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L ogisticRegression 0| A

org.apache.spark.ml.classification.LogisticRegression

val training = spark.read.format("libsvm").load("data/mllib/sample_libsvm_data.txt")

val lr LogisticRegression()
. setMaxIter(10)
. setRegParam(0.3)
.setElasticNetParam(0.8)

val lrModel = lr.fit(training)

println(s"Coefficients: ${1lrModel.coefficients} Intercept: ${1lrModel.intercept}")
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Python Machine Learning

Unlock deeper insights into machine learning with this vital guide
to cutting-edge predictive analytics

Foreword by Dr. Randal S. Olson
Artificial Intelligence and Machine Learning Researcher, University of Pennsylvania
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Python 2 =& 0|&

SCiki'l'-learn(since 200'1) ® Watch~v 1,405 W Star 13,933 ¥ Fork 7,976
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Sparke| ML Pipeline 7HEZ scikit-learnO| Al 7} =24

Main concepts in Pipelines Spark ML A &

MLIib standardizes APIs for machine learning algorithms to make it easier to combine multiple algorithms into a single pipeline,
or ro. This section covers the key concepts introduced by the Pipelines API, where the pipeline concept is mostly

DataFrame coug

e Transformer: A Transformer is an algorithm which can transform one DataF rame into another DataF rame. E.g., an ML
model is a Transformer which transforms a DataFrame with features into a DataFrame with predictions.

e Estimator: An Estimator is an algorithm which can be fit on a DataFrame to produce a Transformer. E.g., a learning
algorithm is an Estimator which trains on a DataFrame and produces a model.

e Pipeline: A Pipeline chains multiple Transformers and Estimators together to specify an ML workflow.
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E Accuracy | F1-measure | Precision Recall

Logistic 0.827 0.782 0.760 0.804

Regression
Random 0 871 0.823 0.778
Forest I Y
Naive Bayes 0927 0 904 0.956
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E Accuracy | F1-measure | Precision Recall

0922 0904 0858 0.956
0922 0903 0856 0.955

P 0.903 0.882 0.824 | 0.949
BIMN 0932 0913 0886 | 0.942
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