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Learning Objectives

• Describe Logistic regression and how it differs from linear 
regression

• Identify metrics for classification errors and scenarios in 
which they can be used

• Apply Intel® Extension for Scikit-learn* to leverage 

underlying compute capabilities of hardware

•

https://intel.github.io/scikit-learn-intelex/
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Linear Regression for Classification?
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Linear Regression for Classification?
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Linear Regression for Classification?
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What is this Function?
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The Decision Boundary
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Relationship of Logistic to Linear Regression
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Relationship of Logistic to Linear Regression
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Classification with Logistic Regression
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Import the class containing the classification method

from sklearn.linear_model import LogisticRegression

To use the Intel® Extension for Scikit-learn* variant of this algorithm:

• Install Intel® oneAPI AI Analytics Toolkit (AI Kit)

• Add the following two lines of code after the code above:

from sklearnex import patch_sklearn
patch_sklearn()

Logistic Regression: The Syntax

https://software.intel.com/content/www/us/en/develop/tools/oneapi/ai-analytics-toolkit.html#gs.c02kwc


Import the class containing the classification method

from sklearn.linear_model import LogisticRegression

Create an instance of the class

LR = LogisticRegression(penalty='l2', c=10.0)

Fit the instance on the data and then predict the expected value

LR = LR.fit(X_train, y_train)

y_predict = LR.predict(X_test)

Tune regularization parameters with cross-validation: LogisticRegressionCV.

Logistic Regression: The Syntax
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Import the class containing the classification method

from sklearn.linear_model import LogisticRegression

Create an instance of the class

LR = LogisticRegression(penalty='l2', c=10.0)

Fit the instance on the data and then predict the expected value

LR = LR.fit(X_train, y_train)
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Import the class containing the classification method

from sklearn.linear_model import LogisticRegression

Create an instance of the class
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Logistic Regression: The Syntax

Import the class containing the classification method

from sklearn.linear_model import LogisticRegression

Create an instance of the class

LR = LogisticRegression(penalty='l2', c=10.0)

Fit the instance on the data and then predict the expected value

LR = LR.fit(X_train, y_train)

y_predict = LR.predict(X_test)

Tune regularization parameters with cross-validation: LogisticRegressionCV.





Classification Error Metrics



• You are asked to build a classifier for leukemia

• Training data: 1% patients with leukemia, 99% healthy

• Measure accuracy: total % of predictions that are correct

Choosing the Right Error Measurement



• You are asked to build a classifier for leukemia

• Training data: 1% patients with leukemia, 99% healthy

• Measure accuracy: total % of predictions that are correct

• Build a simple model that always predicts "healthy"

• Accuracy will be 99%...

Choosing the Right Error Measurement
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Measures total area under ROC curve
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Multiple Class Error Metrics

Accuracy =
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Multiple Class Error Metrics
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Import the desired error function

from sklearn.metrics import accuracy_score

Classification Error Metrics: The Syntax



Import the desired error function

from sklearn.metrics import accuracy_score

Calculate the error on the test and predicted data sets

accuracy_value = accuracy_score(y_test, y_pred)

Classification Error Metrics: The Syntax



Import the desired error function

from sklearn.metrics import accuracy_score

Calculate the error on the test and predicted data sets

accuracy_value = accuracy_score(y_test, y_pred)

Lots of other error metrics and diagnostic tools:

from sklearn.metrics import precision_score, recall_score,  

f1_score, roc_auc_score,       

confusion_matrix, roc_curve, 

precision_recall_curve

Classification Error Metrics: The Syntax




