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1. Select K | the number of clusters

QA Wondom\y giek K ey;s’r:nj Qoils  On your chart. These will be e  centnik
of He inikal clusters.

3. Meagure P distane behween eads Jata ot and €adh Comtes) and assign
Each datn point b s Closest centrid om) Hhe (Coresponding  Cluster.

Q4 Recalcalare W mdpuat (controdd of cach cluster.

C. Repeat Steps 3+ Y b cemcipn datn pouks h Clusters bas) on He
new Centraid locations. Shp when eifle:
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b) the predefined max nunbe~ of itlendions i3 reacked.
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-elbow (plots 3mfl We  vurianee for Iflerent values of K anl hen Fhe inflection
point on e curve s usually a 39:) value Jor K.
b de Yariance is ‘}Tﬂ.’cqll% He cun of He stu,ara) distances from each poit b ik

Cluster ce nter.
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L. Assign cadh dam gont h ik sun cluster, S0 P number of inthal

Clus’rers (.’(\ is é{,w»l b e Numbe o-ﬁ initial AW)'K (Pom‘l’ (N)

2. Con\yul-e distances behween all clusters.
3- Merjg -Htl ')1/’0 Closest clusters.

4. ‘quﬁ* steps rembively wabl sl dut onts  are ‘pimlh, mefged inb ome claster.

- Wik M_‘ o would Stuet vl all datn 0"’""{" in one Cluster and Sr"* wnrhil e

ewled up with eadh Jahgo:»" us its owu cluster.
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G O:fferent mice.
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L This plot will shoy us et gimilar mice cluster dogether.

*PCR can also dell us whidh variable is most wpaluable §- Clustering Ne data.

° f(ﬂ can 0l|$o ‘l‘é“ ws kou accurute ‘Hv(_ an 31140\\ is.
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bThe Slop can tell us whet feature hus nor spread.

b Th our example Phe 2 lope Yells us Wt CGeme 1 is nor importunt thea it comes

descrbing Low our duta is S‘,,w} out
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Pe Sinaular vcc:tgr or  eigenwectpr e Pc4.

b An) the gropotiom of e€adh gene ave called loading scores .

b fise the cum of squued diskances (o P origin) Bc Ne best Bt lne 1s he
Cige,w\mlue for PCA.
bThe squure root of et value is coll) Phe Singuler yulue for PC1-

6. Then we £u) PCO
Y Suce our data Is ealy D , Pca Simply Hhe lne orthogonal + PC2-
b so ils vector cowsts of —1 Br Geve 1 onf 4 Br gene X (orginat sculing)
L ¢-06.2423, 0.92 7 (SCcdd)
b fhis 5 P wler wector o eigenvector  for PCQ.
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* (PCA wh R variables is prethy much He sane as vo:h A variables.

L Thn s ve will have  anoter 1ue called PC3 Mo+ goes Fhreugh e origin cnd 15

or"toaonal to both ecl and  PCH.

* La Predtice Pe numder of (s ic @iflier Pe nunber of vuriables o e vunker of Sunples

whickever 1s cmuller

- To gemerate Phe PCA plot , wou Snyly. plot e two Jimensions That  uccount for P

most variance jo the Scree plot. (eher nway all other features)

\—5 IF 'H'lc +wo !)ar_s sum b A4/ ,'H'é“ 49°7. of the totul vasance 15 Cup}ure)

" Your 2D PCA plof‘.
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/'
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A Waty o evalwate machine Igarmns moselc  ( Clussfeation Jashs )
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.
False Positives are patients that do not have

heart disease, but the algorithm says they do.

Actual

Has Heart Does Not Have
Disease Heart Disease

Ha.s L False Positives
| Disease

Predicted

| Does Not Have
Heart Disease

’T\ne, jrees boxes (0‘\0‘“.‘9 the o e)iﬂganhl) Corresgond to Correctly, classified

Sumgles-
"n.(, red looxes oarrgséaam‘ o wcorrecty Clussifeed Sumples.

Lﬂz:s Stales up P higher dimension couCsion mictices o

La The Size of N conbusion  mudrx is  dermined b\} Yhe  yuamber
of s vou wast Yo grdict.
b TP you hwe x disses 10 choose from B o gratiion Yhen g0

5e+ o X 19\9- X confusion mutrix.
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* Precsion aw) el are  clussification metrics.

" Accwracy hes come ssues -

L es‘,ac:qlly w: i ;m]uJanCeJ CIQSS€S.

‘ Q’ ofel p(‘e)w?LS apple  or orange (w:)‘ﬁ o Jne)
L; To Calc'.ulu{t 1S ‘G)r ) .
{re viso agple ¢less I

b Lok at Onl'?. apple Side of meodel (:bnore o0her Side)

L Johwl # of agples cocrect
folwl observations on w'é -

L To calculate recall  for apple Cless:

L ‘FDC'oS in on oll ‘}Lz actual qu]es'.

L # 1ot _apples correct
# Dbl actual agples

) TLex Can Guide Ve model o imprve ids  decision l:o:nm)m?.

- Ar Fi scre e Pe harmone average of precision ol peeall




£ Vido! ROC an) AUC

. Ou,f J‘d‘" ‘M,S ‘l"‘vo ¢ lasses oLeu a.m) not obese.

L Predictions are based on weisht

- We LY a \Dgssi':t_ regression  Cume b e datn’

Is Obese —- [ I )

Is Not Obese 4+ @ @@ Q
]
1

Weight

° T\\e. curve  Yolls ws The (ymbah‘)/}'y et o mouse s obese bused om
s weight

b Then we set a Pueshold Br  cluss:Beation (o5 for o exumplc)

- y@w Can Créate o confusion natey EuseJ on c,\usssﬁ,(ad-wns.

LThen yon tun caliulate sewsitivity  and specticihy.

¢+ The theeshold ol be st do amghhing bebwen O and -
L How do we determine which threshold is the  best?

*We can use Recever Operator Cparacterstic (ROC) raphs

toue positves

L ﬂnb W - ayis shows We Frue (,S;Hve rete (Seh'::""‘"' "7) . True posirives + folse negatives
/

fulye gos:tives

LT X-avs Showe Yhe lalse pesihive rate (_1 - specificity ) fue positives + trae negativs
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%9 False Positive Rate
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The AUC (Area Under
the Curve) is 0.9

True Positive Rate
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- The greater Hhe Auc s

False Positive Rate

: better he Model.

(1 - Specificity)
pecificity L (‘}”"‘ have one KoOC e\rl- e mthI)

‘Mot t Gometimes  Phe  Klse posikive rate s ocpluced vith precision.



