Applied Machine Learning

Decision Trees for Regression
BSc course Informatiekunde 2026

Arnoud Visser
Intelligent Robotics Lab & Computer Vision Lab

Informatics Institute
Universiteit van Amsterdam

lllustrations courtesy of Maarten Marx, Sarah Guido, Yolanda Hagar,
and many others.

g
s

Section 2, page 82



Regression for multiple features
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A dataset has typical more features

O Multiple features, one prediction y
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Reduce weights with Lasso
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Polynomial weights w;
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If there is a group of highly correlated variables,
selects one variable from a group and ignore the others



L.asso for Feature Selection

Polynomial weights w;

Linear model with 21 features
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Lets create an artificial dataset with 3 ‘informative’ features.



L.asso for Feature Selection

Lets create an artificial dataset with 3 ‘informative’ features.

Linear model with 21 features
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from sklearn.datasets import make_regression
X, y, ideal_coef = make_regression(n_samples=100, n_features@n_informativoise=10, random_state=69, coef=True)

# Get the ideal predictions based on the informative coefficients used in the regression model
ideal_predictions = X @ ideal_coef

# Split the dataset into training and testing sets
X train, X test, y train, y _test, ideal _train, ideal test = train_test_split(X, y, ideal_predictions, test_size=0.3, random_state=69)



L.asso for Feature Selection

Lets make a prediction.

Linear Regression

Ridge Regression

Lasso Regression
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lasso = Lasso(alpha=0.1)
ridge = Ridge(alpha=1.0)
linear = LinearRegression()

# Fit the models

lasso.fit(X_train, y_train)
ridge.fit(X_train, y_train)
linear.fit(X _train, y_train)

# Predict on the test set
y_pred_linear = linear.predict(X_test)
y_pred_ridge = ridge.predict(X_test)
y_pred_lasso = lasso.predict(X_test)
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L.asso for Feature Selection

All three informative features found

Comparison of Model Coefficients

70
@ Ideal

HEl L|inear Regression
60 - HEEl Ridge Regression
N | asso Regression

50

Coefficient value
[7¥) o+
[=] (=]

%)
=]

10 4

0 .ﬁ.-ﬁ.-F! .n.—o—-e—ﬁ.a.-s-- !—e - — W=

(I) lll)
Feature Index
# Model coefficients
linear_coeff = linear.coef _
ridge_coeff = ridge.coef _
lasso_coeff = lasso.coef

# Plot the coefficients

plt.scatter(x_axis, ideal_coef, label="ldeal', color="blue', ec='k', alpha=0.4)
plt.bar(x_axis - 0.25, linear_coeff, width=0.25, label='Linear Regression', color="blue’)
plt.bar(x_axis, ridge_coeff, width=0.25, label='"Ridge Regression', color='green’)
plt.bar(x_axis + 0.25, lasso_coeff, width=0.25, label='Lasso Regression', color="red')



L.asso for Feature Selection

Scale up a bit.

ets create an artificial dataset with 10 ‘informative’ features.

Linear model with 100 features
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from sklearn.datasets import make_regression

X, y, ideal_coef = make_regression(n_samples=100, n_features n_informativenoise=10, random_state=42,
coef=True)

# Get the ideal predictions based on the informative coefficients used in the regression model
ideal_predictions = X @ ideal_coef

# Split the dataset into training and testing sets
X train, X_test, y_train, y_test, ideal_train, ideal_test = train_test_split(X, y, ideal_predictions, test_size=0.3, random_state=42)



Predicted

L.asso for Feature Selection

Lets make another prediction.

Linear Regression

Ridge Regression

Lasso Regression
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lasso = Lasso(alpha=0.1)
ridge = Ridge(alpha=1.0)
linear = LinearRegression()

# Fit the models

lasso.fit(X_train, y_train)
ridge.fit(X_train, y_train)
linear.fit(X _train, y_train)

# Predict on the test set
y_pred_linear = linear.predict(X_test)
y_pred_ridge = ridge.predict(X_test)
y_pred_lasso = lasso.predict(X_test)
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L.asso for Feature Selection

All 10 informative features found by Lasso

Comparison of Model Coefficients
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# Model coefficients

linear_coeff = linear.coef _

ridge_coeff = ridge.coef _

lasso_coeff = lasso.coef

# Plot the coefficients

plt.scatter(x_axis, ideal_coef, label="ldeal', color="blue', ec='k', alpha=0.4)
plt.bar(x_axis - 0.25, linear_coeff, width=0.25, label='Linear Regression', color="blue’)
plt.bar(x_axis, ridge_coeff, width=0.25, label='"Ridge Regression', color='green’)
plt.bar(x_axis + 0.25, lasso_coeff, width=0.25, label='Lasso Regression', color="red')



Predicted
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L.asso for Feature Selection

Selecting the ‘informative’ helps in the prediction.

Linear Regression

Ridge Regression
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P -~ L]
® - -~ <
/,' ] ) b . ’“'
- 4 - 4 l'
) j A
L -~ ° L] L ° o ¥
. . ’f’. L] o ’
il 1 3 . 1 o7
i " ¢.., L4 P ’.f ‘,.
L ] - el -
g L] LAY o
/’f & | l"’ 4 | ,’a
» : . . HE . e
s . S. o
e ° e e ® @ * xe
™ 1 e o?
il g A *
e ’f’ L] ’t’
’,I . ’f,l . "”’
[ ] b L] 1
~200 -100 0 100 200 -200 100 0 100 200 —200 -100 0 100 200
Actual Actual Actual
Comparison of Model Coefficient Residuals
25 4 —— Lasso Regression
EE |inear Regression
HEEE Ridge Regression
20
159
@
% 10 1
>
L
=
F]
= 5
=
v
: I
0 1 ok T | I T
_5 -
_10 -
T T T T T T T T T T
0 10 20 30 40 50 60 70 80 90

Feature Index

12



L.asso for Feature Selection

Select the 10 largest features found by Lasso

Comparison of Model Coefficients
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threshold = 5 # selected by inspection of model coefficient plot

# Create a dataframe containing the Lasso model and ideal coefficients

feature_importance_df = pd.DataFrame({

'Lasso Coefficient': lasso_coeff,
'ldeal Coefficient': ideal_coef})

# Mark the selected features
feature_importance_df['Feature Selected'] = feature_importance_df['Lasso Coefficient'].abs() > threshold

important_features = feature_importance_df[feature_importance_df['Feature Selected']].index



L.asso for Feature Selection

Give Lasso’s 10 largest features found to Linear and Ridge

# Filter features
X filtered = X[:, important_features]

# 10 features instead of 100

X _train, X_test, y _train, y_test, ideal_train, ideal_test = train_test_split(X_filtered, y, ideal_predictions, test _size=0.3, random_state=42)

# Fit the models

lasso.fit(X_train, y_train)
ridge.fit(X_train, y_train)
linear.fit(X_train, y_train)

# Predict on the test set
y_pred_linear = linear.predict(X_test)
y_pred_ridge = ridge.predict(X_test)
y_pred_lasso = lasso.predict(X_test)

Linear Regression

Selecting the ‘informative’ helps in the prediction.

Ridge Regression

Lasso Regression
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Decision Trees don’t need Feature Selection

D=cesnn Tree Reggressan Sandorm Fonest Regresson Losso Regresseon

Still, for this scenario still Lasso’s outperformes Decision Trees & Random Forest
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Expert Knowledge

Chapter 4, page 250
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Decision Trees don’t need Feature Selection

from sklearn.ensemble import RandomForestRegressor e
from sklearn.datasets import make_regression
X,y = make_regression(n_features=4, n_informative=2,

random_state=0, shuffle=False)

regr = RandomForestRegressor(max_depth=2, random_state=0)
regr.fit(X, y)

Decesan Tres Rsgeession Random foress Regressmwan Laz=n Regressan

SITLE Sl

Still, for this scenario still Lasso’s outperformes Decision Trees & Random Forest |



Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor 5
from sklearn.datasets import load_diabetes . eemn
X,y = load_diabetes(return_X_ y=True)

X_train, X test, y train, y test=train_test split(X, y, test size=0.3, random_state=42)

regr = DecisionTreeRegressor()
regr.fit(X_train, y_train)
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Lasso’s reduces variance more than Decision Trees & Random Forest



Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree

regr = DecisionTreeRegressor()
regr-fit(X_train, y_train)
plot_tree(regr)

.Kewm

Without max_depth, the algorithm
continues until all leaves have
a minimal # of samples
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Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree

regr = DecisionTreeRegressor(max_depth=8)
regr.fit(X_train, y_train)
plot_tree(regr)

.ﬂewm

With max_depth=8,
the tree is more balanced
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Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree . eewut
regr = DecisionTreeRegressor(max_depth=6)

regr.fit(X_train, y_train)
plot_tree(regr)

/\ With max_depth=6,
ﬂ /z\ the results further improve
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Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree . eewut
regr = DecisionTreeRegressor(max_depth=4)

regr.fit(X_train, y_train)
plot_tree(regr)

With max_depth=4,
/:\ the tree is even more balanced
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Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree . eewut
regr = DecisionTreeRegressor(max_depth=3)

regr.fit(X_train, y_train)
plot_tree(regr)

With max_depth=3,

\\ no much progress here
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Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree . emn
regr = DecisionTreeRegressor(max_depth=2)

regr.fit(X_train, y_train)
plot_tree(regr)

- Without max_depth=2,
/\ the tree is even more balanced
-"l:rrh::l '3 -:.:ujl-b- 316 -\.-:-\..'.':lllrrl\-'.ll-:ll I:r:;..:!-:-b il -]
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Decision Trees don’t need Feature Selection

from sklearn.tree import DecisionTreeRegressor
from sklearn.tree import plot_tree . eewut
regr = DecisionTreeRegressor(max_depth=1)

regr.fit(X_train, y_train)
plot_tree(regr)

x[2] <= 0.005 Without max_depth=1,
squared_error = 6148 282 i ..

Sariples = 00 the first split is the same
- LV 'YE_E as for the top of depth=2 tree

squared_error = 3636.316 | squared_error = 5295.789
samples = 183 samples = 126
value = 118.355 value = 205.532




Decision Tree Predictions
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Decision Tree Predictions
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How does it work

O The training samples are split in two starting from
the root of the decision tree

ll Data ‘

}"/\(u

Left Node Right Node

O The split should reduce the variance
in the two sub-sets of the samples

O The prediction is the mean of the samples in the

sub-set
Courtesy Joseph Santarcangelo & Jeff Grossman
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How does it work

O The training samples arein two starting from

the root of the decision tree
VB

x[2] == 0.0

squared error =\gT#§
samples—={309
value < 1537963

Trly \%ISE
squared_error 319 | squared_error 789
samples samples =
value 5118 value ¥ 205

O The split should reduce the variance @

in the two sub-sets of the samples

I The prediction is th the samples 5 = %z Vi

1n the sub-set
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Splitting criterion

[ Using the mean squared error as measure

for variance

f

Low Variance
High Variance

1% N
MSE == (- 9)
i=1

1 The blue subset has a lower variance than

the green subset

Courtesy Joseph Santarcangelo & Jeff Grossman
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Iterate and try different Splits

O The weighted average of both MSEs has to be
minimized
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High Variance

1
MSE 4 = N (Niefe * MSEjort + Nyjgne * MSErigp )

Courtesy Joseph Santarcangelo & Jeff Grossman
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Iterate and try different Splits

O The weighted average of both MSEs has to be
minimized

x[2] <= 0.005
squared error = 6148.282
samples = 309
value = 153.903

TrLV YBE
squared _error € 2636.310 | squared_error 5.789
samples = samples
value = 1187355 value = 205753

MSEasg = g Giegd (MSEiegy+ Grug DxMSErigny)



Iterate over each feature

Calculate MSE for left
and right nodules

For each trial

split of each

remaining /
feature:

r
\ Iterate and try different Split

Calculate weighted
average of MSEs

Courtesy Joseph Santarcangelo & Jeff Grossman

"\ Select split with

smallest value
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Random Forest

Data
Base Base Base
learner learner learner
@ el a
Improved
learner

O Random Forest combines multiple Decisions Trees

as base learners
Courtesy Joseph Santarcangelo & Jeff Grossman



Random Forest

Data
Base Base Base
learner learner learner
@ el ..
Improved
learner

O The bias and variance can be easily adjusted for

Decisions Trees by varying their tree depth
Courtesy Joseph Santarcangelo & Jeff Grossman



Random Forest

Data

- /u\ - /”\ - /\ /\ O i A TA AT

Improved
learner

O The bias and variance can be easily adjusted for

Decisions Trees by varying their tree depth
Courtesy Joseph Santarcangelo & Jeff Grossman
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Random Forest

SVM models trained on independent training data samples

e Data

- Model 1
—— Model 2
—— Model 3

15 4 °

1.0 - Model 4
Model 5

Model 6

=0.5 1

0 1 2 3 4 5
Feature

0 Many ‘weak’ learners can together become a

‘strong’ learners
Courtesy Joseph Santarcangelo & Jeff Grossman
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Expert Knowledge

Chapter 4, page 250
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What is good model?

] Balance

Theoretical bias-variance tradeoff

— Bilas”™2

- Variance

--=- Total error
Irreducible error

S -
D | Underfitting \_ " s Overfitting
.
Model complexity
E—) <
Feature Engineering Generalization

Courtesy Joseph Santarcangelo & Jeff Grossman
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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

0 2.3.5 Decision Trees

O Strengths:
» Easy to visualize and interpret

» Complexity 1s invariant to the scale of features,
no preprocessing 1s needed

[0 Weakness:

» Easy to overfit and poor generalization

Andreas C. Miiller, Sarah Guido,
, O’Reilly Media, October 2016
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Introduction to Machine Learning

0 2.3.5 Decision Trees
0 2.3.6 Ensembles of Decision Trees

O Strengths:
» Easy to visualize and interpret

» Complexity 1s invariant to the scale of features,
no preprocessing 1s needed

[0 Weakness:

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

Learning outcomes of this course covered today

0 Ensembles can combine multiple ‘weak’ learning models
to build a ‘strong’ learning model

O Aggregate multiple models to reduce model variance

SVM models trained on independent training data samples

. o Data

Model 1
—— Model 2
— Model 3
—— Model 4

_ —— Model 5
*gjﬂ o —— Model 6
@ /

[_

Feature
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