INFS4203/7203, Tut 4

Tutorial 4 Classification I
School of Computer Science and Electrical Engineering

INFS42@®/7203 1 Data Mining

Question 1.

(@) Perform ID3 Algorithm to derive a decision tree and rules for motor diagnosis. The attribute
MOTOR is the outcome (class) of tmaihing set (show all detailed calculations).

LINE SPEED AGE TEMPERATURE | MOTOR
low old high bad

low old normal bad
normal new normal good
normal old high bad

high old high bad

high old normal good
normal new normal good
low new high bad

low new high bad

(b) Perform ID3 Algorithm to derive a decision tree and rules for playing Golf. The attribute

Outcome is the cINasdos iosf ntohte atnr aaitntirngo usteet i(nfi t
No. OUTLOOK HUMIDITY TEMPERATURE WINDY outcome
1 sunny 70 75 yes do

2 sunny 90 80 yes dont

3 sunny 85 85 no dont

4 sunny 95 72 no dont

5 sunny 70 69 no do

6 overcast 20 72 yes do

7 overcast 78 83 no do

8 overcast 65 64 yes do

9 overcast 75 81 no do

10 rain 80 71 yes dont

11 rain 70 65 yes dont

12 rain 80 75 no do

13 rain 80 68 no do

14 rain 96 70 no do

(c) Discuss the problems and necessary improvements to ID3 algorithm in dealingoisigh
data, unknown attributevalues andexcessive branchindgviodify or insert nev values in the
table of (b) to illustrate the problems (hint: read the reference papers about C4.5 or C5).
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ANSWERS

1-(a)

Given a dataset:

Line Speed Apge Temperature | Motor
| ald high bad
| cld normal bad

normal  new narmal good
ncrmal ld high bad
high cld high bad

high ol ncirmal g

normal  new normal good
| new high bad
| new high bad

To apply the 103 algorithm, we begin by first finding the meost informative
attribute. To do a0, we nead to compute the “informativity” of sach attribute.

The “infcrmativity” (or entropy’ of an attribute value with respect to the
outcome class, ) is given by:

|

HiCle;) = E ple;|a;) = logg pie;|e;]

The “informativity” {or entropy) of an attribute, A, with respect to the
outoome class, O, is then given by

14|
H{C|A) = =% pla) = H{Cla,)

j=1

Thus, we compute the “informativity” of each attribute:
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Line Speed
First, we compute the basic conditional probabilities directly by counting:

pllineapeed = low) =

pilineapeed = normal] =

pllinespeed = high) =

pimotor = bad|linespeed = low) =
plmotor = good|lincapeed = low) =
pimotor = bad|lincapeed = normal) =
plmotor = good|lincapeed = normal) =

pimotor = bad|linespeed = high) =

kil kil Lk W e D sl @l ola ol

plmotor = good|linespeed = high) =

Mext, we compute the informativity of values of the linespeed attribute with

respect to the cutcome class, O

H{C|lineapeed = low) = —[|p(motor = bad|linespesd = low) »
logy pimotor = bad|linespeed = low)+
pimotor = good|linespeed = low)x
logy pimaotor = good|linespeed = low]]
= 3 ulogyd + 3 log, 2
= 0.00n
H{C|lineapeed = normal) = —|[pimotor = bad|linespeed = normal) «
log, pimotor = bad|lineapecd = normal }4+
pimotor = good|linespeed = normal)x
logy pimaotor = good|linespeed = normal]]
= T ouloget 42 wlogd
= 04918
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H(C|linespeed = high) = —[p(motor = bad|linespeed = high) «
log, pimotor = bad|linespecd = high)+
pimotor = good) linespeed = high)x
logy pimotor = good |lineapeed = high]
Lo loggt 44w logyt
= L0

Finally, we can compute the informativity of the linsspeed attribute with
respect to the cutcome class, O

HiC|linespeed) = pllinespeed = low) « H{C|linespeed = low )+
pilinespeed = normal) » H{C|linespeed = normal)+
pllinespeed = high) » H(C|linespeed = Righ)

= 230000+ 2« 0.0918 + 3 x 1.000
= (.G28
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Age
First, we compute the basic conditional probabilities directly by counting:

plage = old) =
plage = new)
pmotor = bad|age = old)
pimator = good)age = old)
plmaotor = bad|age = new)

da bz da|rs o= frpe Dde D)le

plmotor = good|age = new) =

Mext, we compute the informativity of values of the age attribute with respect
to the outeome class, C:

HiClage = old) = —[p(motor = bad|age = old) =
logg plmotor = bad|age = old)+
pimator = good|age = old) =
logy plmotor = good|age = old)|
= % " lngg% +% ot ].'C'Eg%
= 0.722
HiC|lage = new) = —[p(motor = bad|age = new) =
log, pimotor = bad|age = new)+
pimator = good|age = new)=
log, pimator = good|age = new))
= 2w loged 4+ 2 % log, 3
= 1.000

Finally, we can compute the informativity of the age attribute with respect
to the outeome class, C:
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HiClage) = plage = old) = H(C|age = old)+
plage = new) = HiC|age = new)

= g:-: 0.722 4 g w« 1.000

= 0.545

Temperature

Firat, we compute the basie conditional probahbilities directly by eounting:

pltemperature = normal
pltemperature = high

pimotor = bad|temperature = normal
plmotor = good|temperature — normal
pimotor = bad|temperature = high
mmotor = good|temperature = high

)
)
)
)
)
)

o celom =l =l Silom aoile=

Next, we compute the informativity of values of the temperature attribute
with respect to the outeome class, C:

HiC|temperature = normal)

H{C|temperature = high)
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—[pimotor = bad|temperature = normal ) =

log, plmotor = bad|temperature = normal)+
plmotor = good|temperature = normal)x

log, pimaotor = good|temperature = normal )|

1w logy b4 2 logy 2

0511

—[pimotor = bad|temperature = high) =
log, plmotor = bad|temperature = high )+

pimotor = good|temperature = high)=
logg pimaotor = good|temperature = high))

2xlogy i 4§ % logy §

= 0.000
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Finally, we can compute the informativity of the temperature attribute with

respect to the outecme elass, C:

H{C|temperature) = p(temperature = normal) x H(C|temperature = normal)+
ptemperature = high) » H(C|temperature = high)

= # % 08114 3 = 0.000

= 0.36]

Most Predictive Attribute

Clearly then, since:

H{(C|temperature) = rtu]jn{HiEH:]} =1.351

The first branch of the decision tree is based on the temperature attribute,

allowing us to partition the training set:

Partition Rule Line Speed  Age Temperature | Motor

Ly ald normal bad

B normal  new  normal good
femperature = normal high 1 normal sood
normal — new  normal good

Ly old high had

, normal — old high bad

temperature = high high A high bad
liwy new high bad

Ly new high bad

We do not nead to further partition the “branch” where temperature =
Righ, but we must refine where temperature = normal, that is, apply 1D3

recursively on the training set:
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Line Speed  Age | Motar
Jow old | bad
normal  new | good
high ald | good
normal  new | good

Again, we do so by computing the informativity of the remaining attributes:

Line Speed
First, we compute the basie conditional probabilities directly by counting:

pllinespeed = low) =

pilinespeed = normal) =

pilinespeed = high) =

p{maotor = bad|linespeed = low) =
plmotor = good|linespeed = low) =
pimator = bad|linespeed = normal) =
plmotor = good|linespeed = normal) =
plmotor = bad|linespeed = high) =

= =i Sk =D =i = = Em |k e =

pmoter = good|linespeed = high) =

Mexct, we compute the informativity of values of the linespead attribute with
respect to the outeome class, O
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HiC'linespeed = low) = —[p(moter = bad|linespeed = low) =
log, pimator = bad|linespeed = low )+
pimaotor = good|linespeed = low) =

log, pimator = good|linespeed = low)|

= luwlogg}+ 8 logy |

= 0.000

H{C'linespeed = normal) = —|[pimotor = bad|linespeed = normal) =

log, pimator = bad|linespead = normal)4

pimator = good|linespeed = normal) =
loga pimator = good)linespeed = normal )|

= ¢ logaf +3 % logy 3
= 0.000
H{("|linespeed = high) = —[p(moter = bad|linespeed = high)x
log, pimator = bad|linespeed = high)+

pimaotor = good|linespeed = high)=
log, pimator = good)linespeed = high)|

= %x IDEE% +% x, lu:gg%
= .00

Finally, we can compute the informativity of the linespeed attribute with
respect to the outeome class, O

HiC"\linespeed) = pilinespeed = low) « H{('|linespeed = low)+
pllinespeed = normal) » H{C'|linespead = normal i+
pilinespead = high) « H(C'|linespeed = high)

— %xumn+§xumn+}men
— (.00
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Ageo
First, we compute the basic conditional probahilities directly by counting:

plage = ald) =
plage = new)
pmotor = bad|age = old)
pimdtor = good|age = old)
plmotor = bad|age = new) =

[ 2= = B Lt B gy B St S | T o [

plmotor = good|age = new) =

Mext, we compute the informativity of values of the age attribute with respect
to the outeome class, O

H(C'|age = old) = —[pmotor = bad|age = old) =
logy pimator = bad|age = old)4
pimotor = good|age = old )=
logy plmator = good|age = old))
= flogyf+gx logeg
= 1.000

H{C'|age =new) = —[pmotor = bad|age = new)x
log, pimotor = bad|age = new)4+
plmotor = good|age = new ) =
log, pimator = good|age = new))
= §xlogy§+§xlogyg
= 0.000

Finally, we can compute the informativity of the age attribute with respect
to the cuteoms class, O
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H{C'jage) = plage = old) x H(('|age = old)+
plage = new) » H(('|age = new)

= £ 100042 » 0,000
= 0500

Most Predictive Atiribute

Clearly then, since:

H(C linespeed) = min H(C' Ay)} = 0.000

The sub-branch of the decision tree under the temperature = normal parti-

tion is hased on the line spead attribute, allowing us to further partition the
training set:

Partition Rule Line Speed  Age  Temperature | Mator
linespeed = low o old  normal had
normal — new  normal | good
normal  new  normal | good
linespeed = high high  old  nomal | good
low old high bad
normal — old high bad
high  old high bad
low new high bad
low  new high bad

temperature = normal | linespeed = normal

temperature = high

All the values in the outeome class are partitioned, so the [D3 process i
eomplate,
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We finally have the following decision tree:

e e FatL e
=high  =normal
line speed
| 4
mator=bad
=high ~ =noimal - =low
b 4

mator=good motor=good motor=bad

And we derive the following rules:

R1: if temperature is high then maotor is bad
R2: if temperature is normal and line speed is low then motor is bad

R3: if temperature is normal and line spead is normal then metor is good
R4 if temperature is normal and line spead is high then motor is good

1-(b) ID3 Excessive Branching
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We have the following dataset:

No | Outlock  Humidity Temperature Windy | Play Golf?
1 | sunny il Th yig do
2 | sunny G A yig dont
3 | sunny B85 B85 no deont
4 | sunny 05 72 1 dont
5 | sunny 7o G no di
6 | cvercast Gl T2 ViR di
7 | overcast 78 83 I do
A | overcast 65 G4 yig do
O | overcast 76 Al i do
10 | rain A 71 Vg dont
11 rain il 65 yig dont
12 rain A 6 i do
13 rain A GA i do
14 | rain 0 i I do

Applying the first iteration of the ID3 algorithm to the supplied dataset, we
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have:
Entropy  Contribution due to “do”  Contribution due to “don't”
H(C|outlook = sunny) 0.971 0.529 0442
H{C|outlook = overcast) | 0.000 0,000 0.000
H(C|outlook = rain) 0.971 0.442 0.529
HiC|outlook) 0,694
H{C|humidity = 65) 0,000 0.000 0.000
H{C|humidity = 70) 0918 0,350 0.529
H(C|humidity = 75) 0,000 0,000 0.000
H{C|humidity = 78) 0,000 0,000 0.000
H(C|humidity = 80) 0.01% 0,350 0.525
H{C|humidity = 85) 0,000 0,000 0.000
H{C|humidity = 90) 1.000 0.500 0,500
H{C|humidity = 95 0.000 0,000 £.000
H{C|humidity = 96) 0,000 0,000 0.000
H{C|humidity) 0.536
HC|temperature = 64) | 0.000 0,000 0,000
HiCltemperature = 65) | 0.000 0,000 0,000
HiC|temperature = 68) | 0.000 0,000 0,000
HiCltemperature = 69) | 0.000 0,000 0,000
HC|temperatwre = 70} | 0.000 0,000 0,000
HiCltemperature =71} | 0.000 0,000 0,000
HC|temperature = 72) | 1.000 0,500 0,500
H(C|temperature = 75) | 0.000 0,000 0,000
H{Cltemperature = 80) | 0.000 0,000 0,000
H(C|temperature = 81) | 0.000 0,000 0,000
HiCltemperature = 83) | 0.000 0,000 0,000
H(C|temperature = 85) | 0.000 0,000 0,000
H{C|temperature) 0.143
H{C|windy = no) 0.811 0.311 0.500
H(C|windy = yes) 1.000 0.500 0,500
H{C|windy) 0.802

Clearly, temperature gives the least entropy, so we choose that for the root
node. This classifies virtually the entire tree, except for two remaining rows
of the dataset:
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do

Mo | Outlock  Humidity  Temperature Windy | Play Galf?
STy 06 T 1o dont
G | overcast a0 T ViR do

SN

mince each of the remaining attributes uniqualy determines the cuteome class,
the entropy of all of the remaining attributes will be 0. Therefore, we can
choces any attribute to partition the case where temperature = 720 Wa
arhitrarily choose outlock, and this results in the following decision tree:

temperature

64 65 68 &6 T T T2 75 80 81 B3 85

dont do i do dont  outlook  do dont o do

ovarcast SLnny
r 1

do dant

Clearly, while such a decision tree will correctly classify the training data, it is
unlikely to classify unseen cases correctly (in fact, this “excessive branching”
problem is one of the limitations of ID3). We can improve the classification
tree by collecting ranges of the temperature attribute into a single value.
Algorithms such as C4.5 will do this antomatically, but when nsing [D3 we
have to do this manually - a judgment based on what might appear to be a
“pood degree of binning”

Data Mining Tut 4
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[ have chosen to “bin” the temperature and lmmidity as follows:

Attributa Range “Bin"
hmidity < Th | cwr
lmidity > Th high
temperaturs < T eald
temperature > 70 and < 76 warm
temperatura > Th hot

=0, we now have the following training set:

Mo | Cutlock  Humidity  Temperature Windy | Play Gaolf?
1 | sunny low Warm ViR do
2 | sunny high hait: Vs dont
3 | sunmy high hat, 1o dont
4 | sunmy high WATTI 1o dont
5 | sunny lcw cold no di
G| overcast high Warm ViR do
T | overcast high hats 1o do
B | overcast lowy cold Vi do
O | overcast lowy hat, no do
100 | rain high Warm ViR dont
11 rain low eold Vs dont
12 | rain high WA 1o do
13 | rain high cold 1o do
14 | rain high Warm no di
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Applying the ID3 algorithm to the supplied datasst, we have:

Entropy  Contribution due to *do”  Contribution due to *don't”
HiCloutlook = sunny) 0.971 0.520 0.442
H{(C|outlock = overcast) 0.000 0.000 0.000
HiCloutlook = rain) 0.971 0.442 0.529
HiCloutlook ) 0.6%4
H{C|humidity = low) 0.722 0.258 0.464
H(C|humidity = high) 00091 0.471 0.520
HiClhumidity) 0.805
H{C|temperature = cold) 0.811 0.211 015010
HiCltemperature = warm) | 0.018 0,390 0.528
H{C|temperature = hot) 1.000 0,500 0500
H{C|temperature) 0.911
HiClwindy = no) 0811 0.311 0500
H{C|windy = yes) 1.000 0,500 0500
HiC|windy) 0.802

The outlook attribute gives the least entropy, so we select that for the root
node in the decision tree. Cur dataset is thus partitioned:

Partition Bule | No | Outlook  Humidity Temperature Windy | Play Galf?

1 | sunny | ow WaTT yes do

2 | sunny high hot yes dont,

mtlook = sunny | 3 | sunny high hot no dont,

4 | sunny high WATTI no dont,
5 | sunny | ow eold no do
B | overcast high WATTI yes do
7 | overcast high hiot no do
outlook = overcast | 8 | overcast | owr eold yes do
0| overcast lowr hiot no do

10 | rain high WaTT yes dont,

11 rain |ow eold e dont
outlook = rain 12 | rain high WaTT no do
13 | rain high eald no do
14 | rain high WATTI no do

Wa now refine the first branch, where outlook = sunny, applying an iteration
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of the 103 algorithm to give:

Entropy  Contribution due to *do”  Clontribution due to “don’t”
H{C|humidity = low) (.000 (.000 0.000
H(C|humidity = high) (.000 (.000 0.000
H{C|humidity) 01,0010
H{(C|temperature = cold) 0.000 0,000 0.000
H{C|temperature = warm) | 1.000 0.500 01,500
H(C|temperature = hot) 0.000 0,000 0.000
H{C|temperature) 1. 40
HiClwindy = no) 0.018 0.528 01,300
H{C|windy = yes) 0,400 0,500 0,500
H{C|windy) 0,951

Humidity gives the lowest entropy above — and since it's entropy is 0, we
have completely partitioned this branch.

The second branch, outlook = overcast, is already perfectly partitioned, so
no further refinement is necessary.

The final branch, eutiook = rain, is refined with an iteration of the [D3

algorithm:
Entropy Contribution due to #*do”  Clontribution due to “don’t”

H{C|humidity = low) 0811 0.311 1. 500
H(C|humidity = high) 0,000 0,000 0,000

H{C|humidity) 01.6449
H{(C|temperature = cold) 1.000 0.500 01,500
H(C|temperature = warm) | 0.018 0,300 0.528
H(C|temperature = hot) 0.000 0,000 0.000

H{C|temperature) 0.951
HiClwindy = no) 0.000 0.000 0.000
H{C|windy = yes) 0.000 0,000 0.000

H{C|windy) 0,000

The windy attribute gives the lowest entropy abowve — and sinee it's entropy
is 0, we have completely partiticned this branch.
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Then we have the following final partitioning after “binning” the continuons

attributes:
Partition Rule No | Outlook Humidity Temperature Windy | Play Golf?
2 | sunmy high hit N dont
humidity = high | 3 | sunny high hait no dont
outlook = sunny 4 | sunny high WA no dont
humidity = low 1 | sunmy | WAl yes da
5 | sunny | eald no do
fi | overcast  high WAl N do
7 | overcast  high hit no do
mitlook = overcost B | overcast | eald yes do
0 | overcast | hait no do
windu = ves 10 m:n high WA yes dont
5 11 | rain | eold yes dont
outlook = rain 12 | rain high WAITH no do
windy = no 13 | rain high eald no do
14 | rain high WA no do
And we have the decision trae:
outlook

sunny  ovacast rain

4 4
humidity do windy
| high no yas
F 4 F L
do dont do daont

Data Mining Tut 4
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And we derive the following rules:

Hi1: if outlook is sunny and humidity is high (= 76) then don't play golf
R2: if ontlook is sunny and humidity is low (< 76) then do play golf
H3: if outlook is overcast then do play golf

R4 if outlook is rain and it is windy then don't play golf
R5: if ontlook is rain and it is not windy then do play golf

1-(c) Limitations of ID3

Moisy data, unknown attribute values and excessive branching are acknowl]-
edged limitations of the D3 algorithm which C4.5 and C5 attempt to resclve.

Noisy Data

ID3 attempts to find a decision tree that perfectly deseribes the supplied
data. This results in the unfortunate tendeney to overfit the data.
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For example, it the original dataset included extra rows:

Mo | Outlook  Humidity Temperature  Windy | Play Golf?
1 SINNNY lioawr Warim Vg do
2 SINNNY high hot, Yiog dont
3 SINNNY high hot, no domnt
4 SINNNY high Warm no dont
6 SINNNY lioawr cold no do
B | overcast high Warm Yiog do
r | overcast high warim o dont
7 | owvercast high hot, no do
& | owvercast lioawr cold Yiog do

| overcast liowwr cold Vs do

| overcast liowwr cold Vs dont
O | owvercast lonwr hot T do

10 rain high Warm Yiog domnt
¥ | overcast high warm Vs dont
11 rain lioawr cold Yiog domnt
12 rain high Warm no do
13 rain high cold no do
14 rain high Warm no do

If we have, for example, record @ which would ordinarily be recorded as a
“do” (since it has outlock overcast), for some reason aceidentally recorded
as a “dont” (that is, recorded as “dont” for some reason independent of the
supplied variables of the dataset, or or recorded as a “dont” apparently ran-
domly) then the 1D3 algorithm will still attempt to find additional conditions
g0 as to perfectly classify the cases, It may be the case that normally golf is
played when the outlook is overcast, but by chance 5% of the time, golf is
not. played. Since the outeome is independent of the supplied data (i.e., it is
noisy), the decision tree cannot “learn” the classification with 1005 acouracy
— training on this data would result in a tree that overfits the training data
(it leamns the training data, but does not generalise to unseen cases).

Becords gy and wy are also a problem for ID3 — the outcomes are contradic-

tory, and so IDE cannot perfectly partition the set {and yet, the termination
condition of the algorithm is when the set has become perfectly partitionad).
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Finally, record # is a problem — when there exists ambiguity between, say an
overcast and rainy outloolk, it may be the case that {as a result of noise) the
cage 18 inecrrectly classified as overcast when it was supposed to be classified
as rainy. In this case, again, we have much the same problem as in =, in
attempting to perfectly classify the record, 103 will overfit the data and
cover this exceptional case even though it occurred purely by chance.

This cverfitting of data in ID3 can be resclved by a process of pruning the
tree. This process replaces branches of a tree with either leaf nodes, or
subtrees of the branch. Two approaches are possible:

Stopping or Prepruning While constructing the decision tree, perform
statistical tests to decide whether to not divide the training set further
(i.0., check whether, statistically speaking, the remaining classes appear
to be random).

Pruning The complete decision tree is constructed, statistical tests are per-
formed on the nodes of the tree, and the complete tree is pruned to a
simpler tree that performs better with noisy data.

4.5 takes the latter approach; it constructs the complete tree and replaces
branches with leat nodes (or sub-trees) if statistical tests determine that the
arror rate of the tree would be reduced.

Unknown Attribute Values

The difficulty of handing unknown attribute values is that the entropy cal-
enlations of [D3 do not accomodate unknown values, and if unknown values
exist in an attribute that is used for partitioning, then the basic ID3 algo-
rithm has no way of deciding which partition to place the attribute with
unknown values. Furthermore, cnee a decision tree has beon mined, classifi-
cation problems that inelude unknown values cannot be directly handled.

Data Mining Tut 4
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For example:

Mo | Omtlook  Humidity Temperature Windy | Play Gaolf?
1 BUNTY liowar WAar Vs do
2 BUNTY high hot Vs domt
3 BUNTY high hot no domt
4 SUNNY high WATTT no dont
B SUNNY lowar eald no di
B oVer cast high WATTT YR do
r | unknown high warm no do
7 over cast high hot no do
& overcast lomar eald yes di
0 oVercast lowr hot no do
10 rain high unknown yes dont
11 rain Lo unknown Vs domt
12 rain high unknown no do
13 rain high unknown no do
14 rain high unknown no di

Whilst outlock was originally the most selective attribute, with an unknown
value for =, we nead to decide how to handle it, and into which partition the
record is to be placed for further rounds of the algorithm. Clearly, eliminating
records if they contain unknown wvalues is going to reduce the quality of
decision trees becanse, for example, records 10 — 14 have such unknown
values but if we were to discard all of these then we would have no training
data suitable for classifying cases where the outlock is rain (even though
the unknown values were not needed to classify those cases with the original
decision tres).

Three approaches are possibla:

1. Dscard any records or atfributes which contain unknown values. Clearly,
while this is a simple sclution, it cannot be used if virtually every record
contains an unknown value or if the presence of unknown values is not
statistically independent to every other attribute. Another problem
with this approach is that it discards information — information that
might be used to produce a more accurate tree.
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2.

Replace unknown values with their most probable value. Apgain, this
iz a simple strategy, but it has problems if the presence of unknown
values 8 not statistically independent to every other attribute in the
dataset {(because unknown values may be exceptional and so it would
not be correct to assume their most probable value). This approach
will produce decision trees, but it is unlikely that such trees would be as
accurate as a trees constructed by algorithms that included uncertainty
information in the computation.

Treat unknown walues as an additional domain element. This approach
i= similar to the first approach, but suffers the problem that the ap-
proach does not match the semantics of unknown values. Indeed, if
this approach were possible — it would have made more sense to have
originally declared “could not measure” (for example) as an eloment of
the domain.

Change the algorithm to accommodate unknowm values. This is the
approach used by C4.5, and is described below.

ID3 can be changed to support unknown values directly by:

1.

]

Changing the attribute selection criteria to handle unknown values. In
(4.5, the computed gain of the known values multiplied by the fraction
of known values and this adjusted value is used in the selection of the
most selective attribute.

Changing the partitioning method fo support probabilistic partitioning
of @ record. In C4.5, partitioning on an attribute with unlnown values
i= done by partitioning the known wvalues as per 1D3, and placing the
unknown values into every partition with a weight {being the probahil-
ity of each value) that is subsequently used in the selection criteria. In
other words, when a record with unknown values are partitioned, it is
placed in each partition with a fractional certainty.

Changing the classification process to produce probabilistic classifica-
tions {or to seloct the most probable classification) of unseen mases. In
(4.5, the probahility of each branch is recorded so that if the generated
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tree is used to classify an unseen case with some unknown attribute val-
nes, the tree can be used “nondeterministically” to generate the most
probable classification for the record. When a decision must be made
on an unknown value in a record, all relevant branches in the decision
tree are explored, and the probakbility of each branch is maintained so
that the user can view the probability of each classification or so that
the algorithm can select the most probable classification.

Excessive Branching

ID3 has a problem with excessive branching due to three reasons:

1. The entropy criteria used by ID3 to select the most informative at-
tribute has a preference for attributes with larger domain cardinality.
This results in trees that branch more than they nead to.

[

ID3 cannot and does not group values of atiributes even if the sub-trees
of the branches are near-identical or if the values are related.

3. Boecause 103 secks to deseribe the training set perfectly, it has a ten-
deney to overfit the data — resulting in trees with too many branches.
Pruning can sclve this problem as explained in the discussion with noisy
data.

Because attributes with many walues will have a tendency to reduce the
entropy of elassification (i.e., attributes with a large domain will be “key-like”
and so will have a tendeney to partition the outeome class almost perfectly),
such atiributes will be preferred when using IDE. One way of resclving the
problem is to change the metric used to select the most ideal attribute, by
using information gain ratio {as opposad to entropy )

H{C — HiC|A4)
HiA)

sainRatio =

Where,
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