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What we are going to learn




It's all about prediction!




-xample data

L abel Attributes / Features

Heart rate Respiratory temperature Behavior X
rate

Mouse 1 0 90 grey Y

Mouse 2 F 400 200 36.5 grey 1 N 13
Mouse 3 T 430 100 36.5 black 1 N 11
Mouse 4 F 300 190 37.2 grey 1 N 10
Mouse 5 T 550 221 38 black 1 Y 9
Mouse 6 F 700 130 37.7 grey 2 N 115




Training
Data

Training Data and Test Data

MACHINE




STEP|

Provide the machine learning algorithm categorized or Feed the machine new, unlabeled information to see if it tags
“labeled” input and output data from to learn new data appropriately. If not, continue refining the algorithm

Test
Data

Training
Data

MACHINE § MACHINE

The model requires user input of known values for training

https://www.newtechgdojo.com



STEP|

Provide the machine learning algorithm uncategorized, Observe and learn from the

unlabeled input data to see what patterns it finds patterns the machine identifies

SIMILAR GROUP |

T Test
Data
v

SIMILAR GROUP 2

Training
Data

e
-

MACHINE MACHINE

« The models are given unlabeled in order to identify relevant
pattern

« The machine finds the hidden structure

https://www.newtechgdojo.com



Classification Regression Clustering

*DOI: 10.1080/23746149.2020.1797528
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Q1. | performed a knockout experiment. | want to
cluster genes based on gene expression
similarity.

e Supervised

e Unsupervised
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i Q2. | have a cohort with variant information and i
: disease states. | want to make a machine |
| learning model to predict disease states. :

e Supervised

e Unsupervised



i Q2. | have a cohort with variant information and i
: disease states. | want to make a machine |
| learning model to predict disease states. :

e Supervised

e Unsupervised



Finding a good prediction model:
Balance of Bias and Variance

Variance




Bias and Variance

Err(a) = (BUf (0) ~ ()" + B (£ (2) - BIf @)))| + 02

Err(z) = Bias® + Variance + Irreducible Error
Low
Variance
Underfittin
9~ _

f (x): prediction function High //{%

f (x): estimate of f(x) Bias ){

Truth

= /f\
AN
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https://towardsdatascience.com

Overfitting



Bias and Variance

High bias
Low variance

Training Set
A g

. >
@
@
>
A Tests
e % o
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Low bias
High variance

Training Set

L™
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https://www.zdnet.com/



Q3. Predict variance level and bias level



Q3. Predict variance level and bias level

/

Bias error High

\Variance error Low



Q4. Predict variance level and bias level



Q4. Predict variance level and bias level

s

Bias error Low

Variance error High



What we want to make:

https://www.biorxiv.org/content/10.1101/2020.12.23.424258v1.full



Prediction Error

High Bias Low Bias

Low Variance High Variance

Test Data

\ \\l //J—J
p
Training Data
Low High

Model Complexity

https://medium.com/datadriveninvestor
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How can we select a model that balances
variance & bias?

e« Use cross-validation!
e Bias and variance can be balanced

Training set |

Training folds Test fold

[t iteration | r T T T T T ] l‘ E; 7

2st jteration | T T T T 7T ] E; L 1 ZK
35t iteration | T T T 1T 17T [ ] E; K ~=1
10 iteration B [ [ [ [ [ [ [ [ | Ejo

Niu, Mengting et al. (2018). International
journal of molecular sciences.
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How can we select a model that balances
variance & bias?

Training Data

e« Use cross-validation!
e Bias and variance can be balanced

Training set |

Training folds Test fold

Istiteration | r T T T T T ] l‘ E; 7

2st jteration | T T T T 7Tl E; 1wy

35t iteration | ' T T T 1T I [ ] E; k= EZ':lE

10 iteration W [ [ [ [ [ [ [ [ | Ejo Test Data

Niu, Mengting et al. (2018). International

. 25
journal of molecular sciences.



How can we select a model that balances
VarlaﬂCe & b 887 Training Data

e« Use cross-validation!
e Bias and variance can be balanced

Test Data

Training set |

Training folds Test fold

Istiteration | r T T T T T ] l‘ E; 7

2st jteration | T T T T 7T ] E; 1wy

35t iteration | ' T T T 1T I [ ] E; b= EZi:l E
10 iteration B [ [ [ [ [ [ [ [ | Ejo

Niu, Mengting et al. (2018). International
journal of molecular sciences.
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igh variance

e Overfitting
« Good performance only for the training data set
e Little generalization

Remedy
e Remove attributes from the model
« More data



High bias

« Underfitting
« Overly simple model

Remedy

* Try making a more complex model
« Add more attributes to the model
e Train the model for a longer time



What we are going to learn




Su Eervised

K-nearest neighbor (kNN)

 K: #neighbor data points A
to consider A
—
 Majority vote: collect —
cluster associations >
from K (user defined) A

neighbors and identify
the most relevant
association A —

30
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Su Bervised

K-nearest neighbor (kNN)
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Su Eervised

K-nearest neighbor (kNN)

» K: #neighbor data points A
to consider A
 Majority vote: collect —

cluster associations

from k (User defined)

neighbors and identify

the most relevant

association A

33



Supervised

K-nearest neighbor (KNN) steps:

« Calculate the distance between a new data point and
preexisting data points

« Sort the results in ascending order
e Choose the first K rows

« Take the majority vote from the data points within K



KNN application example

Growth
Fast

A

V; €Xpression

) @ @8

V; expression

Slow

Thomas P. Wytock and Adilson E. Motter, PNAS 2019



Supervised

K-nearest neighbor (kNN)

Pros
« Easy to implement

Cons
« Computationally expensive
« Sensitive to the scale of data and outliers



Supervised

K-nearest neighbor (kNN): Preprocessing

. Rescale data (ex: x?T”)

« Impute (substitute) missing data

« Reduce the dimension (# attributes) if the dimension is too
high



| _Supervised
K-nearest neighbor (kNN)

K=3

Test different Ks and find the one with lowest error

60 -
Validation error

50 -

30 A

20 A

10 S

K- Value

38
https://www.analyticsvidhya.com



https://www.analyticsvidhya.com/

KNN practice



What we are going to learn




| _Unsupervised
K-means clustering

« Assign a cluster to a data point based on distance from each
center (centroid) of each cluster

41



Unsupervised

K-means clustering steps (Lloyd):

e Start: Random centers

« Take the sum of the squared distance between data points
and all centers

« Assign a cluster membership to each data point
« Compute new centers
« End: if the centers don’t change OR meet iteration threshold
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_ _ Unsupervised
K-means clustering steps (Lloyd):

e Start: Random centers

« Take the sum of the squared distance between data points
and all centers

* Assign a cluster membership to each data point
« Compute new centers
« End: if the centers don’t change OR meet iteration threshold

44
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https://raw.githubusercontent.com/andrewxiechina/DataScience/master/K-Means/k4XcapI.gif
https://raw.githubusercontent.com/andrewxiechina/DataScience/master/K-Means/k4XcapI.gif

o _Unsupervised
K-means cluster application example
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Unsupervised

K-means clustering

Pros:
« Simple and fast

Cons:
e Sensitive to the initial random selection of centers
« Computationally expensive
« Sensitive to the scale of data and outliers



K-means clustering

e |Initialization matters!
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Grigorios Tzortzis , Pattern Recognition (2014)



K-means clustering, determine k

Optimal number of clusters

(o)}
o
o

400 A

Model performance measure (error)
N
o
o

1 2 3 4 5 6 7 8 9 10
Number of clusters k

_ Unsupervised

49



within-cluster sum of squares

IDHCEE,

k=1 1i€S

where k is the kth cluster, S; is the cluster set of the kth
cluster, and j is the jth element of each data point



Survey time & Coffee break

https://www.surveymonkey.com/r/F75J6VZ

51


https://www.surveymonkey.com/r/F75J6VZ

K-means practice

52



What we are going to learn




Supervised

Decision Tree

Node: attributes

_eaf node: label

Edge: connection between
nodes

Internal
node

Internal

node

Leaf Leaf Leaf
node node node




DINCENS 0 DINCENS @




Decision Tree: which feature to use?

Evaluation

m
Gini Index: 1 — Z P;*
=1

Information Gain : Entropy(before split) — Entropy(after split)
Entropy: -2;21 piloga (p:)

56



__ Supervised _
Decision Tree: which feature to use?

Gini index: High Gini index: Low
Information Gain: Low Information Gain: High

57



__ Supervised _
Decision Tree: which feature to use?

Gender Age

Total: 11

Case: b

rggﬁ rg ooy
F 40 > 40 <=
Total: 5 Total: 5 Total: 6
Case: 2 Case: 1 Case: 4
Gini index: 1- (2/5)"2 - (3/5)"2 1- (3/6)"2 - (3/6)"2 1- (1/5)"2 - (4/5)"2 1- (4/6)"2 - (2/6)"2

Weighted sum: 0.49 Weighted sum: 0.39
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] ] ] _ M
Decision Tree application example

AtD + NC Cohort
Total N = 322
12.1% Dx AtD

| HFE (rs1799945) Dose
I

| 1
< 1 Allele 2 1 Allele
Total N = 130 Total N =47
10.8% Dx AtD 27.7% Dx AID
| 1
| 1
GSK3B (rs13312998) Dose | | GRN (rs5848) Dose |
1 |
| | | |
2 Alleles < 2 Alleles <1 Allele 2 1 Allele
Total N = 109 Total N = 21 Total N = 17 Total N = 30
7.3% Dx AtD 28.6% Dx AtD 16.7% Dx AtD 47.1% Dx AtD

Yokoyama, J.S., Bonham, L.W.,, Sears, R.L. et al. BMC Neurol 15, &7 (2015)



Supervised

Decision Tree

Pros

« Easy interpretation

 Not influenced by outliers

Cons

« Higher computational time for training and to process data
« Overfitting => pruning

« Selection bias toward attributes with many possible splits
(Use Gain Ratio)



Complexity parameter (cp)

Governs the minimum “benefit” that must be gained at each split of the
decision tree in order to make a split worthwhile.

Williams G. (2011) Decision Trees. In: Data Mining with Rattle
and R. Use R. Springer, New York, NY

Trims off least important splits at each run.
Penalizes models that are too complex.

Muhammad Azam et al. (2017) Simulation and Computation,
46:4, 2924-2934



Decision Tree practice
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More advanced methods

Support Vector Machine
Random Forest

Neural Network
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