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® ZEm&H Y FF (Supervised learning):
s AIIXEHAYDE ST —EARRTIZH-LTWLNDS
s COAEANT—AELLEBREERET, HAIWIAIDOyEFRAT H5ICFEFTH
ENER
« YO\BEEUED & &, FIRIFEITHNFEE K5
s yHLEFRIED E E, EFESHTE KA

® %ﬁﬁfﬁfi L 2& (Unsupervised learning):
lﬂx@é’%?ﬁ\T AELTHASIND
— A DRTEINCVSRAY VT HEEFRLT, T—2OHEEZMYET I ENBW

® EM:%E' (Reinforcement Iearnlng):
s FIBAZRKIZEDAESIZITHZERRMITEIRT DIL—ILERET L EANBM
- FM&EE, /L0 7/9%E5@$5, EEgitE L E



T & Y =& (Supervised learning)

For better prediction of future observations.

® [O)F 53 4T (Regression)
* Linear regression
* Non-linear regression
* Kernel smoothing
* Neural network
* Regression tree
* Lasso, ridge, elastic net

® 7358 (Classification)
* Linear discriminant analysis
* Nonlinear discriminant analysis
* Support vector classification
* Random forest



ZUBM 7% L= & (unsupervised learning)
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Principal Component Analysis (PCA) & Bt %> 53 4T

® a method used for dimension reduction of data, visualization of data, and pre-data-processing

® T—ARMRHEN, "R, BAINELEOEMTHA
Multi-dimension scaling (MDS) £ Xt R E i%:

® a method used for 2 or 3-dim visualization of data by dimension reduction

® RTHMNMIEYT—RZ2RTFEEDH D WIIIRTERTRIRILT 55E
Clustering 7 S AR ) 45

@® a broad class of methods for discovering “unknown” subgroups in data

0 T—ADELUENSTIL—ELTHEITL, T—2DHEHEEWMY BT HE)
@ ZCTIXISRAYUTERIZODWTHBNLET.



Clustering and Classification (57 25 (D& L)) Q Hmry

Clustering:

® The aim of clustering is to look for homogeneous subgroups among the observations using the
concept of “similarity” and “dissimilarity” (7T—2 DFELEMN S, LE=FBELD T IL—TIZHE|
ERYR:,

The clustering is not same as the classification:

® the classification is one of “Supervised learning” and requires the paired information of predictors
and label (R FBIFHERE LD T—20H5. BIAE, HOTIWEFRNITHANFOEL S
MT, BEADAMN>TWVWESHBEBT 20 FEAEEERLIZLY)

® the clustering is one of “Unsupervised learning” and does not assume the availability of information
oflabels (9 T RA ) VTIIHBEME LD T—2HEL. EDEDT 2N biELVEET
— A BLUE=EBLOTIL—TIZH1F1=LY)
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Clustering methods

Several methods for the clustering:

® k-means method (kF1;%)
® Hierarchical clustering method (F§ERIY S X2 1) 5 %K)
® Model-based clustering method (ETILR—RAD I T AR ) VT %)



k-means method (kE155%)
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k-means method (k3E15;%) Q Fomeay

Concept:

To partition a data set into K distinct and non-overlapping clusters (KIED Y S X2 —IZT—2 %4
ZL7=Ly)

The number of clusters is pre-specified (KDEIXZFERIIZEZHTLVS)

Each observation is assigned exactly to one of K-clusters (& T—%2 [ZIKEDY 5 A2 —0D E ZhH\1
DITEEND)

The idea behind the K-means method is “a good clustering is one for which the within cluster
variation is as small as possible” (74 T7 &L TIE, 753 RXRF—ADENNLEEIRPEL
AL ODGHEYV SR EZ—%EY =)
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Image of clustering (from ISLR)
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Mathematically speaking... (1)

® 7n: the number of observations (7 — % D %Y)

® x; = (Xi1,Xj2, ..., X;p) (p is the dimension of variable, 7—% MR T)

® (:asetof indices of observations {1,2, ..., n}

® |C|: C,DKRES

1)CiUCU--UCk ={1,2,..,n}

2)C,NCpr =0 fork+k'

® HlZ1En=8T,C; ={1,2467},C, = {3,581 EDKSIZA VT VI ADELES

® || =5,|C;| =3
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Mathematically speaking... (2)

Then, to find a good partition, the total within-cluster variation Y.x_, W (C) is
minimized, where W (C},) is the within-cluster variation for cluster €}, and nomally

defined as

1
WG =1z ), Ay

i,i’ecy

where d is the distance between two observations and typically the following

Euclidean distance is used.
p
Ay x) = ) (2 = )%
j=1
@ VIRE—CDEBEW(C)TEERL, TDEHDLLW (COBFDEICLC,, ..., CxDiE

-
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Algorithm Q FRmey

For finding a local minimum:

1) Randomly assign a number from 1 to K to each of n observations

MEDT—RETVELIZINBKDTIL—TIZEIY EHTHB)

2) For each of the K clusters, compute the cluster centroid

(LERDERDV ZAE—®IZ, T—2OHILEFET D)

3) Assign each observation to the cluster whose centroid is closest
(RT Y 2TKEAOHLNTE, fERT—2Z—FEVFLODY ZRAF—ITEYBTES
9)

4) Repeat until the centroids become stable

(PIDDEENNSKBYRETHET, TO2E37ERYIRY)



Graphically speaking...
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Algorithm (Continued)

it

For finding the global minimum:

® Use multiple initial assignments
® Select the best for which the target function YX_, W (Cy) is smallest

® RHDENY LTICHREMKET 58, FYLWSEIZRDT, MEYHNNHAIIYLTE
EATHT, BRET DI W (C)DENRNEEDNENERET D.



Graphically speaking...
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Image of clustering (from ISLR)



Example data (Iris data 7 ¥ XA T—43) Q Emery

The following 3 difference species RMD3FED 7 ¥ A T—4 (504K9 D)

® Setosa
® Versicolor
® Virginica
Data (4 measurements 4Rt D BIFE {E, 3*50=150 individuals 1504 D TE)

® Length and width of “Sepal” (M < F DK & £18)
® Length and width of “Petal” (TEF D& & L 1)

Sepal.Length Sepal.Width Petal.lLength Petal.Width Species

1 5.1 3.5 1.4 0.2 setosa
2 4.9 3.0 1.4 0.2 setosa
149 6.2 3.4 5.4 2.3 virginica
150 5.9 3.0 5.1 1.8 virginica

= (IS
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Data visualization 7— % A]$R1k ERmry
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Data visualization with dimension reduction R JTHfE/|s T B 157 /R 52eens
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Clustering: K-means method with K=2 & 3 (10 repeats) QA FRmens

True KM2 KM3
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Clustering: K-means method with K= 3 (only one initial assignnﬁeﬁﬁ?ﬁ%
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Hierarchical clustering method (
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Hierarchical clustering method QA =RBEAS
Concept: ’ ?
— Bottom-up clustering ] E
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Sequence of grouping (from ISLR)



Hierarchical clustering
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Options
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® Choice of similarity metric (EEEED EZE DL AH)
* Euclidean distance (1—% ') v K EBE)
* Correlation (fEFE)

® Choice of linkage (DAL L B0 TR —MODIEHDEE)
* single (Fx%2)

complete (&)

average (F-13)

centroid (H10»)

® Choice of K (LN DDY S RE—I25 145 72)



Outcomes as dendrogram (F#fi#il)

Grouping after hierarchical clustering (from ISLR)
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Iris again: Hierarchical clustering with “single” linkage Q BB
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Iris again: Hierarchical clustering with “complete” linkage Q FREERE
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Iris again: Hierarchical clustering with “average” linkage Q BB
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Iris again: Hierarchical clustering with “centroid” linkage Q BB
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Iris again: Comparison of results RRBEAY
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Model-based clustering method (&7 )L
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EORSEA

“Model-based clustering” is another approach using model-based framework.

® More probability and statistical descriptions with probability distributions and estimation procedure
® The method can deal with

* determination of the number of clusters as a model selection

* characterization of clusters through definition of probability distributions



(1-dim) Finite mixture model Q EREEAY

Let us assume that

you have data consisting of n observations of one dimensional measurement, as y4, y,, ..., ¥, from
a population

there are multiple potential groups (say, K) in the population

each observation belongs to one of K groups

z; is an indicator variable as a label which the i-th individual belongs to

z; = k means th i-th individual belongs to the k-th group

we do don’t know the cluster patterns, and therefore Z; is a latent (unobserved) variable

Let’s further assume that

each group has its own probability distribution for the measurement as f; (v|6y)



S
&
HK
i
i

(1-dim) Finite mixture model (continued) Q Fmny

We suppose that fori = 1,2,...,n;k = 1,2, ..., K,

® yilzi =k ~ fi(¥16k)
L P(Zl =k) = Tl (Z 0)

Then the marginal distribution of y; is a mixture distribution expressed as follows:
K

fO0 =) mfe016) (i =12,..,m)

k=1



Examle: mixture of Iength of fish

Example

® You observe a length of fish for n samples

® There are multiple ages of fish in the population

® Therefore the observed length composition consists of multiple ages of fish
® \We shall consider the following distribution for each age group:

1 = 1)
fo(y16) =—exp{— G — ) }
2102

Oy

- then the marginal distribution is a normal mixture model as

K

oy =S n 1 exp {_ i — Mk)z}
l — “ V2no? aj;



Statistical inference

® Estimation by the maximum likelihood method via EM-algorithm
* E-step: Calculate conditional probability of assignment via conditional expectation
* M-step: Maximize the likelihood determined with expected mean of laternt variables
® Model selection for choosing the numebr of groups
* Use information criteria
* |In a famous R package “mclust”, BIC is used (but for maximization since the sign is different from

the normal BIC definition)
* The determination of the number of groups is not easy though



Mixture of 3 different age groups

mu <- c (20, 30, 40)
sigma <- c(2,3,4) Lengih compiion
pi <- ¢(0.5, 0.3, e

0.2)

Nsample <- 1000




Estimation and model selection

SR,

Q =AY

“Model” for univariate distribution
— “E”: equal volume (common variance)
— “V”: equal volume (different variances)
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BUT...

In real examples, the determination of
the number of groups is not so easy.
See example below:
mu <- ¢ (20, 30, 35)
sigma <- c¢(2,4,5)
pi <- e(0.5, 0.3,
0.2)
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Application of mixture models to iris data (1) Best model (G=2)Q F=nerz
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Mixture models (1 Continued) Best model (G=2) Q Fmare
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Mixture models (2) Model with G=3 Q FRmEAy
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Mixture models (3) plots
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Summary
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What have we learned? Q EREEAY

® |deas of clustering were introduced
® The two methods shown here are just basic methods, and these have been extended to several
directions
® Here is a set of useful references:
* Hastie et al. (2016) “The Elements of Statistical Learning”
* James et al. (2013) "An Introduction to Statistical Learning with applications in R (2nd ed). [Freely
downloadable from https://statlearning.com/]

o £HFIX (2017) “RIZ & B HEMFE A




