

    
      
          
            
  


Hi-LASSO in pyspark

Hi-LASSO_Spark(High-Demensinal LASSO Spark) is to improve the LASSO solutions for extremely high-dimensional data using pyspark.

PySpark is the Python API written in python to support Apache Spark.
Apache Spark is a distributed framework that can handle Big Data analysis.
Spark is basically a computational engine, that works with huge sets of data by processing them in parallel and batch systems.
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What is Hi-LASSO?

Hi-LASSO(High-Dimensional LASSO) can theoretically improves a LASSO model providing better performance of both prediction and feature selection on extremely high-dimensional data. Hi-LASSO alleviates bias introduced from bootstrapping, refines importance scores, improves the performance taking advantage of global oracle property, provides a statistical strategy to determine the number of bootstrapping, and allows tests of significance for feature selection with appropriate distribution. In Hi-LASSO will be applied to use the pool of the python library to process parallel multiprocessing to reduce the time required for the model.



Credit

Hi-LASSO was primarily developed by Dr. Youngsoon Kim, with significant contributions and suggestions by Dr. Joongyang Park, Dr. Mingon Kang, and many others. The pyspark package was developed by Seungha Jeong. Initial supervision for the project was provided by Dr. Mingon Kang.

Development of Hi-LASSO is carried out in the DataX lab [http://dataxlab.org/index.php] lab at University of Nevada, Las Vegas (UNLV).

If you use Hi-LASSO in your research, generally it is appropriate to cite the following paper: Y. Kim, J. Hao, T. Mallavarapu, J. Park and M. Kang, “Hi-LASSO: High-Dimensional LASSO,” in IEEE Access, vol. 7, pp. 44562-44573, 2019, doi: 10.1109/ACCESS.2019.2909071.




          

      

      

    

  

    
      
          
            
  


Installation guide


Dependencies

Hi-LASSO-spark support Python 3.6+, Additionally, you will need numpy, scipy, and glmnet.



Installing pyspark

To run Hi-LASSO-spark, you need to install a pyspark.
In the prompt environment, run the following installation and update:

pip install pyspark





After installing pyspark, it will be installed with 2.4.6 version.
To run Hi-LASSO-spark, you must upgrade to version 3.0.0.:

pip install pyspark --upgrade





After the upgrade, 3.0.0 version is executed.



Installing Hi-LASSO-spark

Hi-LASSO-spark is available through PyPI and can easily be installed with a
pip install:

pip install hi_lasso_spark





The PyPI version is updated regularly, however for the latest update, you
should clone from GitHub and install it directly:

git clone https://github.com/datax-lab/Hi_Lasso_spark.git
cd hi_lasso_spark
python setup.py







Installation error

If the glmnet packages failed, you can try a follow solutions.

error: extension '_glmnet' has Fortran sources but no Fortran compiler found





You should install anaconda3 and then install conda fortran-compiler.


	anaconda3 [https://www.anaconda.com/products/individual]


	fortran compiler [https://anaconda.org/conda-forge/fortran-compiler/]




error: Microsoft Visual C++ 14.0 is required. Get it with "Build Tools for Visual Studio": https://visualstudio.microsoft.com/downloads/





You need to install Microsoft Visual C++ 14.0.


	reference [https://stackoverflow.com/questions/44951456/pip-error-microsoft-visual-c-14-0-is-required/44953739]








          

      

      

    

  

    
      
          
            
  


API Reference


Hi-LASSO_spark model


	
class hi_lasso_spark.Hi_LASSO_spark.HiLASSO_Spark(X, y, X_test='auto', y_test='auto', alpha=0.05, q1='auto', q2='auto', L=30, cv=5, node='auto', logistic=False)[source]

	Bases: object

Hi-LASSO_Spark(High-Demensinal LASSO Spark) is to improve the LASSO solutions for extremely high-dimensional data using pyspark.

PySpark is the Python API written in python to support Apache Spark.
Apache Spark is a distributed framework that can handle Big Data analysis.
Spark is basically a computational engine, that works with huge sets of data by processing them in parallel and batch systems.

The main contributions of Hi-LASSO are as following:


	Rectifying systematic bias introduced by bootstrapping.


	Refining the computation for importance scores.


	Providing a statistical strategy to determine the number of bootstrapping.


	Taking advantage of global oracle property.


	Allowing tests of significance for feature selection with appropriate distribution.





	Parameters

	
	X (array-like of shape (n_sample, n_feature)) – predictor variables


	y (array-like of shape (n_sample,)) – response variables


	q1 ('auto' or int, optional [default = 'auto']) – The number of predictors to randomly selecting in Procedure 1.
When to set ‘auto’, use q1 as number of samples.


	q2 ('auto' or int, optional [default = 'auto']) – The number of predictors to randomly selecting in Procedure 2.
When to set ‘auto’, use q2 as number of samples.


	L (int [default=30]) – The expected value at least how many times a predictor is selected in a bootstrapping.


	alpha (float [default=0.05]) – significance level used for significance test for feature selection


	node (Node refers to node which runs the application code in the cluster.) – If you do not specify the number of nodes, the 8 nodes are automatically set to the default node.






	Variables

	
	n (int) – number of samples.


	p (int) – number of features.








Examples

>>> from Hi_LASSO_spark_fin import HiLASSO_Spark
>>> model = HiLASSO_Spark(X, y)
>>> model.fit()





>>> model.coef_
>>> model.p_values_
>>> model.selected_var_






	
Calculate_p_value(coef_result)[source]

	Compute p-values of each predictor for Statistical Test of Variable Selection.






	
Estimate_coefficient_Adaptive(value)[source]

	Estimation of coefficients for each bootstrap sample using Adaptive_LASSO


	Returns

	coef_result



	Return type

	coefficient for Adaprive_LASSO










	
Estimate_coefficient_Adaptive_logistic(value)[source]

	Estimation of coefficients for each bootstrap sample using Adaptive_LASSO


	Returns

	coef_result



	Return type

	coefficient for Adaprive_LASSO










	
Estimate_coefficient_Elastic(value)[source]

	Estimation of coefficients for each bootstrap sample using Elastic_net


	Returns

	coef_result



	Return type

	coefficient for Elastic_Net










	
fit()[source]

	Fit the model with Procedure 1 and Procedure 2.

Procedure 1: Compute importance scores for predictors.

Procedure 2: Compute coefficients and Select variables.

Parallel processing of Spark
One important parameter for parallel collections is the number of partitions to cut the dataset into. Spark will run one task for each partition of the cluster.
Typically you want 2-4 partitions for each CPU in your cluster.
Normally, Spark tries to set the number of partitions automatically based on your cluster.
However, you can also set it manually by passing it as a second parameter to parallelize (e.g. sc.parallelize(data, 10)).


	Variables

	
	sc.parallelize() (method) – The sc.parallelize() method is the SparkContext’s parallelize method to create a parallelized collection.
This allows Spark to distribute the data across multiple nodes, instead of depending on a single node to process the data.


	map() (method) – A map is a transformation operation in Apache Spark. It applies to each element of RDD and it returns the result as new RDD.
In the Map, operation developer can define his own custom business logic. The same logic will be applied to all the elements of RDD.


	Procedure_1_coef (array) – Estimated coefficients by Elastic_net.


	Procedure_2_coef (array) – Estimated coefficients by Adaptive_LASSO.


	coef (array) – Estimated coefficients by Hi-LASSO.


	p_values (array) – P-values of each coefficients.


	selected_var (array) – Selected variables by significance test.






	Returns

	self



	Return type

	object










	
standardization(X, y)[source]

	The response is mean-corrected and the predictors are standardized
:param X: predictor
:type X: array-like of shape (n_sample, n_feature)
:param y: response
:type y: array-like of shape (n_sample,)


	Returns

	
	np.ndarray


	scaled_X, scaled_y, std






















          

      

      

    

  

    
      
          
            
  


Getting Started


Data load


[1]:






import pandas as pd
X = pd.read_csv('simulation_data_x.csv')
y = pd.read_csv('simulation_data_y.csv')








[2]:






X.head()








[2]:
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Getting Started


Data load


[1]:






from pyspark.sql.session import SparkSession

spark = SparkSession.builder.getOrCreate()

from pyspark import SparkFiles
from pyspark.sql.functions import col

url_X = 'https://raw.githubusercontent.com/seunghajeong/data_repo/master/simulation_data_x.csv'
url_y = 'https://raw.githubusercontent.com/seunghajeong/data_repo/master/simulation_data_y.csv'
spark.sparkContext.addFile(url_X)
X_Sparkdataframe = spark.read.csv(SparkFiles.get("simulation_data_x.csv"), header=True)
X_Sparkdataframe = X_Sparkdataframe.select(*(col(c).cast("float").alias(c) for c in X_Sparkdataframe.columns))
X = X_Sparkdataframe.toPandas()
spark.sparkContext.addFile(url_y)
y_Sparkdataframe = spark.read.csv(SparkFiles.get("simulation_data_y.csv"), header=True)
y_Sparkdataframe = y_Sparkdataframe.select(*(col(c).cast("float").alias(c) for c in y_Sparkdataframe.columns))
y = y_Sparkdataframe.toPandas()








[3]:






X.head()








[3]:
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Getting Started


Data load


[1]:






#Import package
import numpy as np
import pandas as pd

from pyspark.sql.session import SparkSession

spark = SparkSession.builder.getOrCreate()








[2]:






#If using .json file
from pyspark.sql.functions import *
from pyspark.sql.types import *
sch = StructType([StructField('V1',DoubleType()), StructField('V2',DoubleType()), StructField('V3',DoubleType()), StructField('V4',DoubleType()), StructField('V5',DoubleType()), StructField('V6',DoubleType()), StructField('V7',DoubleType()), StructField('V8',DoubleType()), StructField('V9',DoubleType()), StructField('V10',DoubleType()), StructField('V11',DoubleType()), StructField('V12',DoubleType()), StructField('V13',DoubleType()), StructField('V14',DoubleType()), StructField('V15',DoubleType()), StructField('V16',DoubleType()), StructField('V17',DoubleType()), StructField('V18',DoubleType()), StructField('V19',DoubleType()), StructField('V20',DoubleType()), StructField('V21',DoubleType()), StructField('V22',DoubleType()), StructField('V23',DoubleType()), StructField('V24',DoubleType()), StructField('V25',DoubleType()), StructField('V26',DoubleType()), StructField('V27',DoubleType()), StructField('V28',DoubleType()), StructField('V29',DoubleType()), StructField('V30',DoubleType()), StructField('V31',DoubleType()), StructField('V32',DoubleType()), StructField('V33',DoubleType()), StructField('V34',DoubleType()), StructField('V35',DoubleType()), StructField('V36',DoubleType()), StructField('V37',DoubleType()), StructField('V38',DoubleType()), StructField('V39',DoubleType()), StructField('V40',DoubleType()), StructField('V41',DoubleType()), StructField('V42',DoubleType()), StructField('V43',DoubleType()), StructField('V44',DoubleType()), StructField('V45',DoubleType()), StructField('V46',DoubleType()), StructField('V47',DoubleType()), StructField('V48',DoubleType()), StructField('V49',DoubleType()), StructField('V50',DoubleType()), StructField('V51',DoubleType()), StructField('V52',DoubleType()), StructField('V53',DoubleType()), StructField('V54',DoubleType()), StructField('V55',DoubleType()), StructField('V56',DoubleType()), StructField('V57',DoubleType()), StructField('V58',DoubleType()), StructField('V59',DoubleType()), StructField('V60',DoubleType()), StructField('V61',DoubleType()), StructField('V62',DoubleType()), StructField('V63',DoubleType()), StructField('V64',DoubleType()), StructField('V65',DoubleType()), StructField('V66',DoubleType()), StructField('V67',DoubleType()), StructField('V68',DoubleType()), StructField('V69',DoubleType()), StructField('V70',DoubleType()), StructField('V71',DoubleType()), StructField('V72',DoubleType()), StructField('V73',DoubleType()), StructField('V74',DoubleType()), StructField('V75',DoubleType()), StructField('V76',DoubleType()), StructField('V77',DoubleType()), StructField('V78',DoubleType()), StructField('V79',DoubleType()), StructField('V80',DoubleType()), StructField('V81',DoubleType()), StructField('V82',DoubleType()), StructField('V83',DoubleType()), StructField('V84',DoubleType()), StructField('V85',DoubleType()), StructField('V86',DoubleType()), StructField('V87',DoubleType()), StructField('V88',DoubleType()), StructField('V89',DoubleType()), StructField('V90',DoubleType()), StructField('V91',DoubleType()), StructField('V92',DoubleType()), StructField('V93',DoubleType()), StructField('V94',DoubleType()), StructField('V95',DoubleType()), StructField('V96',DoubleType()), StructField('V97',DoubleType()), StructField('V98',DoubleType()), StructField('V99',DoubleType()), StructField('V100',DoubleType())
])








[3]:






X_Sparkdataframe = spark.read.schema(sch).json("simulation_data_x.json")
X_Sparkdataframe = X_Sparkdataframe.select(*(col(c).cast("float").alias(c) for c in X_Sparkdataframe.columns))
X = X_Sparkdataframe.toPandas()
y_Sparkdataframe = spark.read.json("simulation_data_y.json")
y_Sparkdataframe = y_Sparkdataframe.select(*(col(c).cast("float").alias(c) for c in y_Sparkdataframe.columns))
y = y_Sparkdataframe.toPandas()








[4]:






X.head()








[4]:
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Getting Started


Data load


[1]:






import pandas as pd
X = pd.read_csv('simulation_data_x.csv')
y = pd.read_csv('simulation_data_y.csv')








[2]:






X.head()








[2]:
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Getting Started


Data load


[1]:






from pyspark.sql import SparkSession
sparkSession = SparkSession.builder.getOrCreate()

import pandas as pd
X = pd.read_csv('simulation_data_x.csv')
y = pd.read_csv('simulation_data_y.csv')








[2]:






df_X = sparkSession.createDataFrame(X)
df_y = sparkSession.createDataFrame(y)









Write .csv file into hdfs


[3]:






df_X.write.csv("hdfs://localhost:9000/df_X.csv")
df_y.write.csv("hdfs://localhost:9000/df_y.csv")








[4]:






from pyspark.sql.functions import *
from pyspark.sql.types import *
sch = StructType([StructField('V1',DoubleType()), StructField('V2',DoubleType()), StructField('V3',DoubleType()), StructField('V4',DoubleType()), StructField('V5',DoubleType()), StructField('V6',DoubleType()), StructField('V7',DoubleType()), StructField('V8',DoubleType()), StructField('V9',DoubleType()), StructField('V10',DoubleType()), StructField('V11',DoubleType()), StructField('V12',DoubleType()), StructField('V13',DoubleType()), StructField('V14',DoubleType()), StructField('V15',DoubleType()), StructField('V16',DoubleType()), StructField('V17',DoubleType()), StructField('V18',DoubleType()), StructField('V19',DoubleType()), StructField('V20',DoubleType()), StructField('V21',DoubleType()), StructField('V22',DoubleType()), StructField('V23',DoubleType()), StructField('V24',DoubleType()), StructField('V25',DoubleType()), StructField('V26',DoubleType()), StructField('V27',DoubleType()), StructField('V28',DoubleType()), StructField('V29',DoubleType()), StructField('V30',DoubleType()), StructField('V31',DoubleType()), StructField('V32',DoubleType()), StructField('V33',DoubleType()), StructField('V34',DoubleType()), StructField('V35',DoubleType()), StructField('V36',DoubleType()), StructField('V37',DoubleType()), StructField('V38',DoubleType()), StructField('V39',DoubleType()), StructField('V40',DoubleType()), StructField('V41',DoubleType()), StructField('V42',DoubleType()), StructField('V43',DoubleType()), StructField('V44',DoubleType()), StructField('V45',DoubleType()), StructField('V46',DoubleType()), StructField('V47',DoubleType()), StructField('V48',DoubleType()), StructField('V49',DoubleType()), StructField('V50',DoubleType()), StructField('V51',DoubleType()), StructField('V52',DoubleType()), StructField('V53',DoubleType()), StructField('V54',DoubleType()), StructField('V55',DoubleType()), StructField('V56',DoubleType()), StructField('V57',DoubleType()), StructField('V58',DoubleType()), StructField('V59',DoubleType()), StructField('V60',DoubleType()), StructField('V61',DoubleType()), StructField('V62',DoubleType()), StructField('V63',DoubleType()), StructField('V64',DoubleType()), StructField('V65',DoubleType()), StructField('V66',DoubleType()), StructField('V67',DoubleType()), StructField('V68',DoubleType()), StructField('V69',DoubleType()), StructField('V70',DoubleType()), StructField('V71',DoubleType()), StructField('V72',DoubleType()), StructField('V73',DoubleType()), StructField('V74',DoubleType()), StructField('V75',DoubleType()), StructField('V76',DoubleType()), StructField('V77',DoubleType()), StructField('V78',DoubleType()), StructField('V79',DoubleType()), StructField('V80',DoubleType()), StructField('V81',DoubleType()), StructField('V82',DoubleType()), StructField('V83',DoubleType()), StructField('V84',DoubleType()), StructField('V85',DoubleType()), StructField('V86',DoubleType()), StructField('V87',DoubleType()), StructField('V88',DoubleType()), StructField('V89',DoubleType()), StructField('V90',DoubleType()), StructField('V91',DoubleType()), StructField('V92',DoubleType()), StructField('V93',DoubleType()), StructField('V94',DoubleType()), StructField('V95',DoubleType()), StructField('V96',DoubleType()), StructField('V97',DoubleType()), StructField('V98',DoubleType()), StructField('V99',DoubleType()), StructField('V100',DoubleType())
])









Read .csv file from hdfs


[5]:






X_Sparkdataframe = sparkSession.read.schema(sch).csv('hdfs://localhost:9000/df_X.csv')
X_Sparkdataframe = X_Sparkdataframe.select(*(col(c).cast("float").alias(c) for c in X_Sparkdataframe.columns))
X = X_Sparkdataframe.toPandas()
y_Sparkdataframe = sparkSession.read.csv('hdfs://localhost:9000/df_y.csv')
y_Sparkdataframe = y_Sparkdataframe.select(*(col(c).cast("float").alias(c) for c in y_Sparkdataframe.columns))
y = y_Sparkdataframe.toPandas()








[6]:






X.head()








[6]:
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  All modules for which code is available

	hi_lasso_spark.Hi_LASSO_spark
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  Source code for hi_lasso_spark.Hi_LASSO_spark

# Author: Seungha Jeong <jsh29368602@gmail.com>
# License: MIT
# Date: 30, Jun 2020

# Import package
import numpy as np
import math
from scipy.stats import binom, norm
import glmnet
import os
import binascii

from pyspark import SparkContext, SparkConf
from pyspark.sql import SQLContext


"""
    • SparkConf() : Configuration for a Spark application. Used to set various Spark parameters as key-value pairs.
                    Most of the time, you would create a SparkConf object with new SparkConf(), which will load values from any spark.
                    For example, you can write new SparkConf().setMaster("local").setAppName("My app").
    • getOrCreate() : This function may be used to get or instantiate a SparkContext and register it as a singleton object.
"""
conf = SparkConf().setMaster("local[*]").setAppName("Hi_LASSO_Spark")
sc = SparkContext.getOrCreate(conf)
sqlContext = SQLContext(sc)


[docs]class HiLASSO_Spark():
    
    """
    Hi-LASSO_Spark(High-Demensinal LASSO Spark) is to improve the LASSO solutions for extremely high-dimensional data using pyspark. 
    
    PySpark is the Python API written in python to support Apache Spark. 
    Apache Spark is a distributed framework that can handle Big Data analysis. 
    Spark is basically a computational engine, that works with huge sets of data by processing them in parallel and batch systems.
    
    The main contributions of Hi-LASSO are as following:
    
    • Rectifying systematic bias introduced by bootstrapping.
    • Refining the computation for importance scores.
    • Providing a statistical strategy to determine the number of bootstrapping.
    • Taking advantage of global oracle property.
    • Allowing tests of significance for feature selection with appropriate distribution.
    
    
    Parameters
    ----------        
    X: array-like of shape (n_sample, n_feature)
       predictor variables    
    y: array-like of shape (n_sample,)
       response variables    
    q1: 'auto' or int, optional [default = 'auto']
        The number of predictors to randomly selecting in Procedure 1.
        When to set 'auto', use q1 as number of samples.
    q2: 'auto' or int, optional [default = 'auto']
        The number of predictors to randomly selecting in Procedure 2.
        When to set 'auto', use q2 as number of samples.
    L: int [default=30]
       The expected value at least how many times a predictor is selected in a bootstrapping.        
    alpha: float [default=0.05]
       significance level used for significance test for feature selection
    node: Node refers to node which runs the application code in the cluster. 
        If you do not specify the number of nodes, the 8 nodes are automatically set to the default node.
        
    
    Attributes
    ----------    
    n : int
        number of samples.
    p : int
        number of features.
        
    Examples
    --------
    >>> from Hi_LASSO_spark_fin import HiLASSO_Spark
    >>> model = HiLASSO_Spark(X, y)
    >>> model.fit()
    
    >>> model.coef_
    >>> model.p_values_
    >>> model.selected_var_ 
    """
    
    def __init__(self, X, y, X_test = 'auto', y_test = 'auto', alpha = 0.05, q1 = 'auto', q2 = 'auto', L = 30, cv = 5, node = 'auto', logistic = False):
        
        self.X = np.array(X)
        self.y = np.array(y).flatten()
        self.X_test = np.array(X_test)
        self.y_test = np.array(y_test).flatten()
        self.n_sample, self.n_feature = X.shape
        self.q1 = self.X.shape[0] if q1 == 'auto' else q1
        self.q2 = self.X.shape[0] if q2 == 'auto' else q2
        self.alpha = alpha
        self.cv = cv
        self.L = L
        self.node = 8 if node == 'auto' else node
        self.logistic = logistic
        
        
   
[docs]    def standardization(self, X, y):
        
        """
        The response is mean-corrected and the predictors are standardized
        Parameters
        ---------
        X: array-like of shape (n_sample, n_feature)
           predictor              
        y: array-like of shape (n_sample,)
           response
        Returns
        -------
        np.ndarray
        scaled_X, scaled_y, std
        """
        
        mean_x = X - X.mean()
        std = np.sqrt((mean_x**2).sum(axis=0)) 
        X_sc = mean_x / std
        y_sc = y - y.mean()
        return X_sc, y_sc, std


    

[docs]    def fit(self):
        
        """Fit the model with Procedure 1 and Procedure 2. 
        
        Procedure 1: Compute importance scores for predictors. 
        
        Procedure 2: Compute coefficients and Select variables.
        
        Parallel processing of Spark
        One important parameter for parallel collections is the number of partitions to cut the dataset into. Spark will run one task for each partition of the cluster. 
        Typically you want 2-4 partitions for each CPU in your cluster. 
        Normally, Spark tries to set the number of partitions automatically based on your cluster. 
        However, you can also set it manually by passing it as a second parameter to parallelize (e.g. sc.parallelize(data, 10)).
        
        Attributes
        ----------
        sc.parallelize(): method
            The sc.parallelize() method is the SparkContext's parallelize method to create a parallelized collection. 
            This allows Spark to distribute the data across multiple nodes, instead of depending on a single node to process the data.
        map(): method
            A map is a transformation operation in Apache Spark. It applies to each element of RDD and it returns the result as new RDD. 
            In the Map, operation developer can define his own custom business logic. The same logic will be applied to all the elements of RDD.
        Procedure_1_coef_ : array
            Estimated coefficients by Elastic_net.
        Procedure_2_coef_ : array
            Estimated coefficients by Adaptive_LASSO.
        coef_ : array
            Estimated coefficients by Hi-LASSO.
        p_values_ : array
            P-values of each coefficients.
        selected_var_: array
            Selected variables by significance test.
            
        Returns
        -------
        self : object 
        """
        
        # Procedure 1: Compute coefficients and importance scores for predictors.
        # Perform parallel processing by mapping the number of bootstraps.
        self.B = math.floor(self.L * self.n_feature / self.q1)
        Elastic_Estimate = self.Estimate_coefficient_Elastic
        Procedure_1_coef = sc.parallelize(range(self.B), self.node).map(lambda x: Elastic_Estimate(x)).collect()
        Procedure_1_coef_ = np.array(list(Procedure_1_coef)).T
        
        
        # Compute the importance scores
        Importance_score = np.nanmean(np.abs(Procedure_1_coef_), axis=1)
        Importance_score_2 = np.where(Importance_score == 0, 1e-10, Importance_score)
        self.Importance_score_fin = Importance_score_2 / Importance_score_2.sum()
    
        print('Procedure_1')
        
        
        # Procedure 2: Compute coefficients and Select variables.
        # Perform parallel processing by mapping the number of bootstraps.
        
        if self.logistic:
            self.B = math.floor(self.L * self.n_feature / self.q2)
            Adaptive_Estimate = self.Estimate_coefficient_Adaptive_logistic
            Procedure_2_coef = sc.parallelize(range(self.B), self.node).map(lambda x: Adaptive_Estimate(x)).collect()
            Procedure_2_coef_ = np.array(list(Procedure_2_coef)).T

            #Estimate Final Coefficient and Select variables.
            coef = np.nanmean(Procedure_2_coef_, axis=1)
            self.aaa = coef
            y = np.zeros_like(coef)
            y[coef>0.5] = 1
            self.finn = y
            print('Procedure_2')
            
        else:
            self.B = math.floor(self.L * self.n_feature / self.q2)
            Adaptive_Estimate = self.Estimate_coefficient_Adaptive
            Procedure_2_coef = sc.parallelize(range(self.B), self.node).map(lambda x: Adaptive_Estimate(x)).collect()
            Procedure_2_coef_ = np.array(list(Procedure_2_coef)).T

            #Estimate Final Coefficient and Select variables.
            coef = np.nanmean(Procedure_2_coef_, axis=1)
            
            
            self.coef_ = coef
            self.p_values = self.Calculate_p_value(Procedure_2_coef_)
            self.selected_var = np.where(self.p_values < self.alpha / self.n_feature, np.nanmean(Procedure_2_coef_, axis=1), 0)
            print('Procedure_2')
        return self

    
    
    
[docs]    def Estimate_coefficient_Elastic(self, value):
        
        """
        Estimation of coefficients for each bootstrap sample using Elastic_net
        
        Returns
        -------
        coef_result : coefficient for Elastic_Net        
        """
        # Set random seed as each bootstrap_number.
        seed = None
        seed = (seed if seed is not None else int(binascii.hexlify(os.urandom(4)), 16))
        rs = np.random.RandomState(seed)
        
        # Randomly select q1 on each bootstrap sample
        # Generate bootstrap index of sample and predictor
        q = self.q1
        select_prop = None
        coef_result = np.zeros(self.n_feature)
        Selected_q = rs.choice(np.arange(self.n_feature), size = self.q1, replace=False, p = select_prop)
        Bootstrap_Index = rs.choice(np.arange(self.n_sample), size = self.n_sample, replace=True, p = None)
        X_train_Data = self.X[Bootstrap_Index, :][:, Selected_q]
        y_train_Data = self.y[Bootstrap_Index]
        

        # Search for otpimal alpha
        mses = np.array([])
        accuracys = np.array([])
        alphas = np.arange(0, 1.1, 0.1)
        
        # Estimate coefficients
        if self.logistic:
            for j in alphas:
                cv_enet = glmnet.LogitNet(standardize=True, fit_intercept=True, n_splits=self.cv, scoring='accuracy', alpha=j).fit(X_train_Data, y_train_Data)
                accuracys = np.append(accuracys, cv_enet.cv_mean_score_.max())
            opt_alpha = alphas[accuracys.argmax()]
            enet_fin = glmnet.LogitNet(standardize=True, fit_intercept=True, n_splits=self.cv, scoring='accuracy', alpha=opt_alpha)
            coef_result[Selected_q] = (enet_fin.fit(X_train_Data, y_train_Data).coef_)
        else:
            # Standardization
            X_train_Data, y_train_Data, std = self.standardization(X_train_Data, y_train_Data)
            for j in alphas:
                cv_enet = glmnet.ElasticNet(standardize=False, fit_intercept=False, n_splits=self.cv, scoring='mean_squared_error', alpha=j).fit(X_train_Data, y_train_Data)
                mses = np.append(mses, cv_enet.cv_mean_score_.max())
            opt_alpha = alphas[mses.argmax()]
            enet_fin = glmnet.ElasticNet(standardize=False, fit_intercept=False, n_splits=self.cv, scoring='mean_squared_error', alpha=opt_alpha)
            coef_result[Selected_q] = (enet_fin.fit(X_train_Data, y_train_Data).coef_) / std
        
        return coef_result

        

        
[docs]    def Estimate_coefficient_Adaptive(self, value):
        
        """
        Estimation of coefficients for each bootstrap sample using Adaptive_LASSO
        
        Returns
        -------
        coef_result : coefficient for Adaprive_LASSO         
        """
        
        # Set random seed as each bootstrap_number.
        seed = None
        seed = (seed if seed is not None else int(binascii.hexlify(os.urandom(4)), 16))
        rs = np.random.RandomState(seed)

        # Randomly select q2 on each bootstrap sample.
        # Generate bootstrap index of sample and predictor.
        q = self.q2
        select_prop = self.Importance_score_fin
        coef_result = np.zeros(self.n_feature)
        Selected_q = rs.choice(np.arange(self.n_feature), size = self.q1, replace=False, p = select_prop)
        Bootstrap_Index = rs.choice(np.arange(self.n_sample), size = self.n_sample, replace=True, p = None)
        X_train_Data = self.X[Bootstrap_Index, :][:, Selected_q]
        y_train_Data = self.y[Bootstrap_Index]                             
        
        
        # Standardization
        X_train_Data, y_train_Data, std = self.standardization(X_train_Data, y_train_Data)
        ad_fin = glmnet.ElasticNet(fit_intercept = False, standardize = False,  n_splits = self.cv, scoring='mean_squared_error', alpha = 1)
        coef_result[Selected_q] = (ad_fin.fit(X_train_Data, y_train_Data, relative_penalties = 1 / (select_prop[Selected_q] * 100)).coef_) / std
        
        return coef_result

        
        
[docs]    def Estimate_coefficient_Adaptive_logistic(self, value):
        """
        Estimation of coefficients for each bootstrap sample using Adaptive_LASSO
        
        Returns
        -------
        coef_result : coefficient for Adaprive_LASSO         
        """
        
        # Set random seed as each bootstrap_number.
        seed = None
        seed = (seed if seed is not None else int(binascii.hexlify(os.urandom(4)), 16))
        rs = np.random.RandomState(seed)

        # Randomly select q2 on each bootstrap sample.
        # Generate bootstrap index of sample and predictor.
        q = self.q2
        select_prop = self.Importance_score_fin
        coef_result = np.zeros(self.n_feature)
        Selected_q = rs.choice(np.arange(self.n_feature), size = self.q2, replace=False, p = select_prop)
        Bootstrap_Index = rs.choice(np.arange(self.n_sample), size = self.n_sample, replace=True, p = None)
        X_train_Data = self.X[Bootstrap_Index, :][:, Selected_q]
        y_train_Data = self.y[Bootstrap_Index]
        X_test = self.X_test[: , :][:, Selected_q]
        ad_fin = glmnet.LogitNet(standardize=True, fit_intercept=True, n_splits = self.cv, alpha = 1)
        coef_result = (ad_fin.fit(X_train_Data, y_train_Data, relative_penalties = 1 / (select_prop[Selected_q] * 100)).predict(X_test))

        return coef_result

    
        
[docs]    def Calculate_p_value(self, coef_result):
        
        """
        Compute p-values of each predictor for Statistical Test of Variable Selection.
        """
        # Calculate_Boolean: non-zero and notnull of coef_result
        not_null_value = np.isfinite(coef_result)
        Calculate_Boolean = np.logical_and(not_null_value, coef_result != 0).sum(axis=1)
        
        # pi: the average of the selcetion ratio of all feature variables in B boostrap samples.
        pi = Calculate_Boolean.sum