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Randomness in model

O Decision Trees will iteratively split the data
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Randomness in model

O Decision Trees will iteratively split the data
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Randomness in model

O Decision Trees will iteratively split the data

depth = 3

Python
4 Classes ﬁg%adi%gﬂce

ESSENTIAL TOOLS FOR WORKING WITH DATA
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Randomness in model

O Decision Trees will iteratively split the data
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Randomness in model

O When the depth increases, strange regions appear
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Randomness in model

O When the split the data in two,
two different decision trees are built.
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Holdout sets

O split the data in two, train on one, test on the other,

and vise versa Two trails

validation
set

trial 1

validation
set

trial 2

from sklearn.tree import DecisionTreeClassifier -
from sklearn.metrics import accuracy_score

model = DecisionTreeClassifier()

y2_model = model.fit(X1, y1).predict(X2)
y1_model = model.fit(X2, y2).predict(X1)

>~ VanderPlas

Page 361

accuracy_score(y1, y1_model), accuracy_score(y2, y2_model)

(0.92, 0.87)




K-fold cross-validation

O split the data in three, train on two, test on the one hold-out

and repeat Three trails
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from sklearn.model_selection import cross_val_score

model = DecisionTreeClassifier()

trial 1

"a"‘i;“” scores = cross_val_score(model, X, y, cv=3)
(0.8675, 0.8925, 0.9275)
- e print("accuracy = {:.2f} \uO0B1 {:.3f}".format(scores.mean()
.:“:3 set scores.std()))
accuracy = 0.90 + 0.025
ki validation
g set
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K-fold cross-validation

O split the data in five, train on four, test on the one hold-out,

trial 3 trial 2 trial 1

trial 4

trial 5

and repeat
~ o %0 ® .o
..:00‘0. ..'?.-'.b
nal'rdaltil::n
validation
'ualldalti-::n
wlbdaltion

Five trails
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validation
EER from sklearn.model_selection import cross_val_score

model = DecisionTreeClassifier()

scores = cross_val_score(model, X, y, cv=5)

(0.88, 0.88, 0.90, 0.90, 0.90)

print("accuracy = {:.2f} \u00B1 {:.3f}".format(scores.mean(),
scores.std()))

accuracy = 0.89 + 0.008

Handbook,
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K-fold cross-validation

O split the data in ten, train on nine, test on the one hold-out,

and repeat Ten trails
%® o : ) ® & ce ¢ o) '...9 ~ @ 3. Hha o a) °q o
& o @ bod @ [ b &
e R N AT R ey TN e e
validation
set
ISR from sklearn.model_selection import cross_val_score
set
vaTEEBN model = DecisionTreeClassifier()
set
aliHEGRN scores = cross_val_score(model, X, y, cv=10)
set
valEEESn (0.87, 0.90, 0.93, 0.87, 0.93, 0.97, 0.83, 0.87, 0.97, 0.87)
set
validation
set
validation print("accuracy = {:.2f} \u00B1 {:.3f}".format(scores.mean(),
ek scores.std()))
validation
= accuracy = 0.90 + 0.045
validation

set

alidation
set

triald.0trial 9 trial 8 trial 7 trial 6 trial 5 trial 4 trial 3 trial 2 trial 1
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CV iterations

5-fold cross-validation

O split the data in five, train on four, test on the one hold-out,

and repeat Five trails
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cross_validation

spit 1 R, 777777777 AT 7777777 7777777777 7T 777777777
spiit 2 77777777 7 7 i 7 7 7 7 7 7 7 7 7N 7 77 777 77 7 A7 77 777777 3 Training data
spiit 3 {7 7777 7777 7N 77777777 7 ey 7 7 7 7 7 7 77 7 A 77 7777777 R Test data
spiit 4 (7777777 77 THT7 7777777 7T 7 77 77 77 7 7 e 7 7 7 7 7 7 7 7 7 7]

spiits {77777 7777 W77 7777777 77777777 7 A 77 77 77 77 7 s

] ] ] ] I
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Data points

from sklearn.model_selection import cross val_score

model = DecisionTreeClassifier()

scores = cross_val_score(model, X, y, cv=5)

accuracy = 0.89 + 0.008 Pag"e pyos
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Stratified k-fold cross-validation

0 Sometimes your dataset is ordered

Iris Setosa, Versicolor and Virginica

from sklearn.datasets import load_iris
iris = load_iris()
print("lris labels:\n{}".format(iris.target))

Iris labels:
[0000000000O0O0O0O0O0O0O0OOOOOOOOOOOOOOOOOOOOO
oooooooo0000001T11T111111111111111111111
111111111111 1111111111111122222222222
2222222222222222222222222222222222222

2 2]




CV iterations

Stratified k-fold cross-validation

0 Sometimes your dataset is ordered

from sklearn.datasets import load_iris
iris = load_iris()

model = DecisionTreeClassifier()

scores = cross_val_score(model, X, y, cv=3)

Standard cross-validation with sorted class labels

spiic 1 - /S S A

spit2 (/A R A
selit3 4/ // /N

Class label -[ Class 0 H Class 1 H Class 2 ]

| I I
Fold 1 Fold 2 Fold 3
Data points




CV iterations

Stratified k-fold cross-validation

0 Sometimes your dataset is ordered

from sklearn.datasets import load_iris
iris = load_iris()

model = DecisionTreeClassifier()

scores = cross_val_score(model, X, y, cv=3)

Stratified Cross-validation
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CV iterations

Stratified k-fold cross-validation

0 Sometimes your dataset is ordered

from sklearn.model_selection import KFold
kfold = KFold(n_splits=3)

scores = cross_val_score(model, X, y, cv=kfold)
[0.0, 0.0, 0.0]

Standard cross-validation with sorted class labels

spiic 1 - /S S A

spit2 (/A R A
selit3 4/ // /N

Class label -[ Class 0 H Class 1 H Class 2 ]

| I I
Fold 1 Fold 2 Fold 3
Data points




CV iterations

Stratified k-fold cross-validation

0 Sometimes your dataset is ordered

from sklearn.model_selection import KFold
kfold = KFold(n_splits=3, shuffle=True)

scores = cross_val_score(model, X, y, cv=kfold)
[0.98 0.96 0.96]

Stratified Cross-validation
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CV iterations

Shuffle-split cross-validation

[ Leave a portion out < good for robustness

from sklearn.model_selection import ShuffleSplit
shuffle_split = ShuffleSplit(test_size=.5, train_size=.5, n_splits=10)

scores = cross_val_score(model, X, y, cv=shuffle_split)

[0.96 0.93 0.97 0.97 0.96 0.92 0.97 0.97 0.97 0.92]

accuracy = 0.96 1+ 0.022

ShuffleSplit with 10 points, train_size=5, test_size=2, n_splits=4

spit1{ W77 A7 77 ) | |7 ZAV Al \V.// /) A 71 Training set
split 2 227 A W/ ANV /]| | A /A @Zm Test set
split 3¥ /707771 | |V ZZAVZZAV 77 A | £ Not selected
Split 4 |V ZZA| |  |oves\vees) eI |\ ZZA

1 2 3 4 5 6 7 8 9 10 Page 264
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Introduction to Machine Learning

Building a predictive model 1s a circular process.

Problem Definition

Model Deployment

1. Organization

Model Deﬁvélopmeﬁf

and Evaluation

Data C_pllection

Data Preparation

Expertise * Depends on the organization
e Interpret the information in the right way

20



Introduction to Machine Learning

Building a predictive model 1s a circular process.

Hyperparameter tuning with
cross-validation

Model setup and fitting Prediction

Implemented

in scikit-learn Evallation

Train or test splitting

Exporting the model to

Data preprocessing tasks : ;
Pk 8 be used in production

Joseph Santarcangelo & Joss Grossman, Machine Learning with Python, IBM Skills network, 2025
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Introduction to Machine Learning

0 5.1 Cross-Validation

[ Strengths:

» A reliable estimate of the performance

= No better performance of a model by ‘luck’
[0 Weakness:

» Another hyperparameter to control

= You have to know your data

Andreas C. Miiller, Sarah Guido,
, O’Reilly Media, October 2016
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Conclusion

Learning outcomes of this course covered today

0 Most work is in Data Preparation and Model Evaluation

[ Beter do Model Evaluation the correct way!
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