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Number of results

Schedule

Week 1: Python/Pandas/Numpy prerequisites + Data preprocessing
Week 2: Regression |: KNN + Linear Regression + Metrics

Week 3: Regression II: Polynomial regression + SVMs + MLP +
under/overfitting + regularization

MidTerm exam

Week 5: Classification I: KNN + Logistic Regression + Metrics
Week 6: Classification II: Trees/RF + SVMs + Grid search
Week 7: Clustering: K-means + DBSCAN + ....
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Number of results

Mid-Term exam

O 40% of grade
O All partial grades are averaged: pass when average > 5.5

O Difference between model-answers and grading-model!



Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import math

# 1. Load the data
df = pd.read_csv('wineQualityReds.csv')

# 2. Drop the first column
df = df.drop(df.columns[0],axis=1)

# 3. Split the target off
X = df.drop('quality’, axis=1).values
y = df['quality’].values

# 4. Train-test split
X train, X test, y train, y test = ...

# 5. Normalise

X scaler = ...

X train_scaled = ...
X test scaled = ...

y_scaler = ...
y_train_scaled =....ravel()
y_test scaled = ....ravel()
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from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
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X = df.drop('quality’, axis=1).values
y = df['quality’].values

# 4. Train-test split
X train, X test, y train, y test = ...

# 5. Normalise
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Mid-Term exam — Programming exercise

# 5. Normalise

X scaler = ...

X train_scaled = ...
X test_scaled = ...

y_scaler = ...
y_train_scaled =....ravel()
y_test_scaled = ....ravel()
?np.ravel()

Signature: np.ravel(a, order='C’)
Docstring:
Return a contiguous flattened array.

A 1-D array, containing the elements of the input, is returned. A copy is
made only if needed.



Mid-Term exam — Programming exercise

# 5. Normalise

X scaler = ...

X train_scaled = ...
X test_scaled = ...

y_scaler = ...
y_train_scaled =....ravel()
y_test_scaled = ....ravel()
?np.ravel()

Signature: np.ravel(a, order='C’)
Docstring:
Return a contiguous flattened array.

Examples

It is equivalent to ““reshape(-1, order=order)™".

>>> x = np.array([[1, 2, 3], [4, 5, 6]])
>>> np.ravel(x)
array([1, 2, 3, 4, 5, 6])

>>> x.reshape(-1)
array([1, 2, 3, 4, 5, 6])



Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt
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import math

# 1. Load the data
df = pd.read_csv('wineQualityReds.csv')

# 2. Drop the first column
df = df.drop(df.columns[0],axis=1)

# 3. Split the target off
X = df.drop('quality’, axis=1).values
y = df['quality’].values

# 4. Train-test split
X train, X test, y train, y test = ...

# 5. Normalise

## X _scaler = ...

## X_train_scaled = ...
## X _test scaled = ...

#ty scaler = ...
##y train_scaled =....ravel()
#ty test scaled = ....ravel()



Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt

import pandas as pd

import numpy as np 1. Load the Red Wine Dataset by using pandas read_csv-function on wineQualityReds.csv
import math 2. Drop the first column, which contains no information, other than the sample ID.

3. Split the dataset in the features X and the target y, which is the last column (‘quality’)
# 1. Load the data 4. Split the data into a training set (80%) and a test set (20%). Use random_state=2009

df = pd.read_csv('wineQualityReds.csv')

# 2. Drop the first column
df = df.drop(df.columns[0],axis=1)

# 3. Split the target off
X = df.drop('quality’, axis=1).values
y = df['quality'].values

# 4. Train-test split
X train, X test, y_train, y test= ...

# 5. Normalise

## X scaler = ...

## X train_scaled = ...
## X test scaled = ...

##y scaler = ...
##y train_scaled =....ravel()
##y test _scaled = ....ravel()
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# 3. Split the target off
X = df.drop('quality’, axis=1).values
y = df['quality'].values

# 4. Train-test split
X train, X test, y_train, y_test = train_test split(X, y, test_size = 0.2, random_state = 2009)

# 5. Normalise

## X scaler = ...

## X train_scaled = ...
## X test scaled = ...

##y scaler = ...
##y train_scaled =....ravel()
##y test _scaled = ....ravel()
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Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt

import pandas as pd il

import numpy as np 1. Load the Red Wine Dataset by using pandas read_csv-function on wineQualityReds.csv
import math 2. Drop the first column, which contains no information, other than the sample ID.

3. Split the dataset in the features X and the target y, which is the last column (‘quality’)
# 1. Load the data 4. Split the data into a training set (80%) and test set (20%)]Use|random_state=2009

df = pd.read_csv('wineQualityReds.csv')

# 2. Drop the first column
df = df.drop(df.columns[0],axis=1)

# 3. Split the target off
X = df.drop('quality’, axis=1).values
y = df['quality'].values

# 4. Train-test split
X train, X test, y_train, y_test = train_test_split(X, y, test_size = 0.2, random_state = 2009)

# 5. Normalise

## X scaler = ...

## X train_scaled = ...
## X test scaled = ...

##y scaler = ...
##y train_scaled =....ravel()
##y test _scaled = ....ravel()



Mid-Term exam — Programming exercise

# 1. Load the data
df = pd.read_csv('wineQualityReds.csv')

[

# 2. Drop the first column EXT BLOCK

df = df_drop(df_columns[O],axis:1) 1. Load the Red Wine Dataset by using pandas read_csv-function on wineQualityReds.csv
2. Drop the first column, which contains no information, other than the sample ID.

# 3. Split the target off 3. Split the dataset in the features X and the target y, which is the last column ('quality’)

X = df.drop('quality‘, axis=1 ).values 4. Split the data into a training set (80%) and a test set (20%). Use random_state=2009

y = np.asarray(df['quality'].values)
y = y.reshape(-1,1)

# 4. Train-test split
X train, X test, y_train, y_test = train_test_split(X, y, test_size = 0.2, random_state = 2009)

# 9. Make a small table with the difference between the| predicted|quality and the real value (the quality according to the
expert) for the first 10 training samples

foriin range(6):
print("y_test:", y_test][i]) print("y_test:", y_test][i], "best_pred:", best_pred]i])

y_test: [9]
y test: [5]
y test: [5] :

 test. [5] 4 points
y_test: [7]
y_test: [6]
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Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import math

# 6. Train three Support Vector Regressor models with three different kernels

kernel_names = ["linear", "poly", "rbf"]

lowest_test rmse = float('inf")
best k = None
best_model = None

for k in kernel_names:
model = ...
model.fit(...)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = ...

y test pred scaled = ...

# 8. Inverse the scaling transform for both prediction vectors

y_train_pred = ...

y test pred = ...
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from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt

import pandas as pd

import numpy as np

import math

6. Train three Support Vector Regressor models with three different kernels: "linear”, "poly" and "rbf"
7. Create the training and test prediction vectors for each of the models

# 6. Train three Support Vector Regressor models with three different kernels

kernel_names = ["linear", "poly", "rbf"]

lowest_test_rmse = float('inf")
best k = None
best model = None

for k in kernel_names:
model = ...
model fit(...)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = ...

y_test pred_scaled = ...

# 8. Inverse the scaling transform for both prediction vectors

y_train_pred = ...

y test pred = ...
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Mid-Term exam — Programming exercise

from sklearn.svm import SVR

6. Train three Support Vector Regressor models with three different kernels: "linear”, "poly" and|"rbf" |

# 6. Train three Support Vector Regressor models with three different kernels
kernel _names = ["linear", "pon",‘ "rbf"]l

for k in kernel_names:
model = ...
model.fit(...)

?sklearn.svm.SVR

Init signature:

sklearn.svm.SVR(
kernel="rbf",
degree=3,
gamma='scale’,
coef0=0.0,
tol=0.001,
C=1.0,
epsilon=0.1,
shrinking=True,
cache size=200,
verbose=False,
max_iter=-1,

18



Mid-Term exam — Programming exercise

from sklearn.svm import SVR

6. Train three Support Vector Regressor models with three different kernels: "linear”, "poly" and "rbf"

# 6. Train three Support Vector Regressor models with three different kernels

kernel_names = ["linear", "poly", "rbf"]

for k in kernel_names:
model = ...
model.fit(...)

?sklearn.svm.SVR

Docstring:
Epsilon-Support Vector Regression.

The free parameters in the model are C and epsilon.

The implementation is based on libsvm. The fit time complexity

is more than quadratic with the number of samples which makes it hard
to scale to datasets with more than a couple of 10000 samples| For large
datasets consider using :class: ~sklearn.svm.LinearSVR" or

:class: ~sklearn.linear_model. SGDRegressor’ instead, possibly after a
:class: ~sklearn.kernel_approximation.Nystroem' transformer or

other :ref:’kernel_approximation’.




Mid-Term exam — Programming exercise

from sklearn.svm import SVR

6. Train three Support Vector Regressor models with three different kernels: "linear”, "poly" and "rbf"

# 6. Train three Support Vector Regressor models with three different kernels

kernel_names = ["linear", "poly", "rbf"]

for k in kernel_names:
model = ...
model.fit(...)

?sklearn.svm.SVR

Examples

>>> from sklearn.svm import SVR

>>> from sklearn.pipeline import make_pipeline

>>> from sklearn.preprocessing import StandardScaler
>>> import numpy as np

>>>n_samples, n_features = 10, 5

>>> rng = np.random.RandomState(0)

>>> y = rng.randn(n_samples)

>>> X = rng.randn(n_samples, n_features)

>>> regr = make_pipeline(StandardScaler(), SVR(C=1.0, epsilon=0.2))
>>> regr.fit(X, y)

20



Mid-Term exam — Programming exercise

5. Train three Support Vector Regressor models with three different kernels

kernel_names = ["linear", "poly", "rbf"]

lowest_test rmse = float('inf")
best k = None
best _model = None

7. Create the training and test prediction vectors for each of the models

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train, y_train)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred = model.predict(X_train)
y test pred = model.predict(X_test)

# 9. Make a small table with the difference between the predicted quality and the real value (the quality according to the
expert) for the first 10 training samples

foriin range(6):
print("y_test:", y_test[i], " latest_pred :", y_test_pred]i]))

y_test: 5 latest_pred: 5.182566555468947
y test: 5 latest_pred: 8996882586567 _
y_test: 5 latest_pred]5,719128045873678 6 points
y test: 5 latest_pred: 5.189376835172094
y_test: 7 latest_pred]5.397303101524947
y_test: 6 latest_pred]5.081694933841861

21



Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt
import pandas as pd -
import numpy as np 5. Normalise thq selected featureq and the target using StandardScaler

import math

# 5. Normalise

X scaler = ...

X train_scaled = ...
X _test scaled = ...

?sklearn.preprocessing.StandardScaler

Examples

>>> from sklearn.preprocessing import StandardScaler
>>> data = [[0, 0], [0, 0], [1, 1], [1, 11]

>>> scaler = StandardScaler()

>>> print(scaler.fit(data))

StandardScaler()

>>> print(scaler.mean_)

[0.50.5]

>>> print(scaler.transform(data))



Mid-Term exam — Programming exercise

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error
import matplotlib.pyplot as plt
import pandas as pd - :
import numpy as np 5. Normalise thq selected featureq and the target using StandardScaler

import math

# 5. Normalise

X_scaler = StandardScaler()
X_scaler.fit(X_train)

X train_scaled = X_scaler.transform(X_train)
X test scaled = X _scaler.transform(X_test)



Mid-Term exam — Programming exercise

from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

5. Normalise thg selected feature$ and the target using StandardScaler

# 5. Normalise

X_scaler = StandardScaler()
X_scaler.fit(X_train)

X train_scaled = X_scaler.transform(X_train)
X test scaled = X _scaler.transform(X_test)

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train_scaled, y_train)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred = model.predict(X_train_scaled)
y_test_pred = model.predict(X test scaled)

# 10. For the 10 test samples, show the difference in prediction-value and the actual-value of the best model

foriin range(6):
print("y_test:", y_test[i], "latest_pred:", y test pred]i])

y test: 5 latest_pred: 4.87146606516193

y_test: 5 latest_pred: 4.707594359484559 _
y_test: 5 latest_pred] 5.2727363427796865 14 pomts
y_test: 5 latest_pred: 5.264084272409812
y test: 7 latest_pred] 7.023631826635567
y test: 6 latest_pred:|5.055762797414054

24



Mid-Term exam — Programming exercise

from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

5. Normalise the selected features and|the target using StandardScaler

# 5. Normalise

y_scaler = StandardScaler()
y train_scaled =y _scaler.fit_transform(y_train.reshape(-1, 1)).ravel()
y test scaled =y _scaler.transform(y_test.reshape(-1, 1)).ravel()

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train_scaled, y train_scaled)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = model.predict(X_train_scaled)

y_test pred_scaled = model.predict(X test scaled)

# 8. Inverse the_scaling transform for both prediction vectors

y_train_pred ¥ ...
y test pred = ...

# 10. For the 10 test samples, show the difference in prediction-value and the actual-value of the best model

for i in range(6):
print("y_test:", y_test[i], "latest_pred:", y_test pred]i])

25



Mid-Term exam — Programming exercise

from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

5. Normalise the selected features and|the target using StandardScaler

# 5. Normalise

y_scaler = StandardScaler()
y train_scaled =y _scaler.fit_transform(y_train.reshape(-1, 1)).ravel()
y test scaled =y _scaler.transform(y_test.reshape(-1, 1)).ravel()

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train_scaled, y train_scaled)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = model.predict(X_train_scaled)

y_test pred_scaled = model.predict(X test scaled)

# 8. Inverse the_scaling transform for both prediction vectors

y_train_pred ¥ ...
y test pred = ...

then rotating back into the original space. This return to the original feature space
can be done using the inverse_transform method. Here, we visualize the recon-
struction of some faces using 10, 50, 100, 500, or 2,000 components (Figure 3-11):

# 10. For the 10 test samples, show the difference in prediction-value and the actual-value of the best moc

for i in range(6):
print("y_test:", y_test][i], "latest_pred:", y_test pred]i])




Mid-Term exam — Programming exercise

from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

i 5. Normalise the selected features andjthe target using StandardScaler
# 5. Normalise

y_scaler = StandardScaler()
y train_scaled =y _scaler.fit_transform(y_train.reshape(-1, 1)).ravel()
y test scaled =y _scaler.transform(y_test.reshape(-1, 1)).ravel()

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train_scaled, y train_scaled)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = model.predict(X_train_scaled)

y_test pred_scaled = model.predict(X test scaled)

# 8. Inverse the_scaling transform for both prediction vectors

y_train_pred ¥ ... then rotating back into the original space. This return to the original feature space
y_test_pred = ... can be done using the inverse_transform method. Here, we visualize the recon-
struction of some faces using 10, 50, 100, 500, or 2,000 components (Figure 3-11):

dir(sklearn.preprocessing.StandardScaler)

fit',
'fit_transform’,

'inverse_transform’,

27



Mid-Term exam — Programming exercise

from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

i 5. Normalise the selected features andjthe target using StandardScaler
# 5. Normalise

y_scaler = StandardScaler()
y train_scaled =y _scaler.fit_transform(y_train.reshape(-1, 1)).ravel()
y test scaled =y _scaler.transform(y_test.reshape(-1, 1)).ravel()

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train_scaled, y train_scaled)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = model.predict(X_train_scaled)

y_test pred_scaled = model.predict(X test scaled)

# 8. Inverse the_scaling transform for both prediction vectors

y_train_pred ¥ ... then rotating back into the original space. This return to the original feature space
y_test_pred = ... can be done using the inverse_transform method. Here, we visualize the recon-
struction of some faces using 10, 50, 100, 500, or 2,000 components (Figure 3-11):

?sklearn.preprocessing.StandardScaler.inverse_transform

Signature: sklearn.preprocessing.StandardScaler.inverse_transform(self, X, copy=None)
Docstring:
Scale back the data to the original representation.

page 104
28



Mid-Term exam — Programming exercise

from sklearn.preprocessing import StandardScaler
from sklearn.svm import SVR

5. Normalise the selected features andjthe target using StandardScaler

# 5. Normalise

y_scaler = StandardScaler()
y train_scaled =y _scaler.fit_transform(y_train.reshape(-1, 1)).ravel()
y test scaled =y _scaler.transform(y_test.reshape(-1, 1)).ravel()

for k in kernel_names:
model = SVR(kernel = k)
model.fit(X_train_scaled, y train_scaled)

# 7. Create the training and test prediction vectors for each of the models
y_train_pred_scaled = model.predict(X_train_scaled)

y_test pred_scaled = model.predict(X test scaled)

# 8. Inverse the scaling transform for both prediction vectors

y_train_pred =y scaler.inverse_transform(y_train_pred_scaled.reshape(-1, 1))
y test pred =y scaler.inverse_transform(y_test pred scaled.reshape(-1, 1))

y_test: 5 latest_pred: 4.87146606516193

y test: 5 latest_pred: 4.707594359484559 .
y test: 5 latest_pred: 5.2727363427796865 9 pomts
y test: 5 latest_pred: 5.264084272409812
y_test: 7 latest_pred: 7.023631826635567
y_test: 6 latest_pred: 5.055762797414054

29



Mid-Term exam — Programming exercise

from sklearn.metrics import mean_squared_error

# 9. Calculate the MSE of the training set and the test-set for all three models.
train_rmse = ...

test rmse = ... 9. Calculate the]MSE pf the training set and the test-set for all three models.

10 points

if test_rmse < lowest_test rmse:
lowest test rmse = ...
lowest_training_rmse = ...
best k = ...
best_model = ...
best pred = ...

print
print
print
print

f"k — {k}")
"Root Mean Squared Error Train:", round(train_rmse, 5))
"Root Mean Squared Error Test:", round(test_rmse, 5))

)

.~ A~~~
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Number of results

o W o O N
.
}
'
'

Mid-Term exam

O Grade consist of both Theoretical & Programming part

from sklearn.” import MODEL

for min MODEL_VERSIONS:
model = MODEL (hyper_parameter = m)
model.fit(X_train)

y_train_pred = model.predict(X_train)
y test pred = model.predict(X_test)
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Introduction to Machine Learning

Classification
predicts class
or category of a
case

Regression/
estimation
predicts
continuous
values

L&

Clustering
groups
similar data
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Clustering

O Given training data, determine a pattern of associated data
points via their simularity of distance from each other.

Slide idea from Benjamin Bengfort
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Regression

. estimatea
" true function
* s
» .
¥ .I ] l. . =
l"l- & . "'.__x'
.I.- .-._ . : 'H.._ .
[ . el .,
.I‘ ‘
li.‘ - -
. .‘ ™ .
-
' o L
= . * -
™ X ™ .""-
. -
L] - . - 7
. * . e L .
L Yy
Paeawm— o
. .
L ]
- -

O Given training data predict the continues values
in between — the function between input and output

Slide idea from Benjamin Bengfort



Classification

O Given training data, fit a function that can determine for
any input, what the label 1s.

Slide idea from Benjamin Bengfort
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Supervised learning

. leaxn - Model.predict(

Feature Matrix (X)
n_features —

Regression

ples

«—— N_5am

Classification

O Regression & Classification

X ) —™ ¥y

Target Vector (y)

ples

~— n_sam

y; = real number (R)

y; = class (N)

Andreas C Miller &

Section 2.1
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Supervised learning

. leaxn - Model.predict( X ) —

Regression

Classification

y = f(X) with y = vector of floats

y = f(X) with y = vector of ‘integers’

y
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Supervised learning

. emn MOdel.prediCt( X ) —

3.2.1 Verdeling persoonlijk inkomen?), 2022* =
aantal personen (x 1000)
1000
750 /}\
500 /\J/\/
250 / /\_/_\/k
i
0 10 20 30 40 50 60 70 80 90 100
persoonlijk inkomen (1000 euro)
——— Totaal — Man Vrouw

1} Aantal personen per inkomensklasse met breedte van 2 000 euro.

Regression y = f(X) with y = vector of floats
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3.2.2 Samenstelling

I Werknemer
P Pensioenontvanger

Classification

Supervised learning

wn - Model.predict( X ) —

decielgroepen, 2022* =

Decielgroep persoonlijk inkomen

B Zelfstandige [ Uitkeringsontvanger
[ (school)kind of student

y = f(X) with y = vector of ‘integers’
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Supervised learning

-Model.predict( X ) — Yy

3.1.3 Samenstelling bruto-inkomen, 2022*

% van bruto-inkomen

100
80
60
40
20
0
Mannen Vrouwen
b
=
P Inkomen als werknemer I [nkomen als zelfstandige

| Uitkering inkomensverzekering I Uitkering sociale voorziening

[ Ontvangen partneralimentatie

Classification y = f(X) with y = vector of classes
no ordering. just index 40




Supervised learning

lecu - Model.predict( X ) —™ y

Classification y = f(X) with y = vector of classes
no ordering. just index 41




Classification

Supervised learning

- Model.predict( X ) —

=
o
-
2
=’ -Ill W inomenaiszelistandige 1

X

—
=
% -Ill [ Ontvangen partneralimentatie \/-
[1°]
-

y = f(X) with y = vector of classes
no ordering. just index

y
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Classification

[ k-Neighbours Classifier

O Logistic Regression

O Linear Support Vector Classifier

[ Naive Bayes Classifier

[ Decision Trees Classifier

[0 Random Forest Classifier

O Kernelized Support Vector Classifier
0 Multi Layer Perceptron Classifier
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Classification

O k-Neighbours Classifier

O Logistic Regression

O Linear Support Vector Classifier

[ Naive Bayes Classifier

O Decision Trees Classifier

0 Random Forest Classifier

O Kernelized Support Vector Classifier
O Multi Layer Perceptron Classifier
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Previously

k-NN for Regression
O 1-neighbor example

® training data/target test data * test prediction
3 I I T
I | |
I 1 1
I | |
1 1 1
2 | 1 1
I 1 @
1 1 1
| 1 1 o -
| 1 1
11 1 e | ™
| . | '*’ . ‘
| [ ] L] 1 Y
S ' o @ o . *_. . |
2 0 | | |
] [ 1 I
1@ ° 1 1
- | o - 1 1
I 1 1
-1 °® - 1 ° I 1
°. * 1 1
L ] 1 1
. g * I I
5 I 1 1
- ° 1 1 1
I | |
1 1 1
. | 1 1
' ' 1
_3 L T T T
3 -2 -1 0 1 2 3
Feature

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

k-NN for Regression
[ 3-neighbor example

® training data/target test data * test prediction
3 | T T
I I |
1 I [
| | |
| | I
2 1 [ 1
| I | g
1 I [
I I | . .
| .
11 @
: & : L ] ‘
: i e okl .
‘E’, 0 | ® @ @ "
o ' | :
@
L ° o " |
1 I 1
@
-1 " I ® I I
e l :
o
o
| | |
: . L
. | | |
° 1 | [
| | |
! ! !
_3 i L] T
-3 -2 -1 0 1 2 3
Feature

Andreas C. Miiller, Sarah Guido, ]
, O’Reilly Media, October 2016 5 e

Page 42-46
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Previously

k-NN for Regression
O Fitting a ‘line’

1 neighbor(s)

3 neighbor(s)
train score: 1.00 test score: 0.35

9 neighbor(s)
train score: 0.82 test score: 0.83 train score: 0.73 test score: 0.65
2 - 2. 2 =
A A
14 1 14
70' O T f"_“ 0 1 a—; D o
2 2 2
ke = =
=1 1 -1 1 -1 1
= Model predictions
=2 1 A Training data/target -2 1 -2
¥ Test datajtarget

-3 -2 -1 0 1 2 3
Feature

Feature Feature

30 training points = averaging over 9 neighbors

-> three independent values for a line

Andreas C. Miiller, Sarah Guido,
, O’Reilly Media, October 2016
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Simple model — version 1-NN

weight = neighbor_weight()

- Model check -

S regensburg_pediatric_appendicitis

100 - I
80 - 2 3 .'_. .
. -' > .. .\..
8 oo °* .o..'
* —-.-.‘. L Y
. . . 3 r o @ oS ee
60 - *s 2 ™ e, .y
e ,--- LR * '« IR
: . e e
. !’J‘* h;}’ .-M
. . ‘tsn ..'0} -.o‘ o’. =o:‘:
TR K
40 ',-,.:'--!" ‘5...'}.-5
k :‘"x’*d r
o AT
20 - :,"‘;... L
. .'Mi . -1. " *
ere’t
0- T T T T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

0775 datapoints = 584 training values & 195 test values
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Back to Textbook

k-NN for Classification
O Artificial forge-dataset
O (2 clusters of datapoints, with two outliers)

A
o A A A
A A A A
41 ® . %
= =
x o
& ®
1) ® L]
1 3]
& o0 L ® cClasso
[ ] A Class1
—1 A

T T T T T T T T T
8.0 8.5 9.0 9.5 10.0 10.5 11.0 115 12.0
First feature

X1
Andreas C. Miiller, Sarah Guido,
, O’Reilly Media, October 2016




Back to Textbook

k-NN for Classification
O Artificial forge-dataset
O (2 clusters of datapoints, with two outliers)

A
o A A A
A A A A
41 ® * %
Xo 5 o
x o
% .. ® L]
1- 2 y
& o0 ® @ ciasso /
[ ] A Class1
—1 A

T T T T T T T T T
8.0 8.5 9.0 9.5 10.0 10.5 11.0 115 12.0

First feature
X1

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




Back to Textbook

k-NN for Classification
O Artificial forge-dataset
O (2 clusters of datapoints, with two outliers)

A
o A A A
A A A A
41 ® . %
Xo 5 o
5 2 o
o ®
O & class O || 1
1 2
& eo® ® @ casso /
[ ] A Class1
—1 A

T T T T T T T T T
8.0 8.5 9.0 9.5 10.0 10.5 11.0 115 12.0

First feature
X1

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




Back to Textbook

k-NN for Classification

O Artificial forge-dataset
O (2 clusters of datapoints, with two outliers)

T 2.00
T 1.75

t1so class O || 1

I L.25 R
I 1.00

- 0.75 y
T 0.50
" 025
- 0.00

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




Back to Textbook

k-NN for Classification
O One-nearest-neighbor

;F

| A
51 A A

training class 0
training class 1

®
D@

test pred 0
2 ° ® test pred 1
o ¢ o
1- ®
o /
eo®

! I ! I ! I I I
8.0 8.5 9.0 9.5 10.0 10.5 11.0 11.5 12.0

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

Section 2.3.2
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Back to Textbook

k-NN for Classification
O Three-nearest-neighbors

A
s{ 5 A LA A
A A
4 -
3 @ training class 0
o A training class 1
% testpred0
4 ¥ testpredl
® e
L
l -
ﬂ_
e®
@
_l -

! ! ! ! ! ! ! !
8.0 8.5 9.0 9.5 10.0 10.5 11.0 11.5

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

!
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Back to Textbook

k-NN for Classification

[ Decision-boundaries

1 neighbor(s) 3 neighbor(s)

feature 1
feature 1

® o
A 1

feature 0 feature 0

Plot for all datapoints (no training test split)

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

feature 1

9 neighbor(s)

feature 0

Introduction to”" |
Machine =
Learning
with Python
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Back to Textbook

Classification as binary decision

O Predicted (Regression) value above threshold -> class 1
O Predicted (Regression) value below threshold -> class 0

T 2.00
T 1.75

t1so class O || 1

I L.25 A
I 1.00

- 0.75 y
T 0.50
" 025
- 0.00

Andreas C. Miiller, Sarah Guido,
, O’Reilly Media, October 2016
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Back to Textbook

k-NN for Classification
0 Hyperparameter tuning of # neighbors

100 1 = training accuracy
- test accuracy
0.98 4
0.96 1
-~
g
o 0.94 - Bl
- ¢
0.92 4
0.90 1

2 - 6 8 10
n_neighbors

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




Realistic dataset

[ Iris dataset

— \3_ n ¥ —
: =3 Lo 2N &
¢ weo | R &
- .l DL
.I{“—C? ™ - o 1: 5 N
F‘N ™ (| A ,
| SRS e 2
L helioNg ;
b :
: %o a
2 t
| T
XY A

Fig. 1. Localities at which . versicolor and J. virgindcs have been studied.

Anderson, E. (1928)
L. Annals of the Missouri Botanical Garden, 15(3), 241-332. Section 1.7

58



Realistic dataset

Petal
width

Iris virginica
| Sepal |
length | width

Sepal

Petal
length

Table I

ersi
Petal | Petal
| length | width

Irig v
Sepal |

I

length | width

Sepal

Petal

width

Petal
length

Iris setosa

Se

D G e O = OF A5 D D 09 G LD 00 00 G k- KR

mommnedRRaammhnmdnnmamans

length | width

Sepal

[ Iris dataset

['feature_names'])

iris_dataset

()

print("Feature names:\n",

['sepal length (cm)', 'sepal width (cm)’,

'petal length (cm)', 'petal width (cm)']

from sklearn.datasets import load_iris
iris_dataset = load_iris

Annual Eugenics, 7, Part I, 179-188 (1936).

Fisher, R.A. “
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Realistic dataset

[ Iris dataset

I I ‘ I Meane: and two-thirds
L ] [T [ ] weighted mean
] Iris versicolor

[ ]

i1} 20 25 a0

Fris setosa L
Iris virginica

L1117

OREILLY

H | il i 1

I T T I 1 I i | I i

-0 -5 -0 -5 0 & W 16 20 25 30 35 40 45 60 55
Fig. 1. Frequency histograms of the discriminating linear function, for three species of Iris. with Python
FlSher, RA “ ”’ = Andreas C. Mifler & Sarah Guido
Annual Eugenics, 7, Part Il, 179-188 (1936). Section 1.7
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Realistic dataset

[ Iris dataset

Iris Setosa, Versicolor and Virginica

from sklearn.datasets import load_iris
iris_dataset = load_iris() oreLr

print("Target names:", iris_dataset['target_names'])

Target names: ['setosa’ 'versicolor' 'virginica']

with Python

-
=

Antony Unwin, Kim Kleinman,
Significance, Volume 18, Issue 6, December 2021, Pages 26—29

Andreas C. Miller & Sarah Guido

Section 1.7
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Realistic dataset

[ Iris dataset

from sklearn.datasets import load_iris
iris_dataset = load_iris()

print("Target:\n", iris_dataset['target'])

sepal length (cm)

sepal width (cm)

petal width (cm)

Target:

[(0000000000O0O0O0OOO0O0OOOOOOOO0OOOOOOOGOOOO
ooooo00000000001T1111111111111111111
111111111111 111111111111111111222222
222222222222222222222222222222222222

22222222]

- ~
sepal length (cm)

o
~N

- m
sepal width {cm)

L N :. .. {::. ;;:..
CE AL SRR L LPR Y
® ® '.ols.o!’. = ’ *. :'o 2*
® 'I! ° ks $ ]
2" Y [t
... .. .I ® . % .= XP... . : .
ot g ol b 3 - opiles
32 o : :;
L A L 4 . 93
. é:ﬂ{::" . .:.::':532". i"!';'..
..w.o‘ » ’l‘:"..l' e o
R R b
'. ... ® :... .~.'

-
petal length (cm)

Iris Setosa, Versicolor and

" ) w o v
o

petal width (cm)
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Realistic dataset

[ Iris dataset

from matplotlib.colors import ListedColormap
cm3 = ListedColormap(['#0000aa’, '#ff2020', '#50ff50°])

features = iris.data.T

plt.scatter(features[0], features[1], alpha=0.2,
s=100*features[3], c=iris.target, cmap=cm3)

plt.xlabel(iris.feature_names[0])

plt.ylabel(iris.feature_names[1]);

45

40

[9%]
wn
&=
i

L
=
i

sepal width (cm)

2.9

20
45 5.0 5.5

Iris Setosa, Versicolor and

6.0 6.5
sepal length (cm)

10

OREILLY

Page 236
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Realistic dataset

[ Iris dataset

Iris Setosa, Versicolor and Virginica

X train, X test, y train, y test = train_test_split(
iris_dataset['data'], iris_dataset['target'], random_state=0)

knn = KNeighborsClassifier(n_neighbors=1)

Introduction to”*

knn.fit(X_train, y_train) Machine =
Learning
print("Test set score: {:.2f}" format(knn.score(X_test, y_test))) with Python

-
=

Andreas C. Miller & Sarah Guido

Test set score: 0.97

Section 1.7
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Realistic dataset

[ Iris dataset

Sepal—

knn = KNeighborsClassifier(n_neighbors=n_neighbors)
knn.fit(X_train[:,[0,1]], y_train)

accuracy = knn.score(X_test[;,[0,1]], y_test)))

print("Test set score: {:.2f}".format(accuracy))

sepal width (cm)

sepal length (cm)

sepal width (cm)

Iris Setosa, Versicolor and

1 neighbor(s)

sepal length (em)

Test set score: 0.74

sepal width (cm)

3 neighbor(s)

sepal length (cm)

Test set score: 0.68
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Realistic dataset

[ Iris dataset

Petal —

knn = KNeighborsClassifier(n_neighbors=n_neighbors)
knn.fit(X_train[:,[2,3]], y_train)

accuracy = knn.score(X_test[:,[2,3]], y_test)))

print("Test set score: {:.2f}".format(accuracy))

~ - ™ - -~

Iris Setosa, Versicolor and

1 neighbor(s)

petal width {(cm)

petal length (cm)

Test set score: 0.97

petal width (cm)

3 neighbor(s)

petal length (cm)

Test set score: 0.97
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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
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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

O 2.3.2 k-Nearest Neighbors

O Strengths:
» Easy to understand
» Main tuning parameter (# neighbours)
O Weakness:
= Slow
» Scale dependent (pre-processing required)
» Bad for sparse-datasets

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

Learning outcomes of this course covered today

[0 Many Regression algorithms have a Classification
counterpart
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