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9.1 Basic Process

* The decision tree uses a tree structure to make predictions.

(&%=

* Learning Process: Determine the
“partitioning attribute” (i.e., the

[*E‘ﬁ‘—gz? J attribute corresponding to internal
ok nodes) by analyzing training
samples.
(3= P |
* Prediction Process: Starting from
the root node, traverse the test
IR example down the “decision

* Internal node: A “test” on a certain attribute sequence” formed by the
partitioning attribute until reaching
a leaf node.

* Branch: A possible outcome of that test

e Leaf node: “Predicted result”



9.1 Basic Process

Principles of Decision Tree Model Construction:
1. Node Definition: Each internal node represents a test condition for a
specific attribute.

2. Termination Condition: Leaf nodes correspond to target classification
outcomes (desired decision outputs).

3. Recursive Mechanism: Test results trigger two branches—terminating
the current path or generating a sub-decision problem, with subsequent
tests constrained by parent node conditions.

4. Path Mapping: The complete path from root to leaf nodes represents a
sequential attribute testing sequence.



9.

1 Basic Process
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Decision Tree Termination

Conditions:

® Pure Node: Recursion stops when all
samples within a node share the same
category.

@ Attribute Exhaustion: There are no
available splitting attributes, or none of
the attributes can provide an effective
division.

® Empty Node: No samples remain
within the node to be processed.
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9.2 Partitioning Selection

[0 The key to decision tree learning lies in how to select the optimal
splitting attribute. :

As the partitioning process continues, we aim for the samples contained
within each decision tree node to belong to the same category as much
as possible, meaning the node's “purity” increases progressively.

Classic attribute partitioning methods:
Information gain

Gain rate

Gini index



9.2 Partitioning Selection - Information Gain

O Information content({§ 8 =)

The Concept of Information: Information is the reduction of uncertainty.
» For example, “Tomorrow's temperature will drop by 8 degrees.”
v" Eliminate uncertainty about tomorrow's weather changes.

» The elimination of uncertainty is assessed based on people's prior

knowledge.
S ERE/NMERNSZHIERIEFRNEREMNEKXR

The probability of the event having occurred is called the prior

probability, denoted by p.

BEREEATIN: 1(x) =log (g) =—logp



9.2 Partitioning Selection - Information Gain

O Information content({§ 8 =)

Suppose the Chinese national football team and the Brazilian national football
team have played eight matches, with China winning one.

Let U denote the event that China wins a future match between China and Brazil.
The prior probability of Uis 1/8, and its information content is:

:
I(U) =—Iogzg =3

If U denotes Brazil winning, then the prior probability of U is 7/8, and its
information content 1s:

1(U) =—Iogzg=0.19



9.2 Partitioning Selection - Information Gain

O Information Entropy({§ 2 /)

The information content describes

the uncertainty eliminated by a single event

emitted from the information source, but 1t does not characterize the average
uncertainty eliminated by the source.

If we take the average of the information content from all events emitted by the
source, we can characterize the average uncertainty eliminated by the source,

defined as information entropy:

H(X) = E[I(x)] == ) p;log, p,
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9.2 Partitioning Selection - Information Gain

[ Information entropy is the most commonly used metric for measuring the
purity of a sample set. Given that the proportion of samples of category k
in the current sample set D is denoted as Px(K =1,2,...,|)|), the information

entropy of D is defined as:
|V

Ent(D) = — Zpk loga py
k=1

The lower the Ent(D) value, the higher the purity of D.

The information entropy is computed as follows: if p =0, then plog,p =0,

The minimum value of Ent(D)is 0, and the maximum value 1S log,|V}



9.2 Partitioning Selection - Information Gain

] Discrete Attribute Partitioning Mechanism and Information Gain Computation:

Partitioning Rule: Let discrete attribute ¢ have v mutually exclusive values {a',a?,...,a" }.
Partitioning based on this attribute generates v subnodes.

Subset Definition: The vth subnode D* contains all samples « in the original dataset D

where a’. 1% KDT
Information Gain: Gain(D, a) = Ent(D) — Z ||D|| Ent(D”)
v=1____"J

The node weight is directly correlated with the number of samples it contains, and
branches with larger samples have a higher impact on the overall model performance.

1. Metric: Information gain reflects an attribute's ability to enhance dataset purity; the

larger the value, the more significant the splitting effect.
2. Algorithm Implementation: The ID3 decision tree [Quinlan, 1986] gives priority to
splitting nodes based on attributes with the highest information gain by calculating the

information gain value for each attribute.



9.2 Partitioning Selection - Information Gain

Example
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9.2 Partitioning Selection - Information Gain

As an example, the attribute “color” corresponds to three data subsets: D! (color =
bluish-greens 2x), D? (color = jet black 3 5£), and D3 (color = pale white; =% ).

The subset D! contains 6 samples numbered {1, 4, 6, 10, 13, 17}, where positive
examples account for p,=3/6 and negative examples account for p,=3/6. Similarly
for D2 and D3. The information entropy of the 3 nodes is:

Ent(D') = —(2 logas + 3logz3) = 1.000
Ent(D?) = — (5 logeg + 2logz2) = 0.918
Ent(D?) = — (g logaz + 5 loga) = 0.722
The information gain for the attribute “color” is
Gain(D, %) = Ent(D Z ||D| Ent(D")

= 0.998 — (_ x 1.000 + & x 0.918 + 2 x 0.722)
= 0.109



9.2 Partitioning Selection - Information Gain

Similarly, the information gain for other attributes is
Gain(D, #R#%) = 0.143 Gain(D, ®{F) = 0.141
Gain(D, 8(F) = 0.381 Gain(D, ) = 0.289
Gain(D, fiilg) = 0.006

Clearly, the attribute “texture” yields the greatest information gain and is selected
as the partitioning attribute.

EE=N
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9.2 Partitioning Selection - Information Gain

The decision tree learning algorithm will perform further splits at each branch node,
resulting in the final decision tree shown in the figure:
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9.2 Partitioning Selection - Information Gain

Existing problems

If “ID” is also considered as a candidate splitting attribute, the information gain is
generally much higher than that of other attributes. Clearly, such a decision tree lacks
generalization capability and cannot effectively predict new samples.

Information gain exhibits a preference for attributes
with a larger number of available values.



9.2 Partitioning Selection - Gain ratio(3g zm =R)

Gain Rate Definition:

Gain_ratio(D, a) = Galis((f),a)

Among them v

DY DY
V(o) = - Y- 12 o 7]

The “intrinsic value” of attribute a [Quinlan, 1993]. The greater the number of possible
values for attribute «a (i.e., the larger V'is), the larger the value of IV(a) typically becomes.

Existing problems

The gain ratio criterion shows a preference for attributes with fewer possible values.

C4.5 [Quinlan, 1993] employs a heuristic: the attributes with information gains above
the average are first identified from the candidate splitting attributes, and then the one
with the highest gain rate is selected from them.



Practice

Day Outlook Temp. Humidity Wind Decision

1 Sunny 85 85 False No 1. FCIBEEERE: BENH

’ Ssuny 80 % True No temperatureflhumidity B &1L,

3 Overcast 83 86 False Yes EJH:%E{J 7552—'5%4%%4\}% 'I—&JE}A/ - \

4 Rain 70 96 False Yes EUKHH_‘%_, EEE SN ELMER

5 Rain 68 80 False  Yes SIEADER, ITEEERIER,

6 Rain 65 70 True No EEHHEXKIE:

7 Overcast 64 65 True Yes (1 ) . j&i”}%'lﬁhUl’ﬂldl’[YE@%j{{E

8 Sunny 72 95 False No %96*[ EEIi/ \1565 .

9 Sunny 69 70 False Yes TR s ! N

10 Rain 75 80 False  Yes N X 8] [6\5,99] '::'E-gfj ER“\/\_,

e I " Eses SR ERTH R R S —

12 Overcast 72 90 True Yes OB E{Jﬁj\%'ﬁ ’ %E?ﬁﬂj{%,%\i
R a— £ \\ \? | £ \ EIL 5

13 Overcast 81 75 False Yes ﬁﬁﬂij{ﬂﬁﬂzjjl’d% IEE’J% Bmo

14 Rain 71 91 True No



Practice

68 |[65,68] 1 1 0
(68,96] 13 8 5
70 |([65,70] 4 3 1
(70,96] 10 6 4
78 |[[65,78] 5 4 1
(78,96] 9 5 4
80 |[65,80] 7 6 1
(80,96] 7 3 4
86 |([65,86] 9 7 2
(86,96] 5 2 3
90 |[65,90] 11 8 3
(90,96] 3 1 2
91 |[65,91] 12 8 4
(65,96] 2 1 1
96 |([65,96] 14 9 5
(96,96] o) 0 o)

T EHNESERNPESRI:
68, 70, 73, 78, 80, 83, 86, 88, 90,
91, 93, 96, XEMRENDME, SEE,

2 B EIE [min, AR [A,max]{E 1z E L B
BEHTENREEVE, 2518 9n01FIno2,



Practice

68 [65,68] 1 1 0
(68,96] 13 8 5

Step1. HEETBENEGEER:
68:

entropy (humidity=no1) =—(1/1)log,(1/1)—(0/1)log,(0/1)=0

entropy (humidity=no2) =—(5/13)log,(5/13)—
(8/13)l0g,(8/13)=0.96"



Practice

R, HEHEMBER THERE,

70: entropy (humidity=no1) =-(1/4)log2(1/4)-(3/4)log2(3/4)=0.811
entropy (humidity=no2) =-(6/10)log2(6/10)-(4/10)log2(4/10)=0.971

78: entropy (humidity=no1) =-(4/5)log2(4/5)-(1/5)log2(1/5)=0.722
entropy (humidity=no2) =-(5/9)log2(5/9)-(4/9)log2(4/9)=0.991

80: entropy (humidity=no1) =-(6/7)log2(6/7)-(1/7)log2(1/7)=0.592
entropy (humidity=no2) =-(3/7)log2(3/7)-(4/7)log2(4/7)=0.987



Practice

86: entropy (humidity=no1) =-(2/5)log2(2/5)-(3/5)log2(3/5)=0.971
entropy (humidity=no2) =-(2/9)log2(2/9)-(7/9)log2(7/9)=0.764

90: entropy (humidity=no1) =-(8/11)log2(8/11)-(3/11)log2(3/11)=0.845
entropy (humidity=no2) =-(2/3)log2(2/3)-(1/3)log2(1/3)=0.918

91: entropy (humidity=no1) =-(8/12)log2(8/12)-(4/12)log2(4/12)=0.918
entropy (humidity=no2) =-(1/2)log2(1/2)-(1/2)log2(1/2)=1

96: entropy (humidity=no1) =-(5/14)log2(5/14)-(9/14)log2(9/14)=0.941
entropy (humidity=no2) R{F#E



Practice

68 [65,68] 1 1 0
(68,90] 13 3 5

Step2. HEEZMENX D EEE:
68: entropy (humidity) =13/14*0.961=0.893
M, HEHEMBERNSERRE
70: entropy (humidity) =4/14*0.811+10/14*0.971=0.925
78: entropy (humidity) =5/14*0.722+9/14*0.991=0.895
80: entropy (humidity) =7/14*0.592+7/14*0.987=0.790
86: entropy (humidity) =5/14*0.971+9/14*0.764=0.838
90: entropy (humidity) =11/14*0.845+3/14*0.918=0.861
91: entropy (humidity) =12/14*0.9184+2/14*1=0.930



Practice

Step3. HEZRMERERIEM:
68: Gain (humidity) =0.941—0.893=0.048

70: Gain (humidity) =0.941—0.925=0.016
78: Gain (humidity) =0.941—0.895=0.046
80: Gain (humidity) =0.941—0.790=

86: Gain (humidity) =0.941—0.838=0.103
90: Gain (humidity) =0.941—0.861=0.080

91: Gain (humidity) =0.941—0.930=0.011

AIRIE T RHA 80K, FERIEmEFK,

Nk HAT A7 R ERHSERIEmE.
splitE (humidity) =—7/14log,(7/14)—(7/14)log,(7/14)=1

Gain—Ratio (humidity) =0.1561/1=0.151



Practice

FMEARENGE, HE HtemperatureBUEATOR, EREGRSRKA,
BEERIERERA:

Gain-Ratio (temperature) =(0.941-0.895)/0.941=0.049
REABIERIERR:

Gain-Ratio (outlook) =0.248/1.578

Gain-Ratio (windy) =0.049/0.985=0.050

Gain-Ratio (temperature) =(0.941-0.895)/0.941=0.049

Gain-Ratio (humidity) =(0.941-0.790)/1=0.151
AJ R RNGEFRoutlookERNRT R . REBRIDINE LR, REHITHZ, SRINNELE
R




Practice

outlook

sunny  overcast  rainy

(e <>

N

<=80) >8() true false

=




9.2 Partitioning Selection - Gini coefficient

The purity of dataset D can be measured using the Gini coefficient.
V| ||

Gini(D Z Z Prpr =1 — Zpk

k=1 k'#k

The smaller the Gini coefficient, the higher the purity of dataset D.
The Gini coefficient for attribute a is defined as: It reflects the probability of

|D*| »n Trandomly selecting two
Gini index(D, a) = Z"" 1—|—G1m(D ) samples from D that have

inconsistent category labels.

The attribute that minimizes the Gini coefficient after partitioning should be selected
as the optimal partitioning attribute, i.e.,

a, = argmin Gini_index(D, a)
acA

CART [Breiman et al., 1984] employs the Gini index to select splitting attributes.



9.2 Partitioning Selection

= Research indicates that while various selection criteria significantly impact decision tree

size, their influence on generalization performance is limited.

= Forinstance, the outcomes derived from information gain and Gini index differ in only
about 2% of cases.
= Pruning methods and levels exert a more pronounced effect on decision tree

generalization performance.

= When data contains noise, pruning may even enhance generalization performance by
up to 25%.

Pruning(B21%) is the primary means by which decision trees combat overfitting!
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9.3 Pruning

0 Why Prune:
1. Pruning is the primary method decision tree learning algorithms employ to combat
overfitting.

2. Pruning can mitigate overfitting to some extent by preventing excessive decision
branches from treating certain characteristics of the training set as universal properties

shared by all data.
Basic Pruning Strategies: Pre-pruning, Post-pruning

[0 Decision Tree Generalization Performance Evaluation Method ( Leave-One-Out
Method):

1. Core Principle: To achieve unbiased performance estimation by partitioning an
independent validation set;

2. Implementation Approach: To partition the dataset into training and testing subsets,
which are used as the validation set for quantitative model performance evaluation.



9.3 Pruning

. Datatset ms i MBS 40 B i 1K
1 L. i i L i M Bijis hil v =

2 505 It5 Ari L] i AT 1T 3 il v rE

3 EE ORI (LR 1 1/ L1 A L &

Training G % 27 Frits P i AT FH Y] HORG yoss
ot — 7 L RERE kg RSB RN O f&

10 mak R GERE EW T BH &)

14 A Mk UoRl RERE MIkg o RN &

15 B fHwE i E RN BOKG i

16 A wegr ol BEE P Rl &

| Hat T POl AW RN il 7

I ' EEhe s R B QL i s fsh /% USRI

1 CE:S it 4 TR i T 11T fult i =

— 5 eSS 1 N [ ST Ui B
Validatio 8 LM REE MW EMT RN AR R
n set 0 LR FHEE TR AHE R Rl &

11 ke Wi M Bt P i &

12 R REAE g BOE STHL O BOR &

13 G S 1 - U R cF B U S T UV 7




9.3 Pruning

* Unpruned decision tree
1
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9.3 Pruning Treatment - Pre-pruning

O Pruning Mechanism Design: Evaluate a node's potential generalization gain before
splitting. If it fails to improve overall performance then terminate the split, and mark the
node as a leaf node with the label of the most dominant category in the training set.

O Attribute Selection Criteria: Based on the information gain criterion, the attribute
“umbilicus” was selected to partition the training set.

O Dynamic Validation Process:

1. Benchmark Comparison: Calculate the validation set accuracy when keeping the
current node as a leaf node.

2. Gain Evaluation: Compare validation accuracy before and after splitting. Execute
splitting only if accuracy significantly improves.

3. Recursive Iteration: Repeat the above evaluation process for newly generated child
nodes until termination conditions are met.



9.3 Pruning Treatment - Pre-pruning
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9.3 Pruning Treatment - Pre-pruning

dis B RE ER Lo B ik 4R
4 &R W iR EEE MR aEm R

. 5 kA WM dom o M mps mEE R
Validation S W RS Wom o EME RN AR R
set O LM RS YU RSM R BEE 7

11 kA B GEME BUH T amm ©

12 kA B dma B P BB ©

13 B4 fHlE Rm R Mk BEE 7

—
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9.3 Pruning Treatment - Pre-pruning
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9.3 Pruning Treatment - Pre-pruning

Advantages and Disadvantages of Pre-pruning
] Advantages

1. Reduce the risk of overfitting

2. Significantly reduce training time and testing time overhead

] Disadvantages
Risk Mechanisms of Underfitting Induced by Pre-Pruning:

1. Potential Gain Suppression Phenomenon: Certain nodes may have significant
optimization potential in the derived subtree, although splitting them currently yields
no performance gains.

2. Limitations of Greedy Strategies: Pre-pruning algorithms employ a locally optimal
decision-making approach, which prematurely terminates branch expansion with
developmental potential, thereby restricting the model's expressive capability.



9.3 Pruning Treatment - Post-pruning
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First, generate a complete
decision tree with a validation set

accuracy of 42.9%.




9.3 Pruning Treatment - Post-pruning
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9.3 Pruning Treatment - Post-pruning

- geEEes © SuEsmanes, RIEEEE FRIGER {7,15)
BEAREN 7, SIRITEREIESE 57.1%, WREH .




9.3 Pruning Treatment - Post-pruning
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9.3 Pruning Treatment - Post-pruning
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9.3 Pruning Treatment - Post-pruning
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9.3 Pruning Treatment - Post-pruning

For nodes 3 and 1, which are replaced with leaf nodes in sequence, and
none of the validation set accuracies improve, then the branch is retained.

* WERQM O, TRBRANER, RIEEBEIXRRER, UDSERE




9.3 Pruning Treatment - Post-pruning

The final decision tree obtained using the post-pruning
strategy is shown in the figure.




9.3 Pruning Treatment - Post-pruning

Advantages and Disadvantages of Post-pruning
] Advantages

1. Post-pruning has retained more branches than pre-pruning, there is less
risk of underfitting, and the generalization performance is often superior to
that of pre-pruning decision trees.

] Disadvantages

1. High training time overhead: The post-pruning process is performed after
generating the complete decision tree, which requires examining all non-leaf
nodes one by one in a bottom-up manner.
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Continuous and Missing Values — Continuous Value

Handling
Discretization of Continuous Attributes (Binarization)

Step 1: Assume that the continuous attribute a takes n distinct values in the sample
set D. Noted as al, a2, ..., a" in ascending order, D can be divided into subsets D,
and D based on the division point 7. D contains samples with attribute values no
greater than ¢, while Dt contains samples with attribute values greater than ¢.
Consider the candidate division point set containing n-1 elements.

T, = {5 |1<i<n—1}

That is, take the midpoint «+2*'of interval o', o'~*) as the candidate splitting point.




Continuous and Missing Values — Continuous Value

Handling

Discretization of Continuous Attributes (Binarization)

Step 2: Employ the discrete attribute value method to evaluate these division
points and select the optimal ones for dividing the sample set.

Gain(D, a) = max Gain(D, a, 1)

teTly

1Dy A
= max Ent(D) — Z D] Ent(D;)
de{—+}

where Gain(D, a,t)represents the information gain of sample set D after binary
splitting at decision point 7. Thus, the decision point that maximizes Gain(D, a,t) can
be selected.



Continuous and Missing Values — Continuous Value

Handling

Examples of Continuous Value Handling For the attribute “density,” its candidate

s fIF WA A g BRSO w R SEEE PR Split point set contains 16 candidate values.

1 Fak W M EMr MPs 6EWE 0.69T7  0.460 Vi T O 244: O 294 O 35 1

2 L WEEE iR JEMT MFE BEFE 0.774 0.376 i BREE — { . . .

3 OUE W W EMF M FEE 0634 0264 f2 wE ’ ’ ’

4 :,'li’-x Fr = ;I;| ’ :\: 1'1 = 3»{_) ] i I':.-I'I' ; i I i__

Lo i mooesosis e (),.381,0.420,0.459,0.518,0.574,

) A= et 445 I T i Y] Fe i i 0.556 0.215 =

6 wLk MR Jhm EME RO BORS 0403 0237 R

; SR Mws o duwg RERD O MM RS 0481 0.149 & 06007 06217 06367 0648’ 06617

8 SR FwE ho JEBT MM BEHF 0437 0.211 B O 6 81 O 70 8 O 7 46}

9 SR MEs Plk) AR MM W 0.666 0.001 & ’ ’

10 & WEEE GENE GEER 0 CTIH BCRS 0243 0.267 & The information gain can be computed as
11 vkE BEEE GEEE Mkl P fEd 0245 0.057 5 . .

12 dkp #RA m fER P R 0343 0000w (,262, with the corresponding threshold
13 ok fHWE o R FR] M fd 0.639 0.161 7

14 k1 W poml AR o s oest oaes w set at 0.381.

15 SR Mids o s EEE o MM BORh 0360 0.370 o

16 JkA WEEE g B CFIH BERE 0593 0.042 i 1 I

17 F& WM bl AR ORI BRSO o079 0108 The same is performed for the attribute

“sugar content”.

Unlike discrete attributes, if the current node's division attribute is a continuous
attribute, this attribute can also serve as the division attribute for its descendant nodes.



Continuous and Missing Values — Continuous Value

Handling

1. Incomplete samples, i.e., samples with missing attribute values
2. To learn only using samples without missing values?

A tremendous waste of data resources

The use of samples with missing values requires addressing the following issues:

Q1: How to perform attribute selection when attributes are missing?

Q2: Given a division attribute, how can the sample be classified if its value is missing?




Continuous and Missing Values — Continuous Value

Handling

D denotes the subset of samples in D with no missing values for attribute a. D* denotes
the subset of samples in D with attribute a taking the value a’. D, denotes the subset of
samples in D belonging to class k.

Assign a weight w, to each sample x, and define:

The proportion of samgles~vzvulth no missing values Q1: How to perform
x€D T

P = > cD Wz attribute selection when
attributes are missing?

The proportion of category k in the sample with no missing

alues - Y wch, Wa
valu P = Sl (1< k< [Y))

The proportion of samples with missing values in the dataset that take the value a”
for attribute a.

~ Zw Hv Wx
"= Fepwe (1SVSV)



Continuous and Missing Values — Continuous Value

Handling

Based on the above definition, we obtain
Gain(D, a) = p x Gain(D, a) M
14 = ~ ~
_ U WP Ao where Ent(D)=- Zpk loga Pk
= p X (Ent(D) vz:;rvEnt(D )) o

For Q2

If the sample x has a known value for the division attribute a, then x is assigned to the
subnode corresponding to its value, and the sample weight remains w_ within the
subnode.

If the sample x has an unknown value for the dividing attribute a, then x is assigned to all

subnodes simultaneously. The sample weight is adjusted to 7, - W, in the subnode
corresponding to the attribute value a*. (Intuitively, this is equivalent to assigning the
same sample to different subnodes with varying probabilities.)



Continuous and Missing Values — Continuous Value

Handling
Example of Missing Value Handling

i 5 (Ep2 R i gL i 8 find )% UTSIIN
1 - I 47 JHUIE i Ot BIJKE iy &
2 LM I 2477 i i It BINKE E pis
3 = e i — i [T B fli vy i
4 TGk I 447 i 5 It [HTRES i &
5 - 477 UL V5 It [MTRE: fli =
6 T b T LI i Wi - BCRL =
7 o & Fi LI T R M kL e
8 L, M T s LI = EIE iy e
9 B B = T 4] FH M filll 7y 7
10 T o A =YD = T4 BURL 5
i % ffi e =i T T - 5
12 eSS - (8 T 5 ER 7 &
13 - fHEE o ik kg il i
14 I FH Uik 1] B il vy &
15 - iELSES Jng i W — BCRL e
16 s s i e TR T fli 5
17 TGk ¥ My ek GEIE T 5

At the start of training, the root node
contains all 17 examples from the sample set
D, with each example having a weight of 1.

Taking the attribute “color” as an example,
the subset D of examples with no missing

values for this attribute contains 14
examples. The information entropy of D is

Ent(D Z Dr loga Di

— (1 loga 7 + = logz 1) = 0.985



Continuous and Missing Values — Continuous Value

Handling

O Let D, D2 and D3 denote the sample subsets with values “cyan-green5&=4,”

“jet-black 2 38,” and “pale whitej®H” respectively for the attribute “color,”

then
Ent(D!) = —( 2loga2 + Zloga2 ) = 1.000 Ent(D?) = —(% logss + %logzg) = 0.918
Ent(D?) = 2 logad + 7 logag ) = 0.000

Therefore, the information gain for the attribute “color” on the sample subset D
is
Gain(D, f43%) = Ent(D Z 7 Ent(D

—0985—( x1000+ > % 0.918 + & x 0.000)
= 0.306

Thus, the information gain for the attribute “color” on sample setD is
Gain(D, %) = p x Gain(D, ta%) = 1 x 0.306 = 0.252



Continuous and Missing Values — Continuous Value

Handling

Similarly, the information gain for all attributes across the dataset can be

computed. _
Gain(D, f83%) = 0.252  Gain(D,R#&) = 0.171
Gain(D, BiF) = 0.145 | Gain(D, 8(#) = 0.424
Gain(D, lif#) = 0.289  Gain(D, fil/&) = 0.006
NN R T I T
N #ENSOE=T5M0 0 1 W mw | A mm R
I:l ) L 445 Vi ii5 M [ i i
N RS L 9 4 Hat £ VLI ¥ -
B #H N\ S3E=18H#1" X . ﬁ—i% ﬁi@ Yiuﬁ %g 1 g{ﬁ =
6 = A S ¥ » : =)
7|;$ ZIK;I;XE E %%gl:l:: ,,{_:—,\ 'f)__lj fj 1 7 Jﬁ, - T i) hﬁ 1 I R If
9 13 b VLI LR i fi 111 fii it i
B EEM e R E MmO
REASFINOF BT AN | L2 ik wa |6 LATH < B
13 THES DI FE T J i
TEESFNOEID D ED | | 1 L J%% i ;:; T %(:1 &
X T GX 7 T T T
#47/15, 5/15, 3/15 T
17 = VI FE 9 FE U] fi 7
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9.5 Multivariate Decision Trees

e Univariate Decision Tree
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9.5 Multivariate Decision Trees

* Univariate Decision Tree Classification Boundary: Axis Parallel

e Multivariate Decision Tree

* Non-leaf nodes are no longer restricted
to a single attribute but represent linear
combinations of attributes.

&

Each non-leaf node is a linear classifier of
the formy"? w0, =t , wherew; is the
weight for ataibute wWBoth? and can
be learned from the sample set and
attribute set contained in the node.




9.5 Multivariate Decision Trees

e Multivariate Decision Tree

OSOOxﬁ.fEF 0.044 x SHE < 0313‘?J
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9.5 Multivariate Decision Trees

O Attribute Partitioning Selection
O Pruning Treatment (Pre-pruning, Post-pruning)
[0 Handling Continuous and Missing Attribute Values

1 Univariate Decision Trees to Multivariate Decision Trees



