Simple Regression Problem

January 26, 2017

1 Overview

This is a typical albeit oversimplfied data science workflow. We look for insights in historical data,
use those data to build a model which we then want to apply to future data. In this trivial example
we have been given 5 time series sensor values and asked if we can predict the value for sensor 62
based on the values of the other four sensors. We decide to try a simple linear regression model.

First we need to ingest the data signals from their raw format, in this case two column csv
files (TimeStamp, Value) one for each sensor over a 2 year period 2013-14 with a reading every 5
minutes. We read these into memory using the data science favourite pandas:

In [1]: import pandas as pd

In [2]: df_59 = pd.read_csv('regression_data/59.csv")
df_60 = pd.read_csv('regression_data/60.csv")
df_61 = pd.read_csv('regression_data/61l.csv")
df_62 = pd.read_csv('regression_data/62.csv")
df_63 = pd.read_csv('regression_data/63.csv")

#merge into a single data frame

df_master = pd.concat ([df_59['Value'], df_60['Value'], df_61['Value'],
df_62['Value'], df_63['Value']l], axis=1)

df_master.columns = ['valb59','vale0','valel','val6e2', 'val6e3"']

df_master

out[2]: valb9 valoO0 valol vale?2 vale3
0 16.107043 12.189274 10.761l665 16.223043 55.467606
1 16.099436 12.207525 10.763932 16.219148 109.283522
2 16.103656 12.197332 10.829815 16.204840 109.293267
3 16.088023 12.224396 10.810413 16.198673 109.224787
4 16.056496 12.241735 10.826908 16.185203 109.356033
5 16.031169 12.236260 10.885047 16.144411 109.280784
6 16.064469 12.247371 10.870325 16.137030 109.313956
7 16.071302 12.219455 10.871628 16.130944 109.247048
38 16.070241 12.216692 10.841967 16.137975 109.219159
9 16.051955 12.193931 10.851947 16.149161 109.196147
10 16.029528 12.187809 10.888565 16.119112 109.209395
11 16.041749 12.182543 10.861268 16.108069 109.155831
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210238 23.041559 19.202965 5.523794 24.953947 126.745179

[210239 rows x 5 columns]

At this point we might want to do some basic visualisation, this is pretty straight forward
for simple inspection but if we wanted to navigate the data in specific time periods, etc. there
would be a lot of code bloat to do that with the usual data science plotting tools. We might end
up dumping multiple plots to a folder then putting those into a presentation format for further
inspection:

In [3]: Smatplotlib inline
df_master['val62'].plot ()

Out[3]: <matplotlib.axes._subplots.AxesSubplot at 0x119aba6d8>
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Now we think about training and testing our model, there are a number of ways to split the
data but as this is time series we choose to split down the middle:

In [5]: df_train=df_master.iloc[:100500, :]
df_test = df_master.iloc[100500:, :]

Now we define the X and the Y features for the regression model for both the training and the
testing data:

In [6]: train_X = df_train[['valb9','vale0','valel', 'val63']].as_matrix()

train Y = df_train['val62'].values
test_X = df_test[['valb9', 'vale0', 'valel', 'vale3']].as_matrix ()
test_Y = df_test['valo62'].values



We train a simple linear regression model using every data scientist’s favourite package scikit-
learn:

In [7]: from sklearn import linear_model, metrics

regr = linear_model.LinearRegression ()
regr.fit (train_X,train_Y)

Out[7]: LinearRegression (copy_X=True, fit_intercept=True, n_jobs=1l, normalize=Falsc

Now we can check how well our model does on predicting the next batch of data by comparing
the predicted and actual values using a typical metric like the coefficient of determination:?

In [8]: pred_Y = regr.predict (test_X)
metrics.r2_score(test_Y,pred_Y)

Out[8]: 0.99538448535996171

We see the model makes very good predictions! (A little too good but this is just basic simu-
lated data...) As our model is so good we would like to save it and the apply it to any further
data we might be presented with.

In [9]: import pickle

In [10]: pickle.dump( regr, open( "regr.p", "wb" ) )

In [11]: import_model = pickle.load( open( "regr.p", "rb" ) )
new_pred_Y = import_model.predict (test_X)
metrics.r2_score(test_Y,new_pred_Y)

Out[11]: 0.99538448535996171

Single line prediction:
In [11]: regr.predict ([[23.041559,19.202965,5.523794,126.74517911)

Out[11l]: array([ 24.61394289])
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