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Feature
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Various problems/techniques
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Feature types
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Nominal, ordinal, interval and ratio
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Nominal feature
 Values are distinct symbols

– values themselves serve only as labels or names

– nominal comes from the Latin word for name

 Example

– feature “category” of a stock

– such as “Food and Beverage / 食品工業”, “Chemicals/化學工業
”, “Automotive/汽車工業”, “Transportation/航運業”, 

“Electronics/電子工業”, …

 No relation is implied among nominal values (no ordering 

or distance measure)

 Only equality tests can be performed
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Decision tree

 Strategy: top down

 Recursive divide-and-conquer fashion

– select a feature for root node

– create a branch for each possible feature value

– split instances into subsets

– repeat above steps recursively for each branch

 Stop if all instances have the same class
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Which feature?
Outlook Temp Humidity Windy Play

Sunny Hot High False No

Sunny Hot High True No

Overcast Hot High False Yes

Rainy Mild High False Yes

Rainy Cool Normal False Yes

Rainy Cool Normal True No

Overcast Cool Normal True Yes

Sunny Mild High False No

Sunny Cool Normal False Yes

Rainy Mild Normal False Yes

Sunny Mild Normal True Yes

Overcast Mild High True Yes

Overcast Hot Normal False Yes

Rainy Mild High True No
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How to
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use nominal features in KNN



Ordinal features

 Impose order on values

– but no distance between values defined

– such as “temperature” in the weather data, where 

“hot” > “mild” > “cool”

 Addition and subtraction don’t make sense

 Distinction between nominal and ordinal not 

always clear (e.g. “outlook” in the weather 

data)
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Interval and ratio features

 Interval features are not only ordered but 

measured in fixed and equal units

– difference of two values makes sense; sum or 

product doesn’t, ex: “birth year”

– “temperature” expressed in degrees Fahrenheit

 Ratio features are treated as real numbers

– all mathematical operations are allowed, ex: “age”

 Both can be called numeric features
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What’s
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the difference between interval and ratio features



Any Questions?
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about numeric features



How to
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use numeric features in decision tree



Dealing with numeric features

 Discretize numeric values

– sort instances according to the feature’s values

– breaks where class changes (majority class)

– this minimizes the error
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The problem of overfitting
 The above procedure is very sensitive to noise

– one instance with an incorrect class label probably 

produces a separate interval

 A time stamp results in an error-free, but highly 

branched, feature 

 Enforce minimum number of instances of the 

majority class per interval (ex: 3)
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Missing value
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Missing value
 Frequently indicated by out-of-range entries

– unknown, unrecorded, irrelevant, …

 Causes

– malfunctioning equipment

– changes in experimental design

– collation of different datasets

– measurement not possible

 Missing value may have significance in itself

– missing test in a medical examination

 Trivial in decision tree
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But
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how to solve it in KNN



Inaccurate values

 Stale data, ex: “age”

 Typographical errors

 Errors may be deliberate, ex: “phone”

 A research problem of machine learning

– noise/outlier detection
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Paired instances
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Watch out the instance definition when extracting features
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A family tree
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The family tree represented as a table
Name Gender Parent1 Parent2

Peter Male ? ?

Peggy Female ? ?

Steven Male Peter Peggy

Graham Male Peter Peggy

Pam Female Peter Peggy

Ian Male Grace Ray

Pippa Female Grace Ray

Brian Male Grace Ray

Anna Female Pam Ian

Nikki Female Pam Ian
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The “sister-of” relation
First person Second person Relation

Name Gender Parent1 Parent2 Name Gender Parent1 Parent2

Steven Male Peter Peggy Pam Female Peter Peggy Yes

Graham Male Peter Peggy Pam Female Peter Peggy Yes

Ian Male Grace Ray Pippa Female Grace Ray Yes

Brian Male Grace Ray Pippa Female Grace Ray Yes

Anna Female Pam Ian Nikki Female Pam Ian Yes

Nikki Female Pam Ian Anna Female Pam Ian Yes

All the rest No
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The “sister-of” relation
 If second person’s gender = female and the first person’s 

parent = the second person’s parent

 The order of individuals

– change features to order-independent

– generate new features to fit the requirement  domain 

knowledge is required

– generate reverse training samples  instance-level solution

– change the distance function  kernel-level solution

 𝑐𝑙𝑎𝑠𝑠𝑖 × 𝑑 𝑞𝑢𝑒𝑟𝑦, 𝑡𝑟𝑎𝑖𝑛𝑖 , where 𝑑()

= min 𝑞𝑢𝑒𝑟𝑦 − 𝑡𝑟𝑎𝑖𝑛𝑖 , 𝑟𝑒𝑣𝑒𝑟𝑠𝑒 𝑞𝑢𝑒𝑟𝑦 − 𝑡𝑟𝑎𝑖𝑛𝑖

Machine Learning & Bioinformatics
23



Further problems

 “Ancestor-of”

 “Standing-vs.-lying”

– if width > height then lying; if height > width then 

standing  no machine learning tools can do that

– generating new features is required

 How do you know if stock prediction requires 

such derived features?
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Class
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Also influence the learning behaviors
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Summary
 Intrinsic characteristics of features

 Problem/instance definition

– feature arrangement

– class assignment

 In stock

– change/distance quantities

– normalized quantities (to an instance or to all 

instances)

– 股票技術分析
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https://www.google.com.tw/search?q=股票技術分析


Today’s exercise
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Feature encoding
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Generate features from your raw data. Send TA Lin

a report before 23:59 10/23 (Wed).

mailto:specialist686@gmail.com


Appendix
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Feature types used in practice
 Most schemes accommodate just two levels of 

measurement: categorical and numerical

 Categorical features are also called “enumerated” 

or “discrete”, but “enumerated” and “discrete” 

imply order

 A special feature type is dichotomy (“boolean”)

 Numeric features are also called “continuous”, but 

“continuous” implies mathematical continuity
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Non-linear normalization
 An example of using 2 residue groups and bigrams

– AAAAAATT

• AA 5

• AT 1

• TA 0

• TT 1

 The one occurrence of TT should be more significant 

than the one occurrence of AT

 The original encoding

– 1:5 2:1 3:0 4:1
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Triad significance
 𝑜𝑖 represents the number of the 𝑖-th type of triad observed, 

which is highly correlated to the distribution of amino acids

 The significance is defined by answering the following 

question

– How rare is the number of observed occurrences considering the 

amino acid composition of the protein?

 We define 𝑠𝑖 as the probability of observing less 

occurrences of the 𝑖-th triad than the one that is actually 

observed (𝑜𝑖), which equals to 1 minus the p-value

 Estimate the importance of occurrence

35



Final encoding
 𝑠𝑖 = Pr 𝑋𝑖 < 𝑜𝑖 , where 𝑋𝑖 is a random variable 

representing the number of observations of the 𝑖-th triad in a 

background distribution of protein sequences

 A common practice to estimate 𝑋𝑖 is to permute the original 

protein sequence many times while preserving its amino 

acid composition

 The previous example

– 1:5         2:1         3:0         4:1

– 1:Pr(AA<5) 2:Pr(AT<1)  3:Pr(TA<0)  4:Pr(TT<1)

– 1:0.895 2:0.037     3:0.000     4:0.735
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