ...+ Bpxp)
odds,, 1
oddse, ~ P (Bj(z; + 1) — Bjx;) = exp (6;)




Logistic regression

Interpreting numerical featrures mi = Plys = 1w

Interpreting categorical features

. i 1 xyy ... i, 7y (1 — 71) 0 0
Normalization issue N FRE R v_ 0 A(l—F) ... 0
Feature importance L my o oy ; 0 Ao
JoF e Pm I8 SE(H) = (XTVx)

dds,.

Ooddssgl = exp (Bj(z; + 1) — Bjx;) = exp (5))
L exp(AﬁAj)
Y SE(S)
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X2

Decision trees

30 A

25 A

20 A

15 4

10 A

class

W N P O

veValues(F)

10

15

https://github.com/sb obek/ux

dass
= —o
2 |
d — 2
=3
<7.92 >=7.92
conf=1.0 conf=1.0
x1 X2
|
i
i =
! s
i dass L4 - . 0
i =N} Las-"" 2
H =151 BB ° 3
—| ; 5
-10.0 =15 -5.0 -2.5 00 25 -25 00 25 50 75 100 s 150
x1 x1
<-5.89 >=-5.89 <1.00 * x1+12.36\>=1.00 * x1+12.36
conf=1.0 conf=1.0 conf=1.0 conf=1.0
350
300 300
50 250
£ 200 g 200
g y g 97.871%
£ 150 100.00% 100.00% £ 150
100 100
50 50
0 0l _p3p: a8
1 0 ] 2 3
dass dass dass dass




Decision trees

Outlook | AirTemp | Humidity | Windy | Water | Forecast | Enjoy
sunny warm normal TRUE | warm | same yes
sunny warm high TRUE | warm | same yes
rainy cold high TRUE | warm | change no
sunny warm high TRUE | cool change yes
overcast | warm normal FALSE | warm | same yes
overcast | cold high FALSE | cool same no

H(D) == p(c)log,p(c)

ceC

Gain(D) = H(D) —

2

veValues(F)

D]
D)

H(D.,)



Pros and cons

* Nonparametric models — they Decision tree regressor

are not that perfect for
forecasting 5-

e Can overfit without proper
regularization

* No need to <31
normalize/standarize/scale

* No need to One-hot-encode
* Feature importancecan be

obtained immediatelly
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Pros and Cons

Bous;

* Nonparametric models they are
not that perfect for forefcasting

e Can overfit without proper

regularization w “

ccccc

* No need to

normalize/standarize/scale

AP 2
H 2 ok ° 3
i 15 7_,_‘—‘
i 10 ___x"'/
-15 -5.0 -25 5 -25 00 25 50 75 100 125 150
x1 x1
<-5.89 >=-5.89 <1.00 * x1+12.36\>=1.00 * x1+12.36
conf=1.0 conf=1.0 conf=1.0 conf=1.0

* No need to One-hot-encode

300 300 300 { 300
20 50 %501 0
- £ 200 % 200 £ 2004 g 200

e 100.00% [ 97.67%
o m n n § 150 100.00% £ 150 £ 150 { B53% § 10
ea ure I por a Ca Ca e 100 100 100 100
50 50 s0 4 50

0 " o oL oa0 PR
1 [} 2 3 o 2 3
dass dass dass dass

obtained immediatelly




. AR

Probabilisti

A\
&-\’ 1 .“i. .;

X

-
.“t

-

-

" 551 »
4 2 2

o

k\r\m
-
-

.‘/
g\ - oa

c graphical models

r

[ A0

b ‘
Wy

k
I

s 1™
) vy J \



Probabilistic graphical models (PGM)

* Nodes represent variables

* Edges represent direct e
probabilistic interactions

 Different types of PGM
o Bayesian entworks — acyclic,

directed graphs ¢ ¢
o Markov models — undirected od 005 025 —
graphs ) ‘ )
e Easy incorporate domain -
knowledge T

g? 0.99 0.01

* Popular in causality modelling



Nalve Bayes

s | [ | [may | [ e | e || ocast

Sky AirTemp | Humidity | Wind | Water | Forecast | Enjoy |
sunny | warm normal strong | warm | same yes
sunny | warm high strong | warm | same yes
rainy cold high strong | warm | change no
sunny | warm high strong | cool change no
cloudy | warm normal weak | warm | same yes
cloudy | cold high weak cool same no

e Conditional independence

P(Effecty,...,Ef fects|Cause) = P(Ef fecti|Cause) ... P(Ef fect,|Caues)

* Bayes rule

P(Cause)P(Ef fecty, ..., Ef fect,|Cause)

P(Cause|Ef fecty, ..., Ef fect,) =

P(Effecty,...,Ef fect,)

* Naive Bayes

P(Cause|Ef fecty, ..., Effect,) = aP(Cause) H P(Ef fect;|Cause)



Inference in Bayesian Networks

* Joint probability
* Reduction

* Marginals

* MAP

* Tools for that

1°, d°
°, d’
I, d°
1", d’

q°
0.6

0.3
0.05
0.9
0.5

g’
0.4

Q@ Q @ @ @ Q@ ©@ @ @ @ Q @«

w
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N

w
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N

w

=

N

w
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N

P(D,1,G)
0.126
0.168
0.126
0.009
0.045
0.126
0.252
0.0224
0.0056
0.06
0.036
0.024
1.0



Inference in Bayesian Networks

* Joint probability
* Reduction

* Marginals

* MAP

* Tools for that

1°, d°
°, d’
I", d°
1", d’

qe
0.6

0.05
0.9
0.5

d1

04

‘|
Difficulty

Intelligence

4
]

-
PR

IO, dO, g1

|1’ d1, g1

|1’ dO, g1

I, d', g

Sum

PO, G=9")
0.126 / 0.447 = 0.282

0.02

0.564

0.134

1.0



Inference in Bayesian Networks

* Joint probability . 07 03

0.6 0.4
Difficulty Intelligence

e Reduction

. P(D,G)
o Marglnals ( Io ,91 0.126
o, <, g¢ 0.168
* MAP I ,g® 0.126
h I+, g"  0.009
° g' g’ g° ' s P, ,g® 0.045
Tools for that P,d® 03 04 03 < Io, o', 33 0.126
b,d" 005 025 07 - Doe = g 0252

Id® 09 008 0.02 '+, g 0.0224

d 05 03 02 .1 ,g®  0.0056

L, &' g' 0.06

I, ,g 0.036
<, g 0.024

Sum 1.0



Inference in Bayesian Networks

* Joint probability
* Reduction

* Marginals

* MAP

* Tools for that

1°, d°
°, d’
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qe
0.6

0.05
0.9
0.5
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04

-
PR
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1 [
Difficulty Intelligence
P(D,G)
I, g' 0.186
o, g2 0.213
_ o, g? 0.1316
(DD,G - g
: : I, g 0.261
9 ! I, g2 0.0584
Los I, g° 0.15
i Sum 10
0.02
0.2

> P(1,D,G)=P(D,G)



Inference in Bayesian Networks

* Joint probability
* Reduction

* Marginals

* MAP

* Tools for that

1°, d°
°, d’
I", d°
1", d’

qe
0.6

0.3
0.05
0.9
0.5

d'
0.4

-
S

Difficulty

-
PR

MAP,= argmax,,d,gP(l ,D,G)

Q Q@ @ @ @ Q@ ©@ @ @ @ Q @«

=N

N

w

-

N

w

-

N

w

=N

N

w

P(D,1,G)
0.126
0.168
0.126
0.009
0.045
0.126
0.252
0.0224
0.0056
0.06
0.036
0.024
1.0



Inference in Bayesian Networks

* Joint probability
* Reduction

* Marginals

* MAP

* Tools for that
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Note: In real-life examples exact inference is not an option (usually).
Additionally, we need tools that will help us learn the structure, lenrn
CPODs, manage large networks, etc.




Tools for BN Leanring and inference

evidence(contains word(money), true). @.2::spam..

o PGMPy evidencegcontains:wor‘dgdisczant), fzzilse). @.4::conta}ns_wor‘d(m(?ney) : - Spam.
evidence(contains_word(winner), false). 0.5::conta}ns_word(d%scount) $- Spam.
evidence(from_unknown_sender, true). ©.7::contains_word(winner) :- spam.

o CausaINEX evidence(contains_attachment, false). 0.3::1Cr‘om_lj|nknown_sender‘ $- Spam.
query(spam). 0.1::contains_attachment :- spam.

% Response: .

() DOWhy % spam:  ©.216 . . 2.6::conta}ns_wor‘g(ggney) : r.1c_>t(spam).
% There’s a 21.6% chance that emails with @'2::Eg;::izi—xg:dgwiiEZﬁ;t? .nog?zéZEim).

° Pyro % these features 1s a spam 0.7::from_unknown_sender :- not(spam).

0.9::contains_attachment :- not(spam).

* ProblLog

from sklearn.model_selection import train_test_split

train test = train_test_split(discretised_data, train_size=0.9, test_size=0.1, random_state=7)
cee bn = bn.fit node_states(discretised_data)

bn = bn fit_cpds(train, method="BayesianEstimator", bayes_prior="K2")

from causalnex.inference import InferenceEngine

ie = InferenceEngine(bn)

marginals_short = ie.query({"studytime": "short-studytime"})
marginals_long = ie.query({"studytime": "long-studytime"})
print("Marginal Gl | Short Studtyime", marginals_short["G1l"])
print("Marginal Gl | Long Studytime", marginals_long["G1"])
Marginal Gl | Short Studtyime {'Fail': 0.2776556433482524, 'Pass':
0.7223443566517477}

Marginal G1 | Long Studytime {'Fail': 0.15504850337837614, 'Pass':



Thank you for your attention!
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