Random forest
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For the glory of God
What 7 Random Dest 7
- Random Jaest & one of populat Supetvtsed, wadkive leaving echuigues Hhat operales by cushuckig o miude o decison has.
( Nioke hek 7 can, be used, B both, Clsstlieatn, and, epesson. poblews 5 hupier, 7 ypally works e with, a. Closladon, pioben )
- qhe Dish Rondom Dot algoiethm was proposed by Tin Kam Ho . 1495.

- The Randown Piect algorehm TS a decion, Support ol Hhet Uses some set o vules 4o Ngure auk e pessible Consoguences.

Why Random Poect ?
- The dectsion Hee algoithm T 000y 4o implemend, and, use 5 however, T does ot work weil . placke
- why does 7 viok work wen ?
 As +he algoHm generates deep decieou Hees, T may Suller- Dom aieililing 3 which 7 @ Fifzal. polem.
what 7 mews & +het 7 works genk with Hhe deke, used, 4o craste Hhem ; ot ris ok Nedtbie when 7 cones fo classeling new sampes.
. Rondom Piest pietents, 4he oterefiig Tssue by combining Hhe Spiicrly of dectson Hees wh, Nortbtiy esutting v 4 vash

Tvnpmlewewf' w a.'zumcj .

How does Randow fbresh work 2
- Bosially. e Randow oest algohm has oo sleps v qondial.
- The Mrck Siep & +o cresle jadom et — s wn onsenble o deriin hess ( Combnakiy o lesving wodels )
- The Sernd, slep % o make & predihion, om -he tavdom Jhest-
- The whole process & shown below 5
- Slep |+ Creake a, bootshapped, dubacet

- ek rvmsTue-thd— we hwe-lhe&l\awﬁﬂ dedasel Row whick we ave 4o o bunid, 4, Hee.

Chest Blood Blocked Weight Heart
Pain Ci Arteries Disease
No No No 125 No
Yes Yes Yes 180 Yes
Yes Yes No 210 No
Yes No Yes 167 Yes
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- To C\este o bookshapped, detaset Hhak 7 the Same st a5 Hhe orgal ule\TuSJ—)auJomyselecl-sampl%-km%oWgMM&l-.

(Hete, Vote +Hhat we e allawed, 4o piek the same Sample woe Hhaw ouee )

Original Dataset Bootstrapped Dataset
Good Good
Chest Blocked : Heart Chest Blocked Heart
Pain Blood Arteries EESEE Disease Pain placg Arteries gt Disease
Cire. Circ.
No No No 125 No Yes Yes Yes 180 Yes
Yes Yes Yes 180 Yes No No No 125 No
Yes Yes No 210 No Yes No Yes 167 Yes
J Ac% s oluph?a;[ea[, bk s okay !
Yes No Yes 167 Yes Yes No Yes 167 Yes

- Shep 2 ¢ Clesde o decion e usiug +he bookshopped dadaset 5 bk auly use a vandom subset of variables (or columns ) ok eocks shep.
- Tn WS example , lek us S Fhat we ouly oon<Tder Huwo varables ak eodls Shep-
& T Juck, Hie number & heted as one P luyperpaiameters i the Rundom iest algorhim .
- Leks Say thah we rawdowdy Seleck 4o ( Good, blosd, cic , Blacked, averes ) tariables +o Pwe ou whezk one Shad, be loceded, ok Hhe took

Bootstrapped Dataset
...we randomly o G
Blocked Heart

Circ,
E ! Yes Yes Yes

These are

Cavmlfl ) _h‘_ No No No

-er rook VloJe No Yes Yes
No Yes Yes

- Lebs oy thak * Good, Blood Criculakon ™ A 4he besk b separaki the samples . (< The highest mivmakion gai )

Bootstrapped Dataset

Blocked Heart
Arterios 9™ nisoane

Good Circ.

Yes Yes 180 Yes

- o No 125 No

Just like for the root, we o Yo 167 Yes
randomly select 2 variables as

candidates, instead of all 3 Yes Yes 167 Yes

remaining columns.
We Jnsh qvay ok 7 bemge 7 has beaw allesdy selected

- Repenk the pross 4o budtd, the Hee buk ouly coustleriig o random subsel of varables of eady shep
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- Slep3 : Alake o hew bookshapped. dakasek and. bumd, 4 hee anstleri o, subeet of uaiables ok escl shep
- Lebs Saq thek sou depant Hi prozss. loo Hines -
£ Thte Vesulls Th & wide Uarigly o Hees.
% The akeh 7 whak wakes Radom Jhests more et thau okidual. dectcion Hee

- Jor exomple, we Mgl sel—-"ve-gllmiﬂ Raudown Miest flom s exaumple .

= =

e mTom T e

. .. T+ wnl be loo-hees
= == L
ES e

- Slep 4 : Mleasue +he acaioy withs Ouk - O - Bog (008) samples
- The ma, Tdea, 7 o measure how aczuiate our Youdom Mhesk 7 by +he propatow of 008 Samples +hak wete coheckl ClassTied by the Randowm st
- Thew. what & 008 ?
2 feaill Hhk we allowed, dupiiedte enlies i, Hhe bootshapped, defacel
& T menus we have o dakasel Do Hhe ogal dalpcel et was nok used, 4o Cieete the e

- Ule caw yuw +he 00B Hhiugh and, See T 7 onechlsy classtiies Hhe sample wethy all of the Hreas .

This tree incorrectly

‘l ! labeled the Qut-of-
|= ! Bag sample “Yes".
L

= 2
— <
R_/
4 100

1> Lobs Say, b Y exampe, we haie [ Yo : 20 3 s, He 00B Qedly clsiled.

Yeos. Yas L 210 L

Ao : 8o ( The veat dake 2y Wo' )

- Tn o Swilor ey we Wil vopeak Yhe plocess ity Hhe alf 008 daksels wrtl ail of Jheiees 4o Messive Hhe azzuiany.
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- Slep s ¢ Tone hyporpmanelers +o oblai the best Audom Jhesh wodel
- Typally . the propoon of 008 Samples Hhak were Tameokly Classthred, T dePied, as he k-0 - Bag Bror .
- We ave eneunged 4o choe Yhe best lypeipaianelers 4o \educe he 008 etor (Te. Hhe besh model )
what ave hﬁpawmela:aﬁ Random Jvest algerzim 2
1) Nuwber of Jrees : Tncessing +he mumber of Hees gpnerally derienses +he UakTance of he oveast, wodel.
2) Number of Jorlures Jo conerder por spirt : Constdertng wore leadies wicvesces the chawce ﬁt‘nJTg o beHer plet 5
however, & also maerses he Uarouce
3) Tiee si2e T caw be anholied, by dofttiq maxtnum dopHh, Mattwun waer oP nodes. oucl wiinun wmbat nodes o leal.
Lovger dices geneiatly e wole amplex and, Tciense Hhe possTiirly 4o oteHli .

( eg. The degper, +he mete aphire 4he. Thmaton 5 huveser Hhe Moe possittde) o cver¥t )

Hyperparameter Description Typical default values
mtry Number of drawn candidate variables in each split /P p/3 for regression
sample size Number of observations that are drawn for each tree n
replacement Draw observations with or without replacement TRUE (with replacement)
node size Minimum number of observations in a terminal node 1 for classification, 5 for regression
number of trees  Number of trees in the forest 500, 1000
splitting rule Splitting criteria in the nodes Gini impurity, p-value, random

Table 1: Overview of the different hyperparameter of random forest and typical default values. n is the number of
observations and p is the number of variables in the dataset.

- Slep 6 - Ualrdde%km‘w-ﬂ;\as#ly%ﬁgwnewmmplem
-usmsﬂeddusel-, we fest +he Vartables with ail hees and, coudt- how massy *YES Do the Random st

- For example, +he Piiowiig sceanshot shavs e Mt Hest. (o ‘Wo")

Bloo Artirien
Yes No
B N 1 0
) ...and we keep track
The first tree says / of that Hera.

“Yes”...

- AMer Huniing the deke doan a1 of 4he Haes T the Random hesk, we see whizh optin, Yecetued, more okes .

What ae aJuauloges ond :ifsaaluanlages $ Random ues) 2

0) Advawtages
T works v both, classreation. awd regresson, poblems

- T handles e wiesTg valtes andl, watiaiig acay M witstig doda.

Machine Learning (Hand-written notes) Page 4



- Tk ey ovefrs ampaied, with dectian fhee.

- T+ handles large dafasel witth Ighet dmensionalrhy

- Thee ale elakliely Jouw ypeipoiameleis ampaed o ol Jewigues 5 and, Jhey ate even shaglHbhuard 4o undeishand
L) Oxadiawtages

- Th does vsunlly glek Tob of closseuation bk wok- a5 good, as b egpessiow, poblem

- We have |tHie conhol on whek the wode! does.

- A louge mumler o hees can make +he algerelim doo Slay and, Tellbokie Tt veal-4ine pedrefins

To Random est 2 black box algorhm ?
- Tw shork ansuer, T can be ether Yes o Nlo. Lebs 4oke o deep due ko +he drsaission -
2) Random Moesk o & black kox
+ Mogh Heraloves on Random Miesk lend, us She concluston +hak Random Noesk T Aypatly heabed, 05 a, block b
- They mashly clain as Milawig

- Randow Mesh goreratly ansiss of o large wanber o doep ices

- Here, ench hee & hatmed, on bagged daka ustie) random Scleckon, of Penhaes

- Theeie, gating a Nl wdaishandig o Hhe decln pross  almesh Tposstie.
b) Towing @ black box Tho o whte lox
- Someone way cloin +hek Sswe Wenawledge o be. cblatied, Bow e Roucdom sk algrsthm.
- Tor example,

- One way of gettig o Tisiga ko Rundom Mhesk 7 4o compehe Joukues Tpolouces

5 Th aw bo dove by permuting the vates of eoch foukue ove by one aud, checdiq how T chages Jhe model perlimance.

- This % useM%gel-sWe meglhs 5 howerer, T-I-nerox—gilesusawmsi‘gld-muﬂmhmﬂhm-\-he algdﬂhmwles-ﬂrea’ecfsw.

- Thew, how coud we Maue ek the deciow way ef Randow Pest algertiim 2
- Fek of all, o Ts kel clear thet 4 hee males theie 7 & poll Tom Jhe ook of- 4he Hae 4o Hhe leal, conststing
o} a sevies of decTeous
- Thic maus +hak we wound, be able +o ganaate 4, predieton palk.
- For comple. lebs say thal we ate now alkig about o deceou Hae i veglessou, problewm

(MyWValue:45.59

\_/
"
J
“yWValue:23.03

Value:23447

LSTAT <= 14 w
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uLs <= 1.
Value: 23 Value:23,03

LSTAT <= 14.4
Value:19 86
Value:18.11

NOX <= 0.
Value:14.91 Value:12.95
BRM <= 6.94
Value:22.60
Value:33.58

Value:14.40

RM <= 7.
Value:37.42
Value:45.90
BM <= 8.

Value:45.10 Value:21.90

Prediction: 18.11 = 22.60 (trainset mean) - 2.64(loss from RM) - 5.04(loss from
LSTAT) + 3.20(gain from NOX)

RM LSTAT NOX DIST

3.1 4.5 0.54 2.6 Predict
6.5 16.1 0.12 2.2 Predict
7.1 10.5 0.31 1.8 Predict

L Wee, whs wyien doow i derus of Value chonges. along +he prediefn pubh
- Thoelie . evasy pedickion aw be hvally plesented, as a sum #Mwemmkm,shmj how the Dendures feads 4o
o porkzudny predrckow.

- Fov ClossPaatiow elample ,

For example, there is a RF model which predicts — a patient X coming to
hospital has high probability of readmission or not? For sake of simplicity,
let’s consider we only have 3 features — patient's blood pressure data,
patient's age and patient's sex.Now, if our model says that patient A has
80% chances of readmission, how can we know what is special in that person
A that our model predicts he/she will be readmitted ? . In this case, tree

interpreter tells the prediction path followed for that particular patient.

Feature Value Contributions Path
Bias 0.3 0.3
Age 65 0.6 0.3+0.6 l
Sex M -0.1 0.3+0.6-0.1 7 A
Blood pressure 120 -0.2 0.3+0.6-0.1-0.2
Prediction 0.6
e.s‘ Aae > éo ?
06 Yes / \A]o -0
Mae ?
-o-1 \ts/ \No Y01
Blood > oo ?

02 Yee / \ Nn +0-2
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-u- TES/ \Ng Yo
Blood. > 100 ?

_o0a Yes/ \no +o:2

[z |

Dleace (o) Déence (X)
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