Machine Learning

wlk -
g &'B (g 3 a5l
S)as sLAS (Sp35ipH)
Rt B 1999 00

200)) (s30.00.0 san)

http://faculties.sbu.ac.ir/~a_mahmoudi/



Il Cunygd =

01210318 (Sladsls ©

(B)sl)l O10a3 o
(DI INs § guilb)lgS —
(SAIMVIY ©

O0ML)]) ©

Oxnls 530



o)A (Sladsly -—

(Holaxs (SlasIo)Isdl dasp)5 ) )by )y @
(5339) 530)9 )y b Cags 331 )) 30 @lad)
ey Gy JBs plgic @) Cubly easlgd HSgps

: {53y -d
v
X22 Xj

X:

oxbls sp3sL w
: N instances/observations/examples




spelesis slayshl -
Mean:E[x]=p={, . pty]
o, =var(x)

Cm/(xi,xj):E[(xi—yi)(xj —yj)]zE[ X

T T
—E[XX }—uu
:lIlllll llllllll 1.:'
X X Xy
2 2 2
X: X1 XZ Xd
: i€
O¥0Ls ()L N N N
Xl X2 Xd




Pearson ;almuss Lups =—

03,0 1) (83003 P 93 ON (BB Shmss Olines @
GAss sias @ «» a5 85450 W3 | G -1 o0 cupd ol )sds —
A0 (A28 @ <=1 § (ATAD 3G (s @ «o» (Jol5 Cuis

Ll Jals (bl
owlwly Karl Pearson buwg3 «o)ls jlal )s ¢3lghd sp)ls a5 cups ol —
A (3933 Francis Galton (sagl (sosul

O..

Correlation: Corr(X,,X,;)=p;=—"
0,0
p=-1 -1< p <0
Oﬁp <+1 p=+1 p=0
oMoLs (51330




AT il JiTws PEis gs a5 ¢3)90 ) IGR
D A 30)19S dwlh JoTws peis B ’
CAINS Asall )y § guilyylgS -soem\obmgoso\c,i»mm L
Cunyd Gy Albus 3l gusc

Oubls $sP3sL



Spearman (S1W3) (ATLAD (IND =

Spearman's rank correlation coefficient

Spearman correlation=1
Pearson correlation=0.88
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Estimation of Missing Values
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Multivariate Normal Distribution




X and Y are uncorrelated
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When X and Y are uncorrelated. the Euclidean distance from the Centroid can be uselul 1o infer
i a point (s mamber of the distribution. The larther i is, the leas likely i is a member

X and Y are correlated

Point 2 * Poaint1
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Both Point 1 and Point 2 have the sams Euclidean distance from controid Butonly Point 1 is a
_ on. To delect Point 2 as oullier, distiPoint 2, cenvroid) should be much
higher than dist(Point 1, Centroid), Mahalanobis distance can tie used here instead

https://www.machinelearningplus.com/statistics/mahalanobis-distance/
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Distance in standard units
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Discriminant functions
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Quadratic discriminant
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Quadratic discriminant

discriminant:

P(C,Ix)=0.5

posterior for C, _ O
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Common Covariance Matrix S
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Nearest mean classifier
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Tuning Complexity

I
Assumption Covariance matrix No of parameters

Shared, Hyperspheric S=S=5l 1

Shared, Axis-aligned S=S, with 5;=0 d

Shared, Hyperellipsoidal | S=S d(d+1)/2

Different, Hyperellipsoidal | S, K d(d+1)/2
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