
Decision Trees and Random Forests

To run the following analysis we used Jupyter Notebook with Python 3.10 and several libraries shown below. We also used the Graphitz software (https://graphviz.org/download/).

We will need the following libraries:

Python: 3.9.12

sklearn: 1.0.2

matplotlib: 3.5.1

seaborn: 0.11.2

pandas: 1.4.2

numpy: 1.21.5

graphviz: 0.20


Exploration

Let us have a look at the dataset:

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. class

0 174.410 15.4 8.584312 1.4 12 1.4 0

1 183.025 11.1 10.004646 1.5 14 0.0 0

2 228.331 16.4 11.574281 1.6 12 0.0 0

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. class

(861, 7)

There are 861 data points with 6 input features and 1 output feature.

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. class

count 861.000000 861.000000 861.000000 861.000000 861.000000 861.000000 861.000000

mean 209.576177 14.592451 14.323904 2.311034 25.189315 0.709059 0.123113

std 106.310423 7.268774 4.937211 1.407333 42.346386 2.855413 0.328757

min 57.972000 -6.800000 6.299961 0.800000 11.000000 0.000000 0.000000

25% 124.269000 8.900000 9.210113 1.400000 11.000000 0.000000 0.000000

50% 176.643000 15.800000 14.916334 1.900000 12.000000 0.000000 0.000000

75% 281.508000 20.600000 19.127007 2.600000 17.000000 0.000000 0.000000

max 617.673000 28.700000 22.893131 10.100000 310.000000 29.900000 1.000000

class
0    755

1    106

dtype: int64

The dataset is quite imbalanced, so we will use weights in the models to
make the "rare" class comparable to the "normal" class.

Let us look at the pair plots:

<seaborn.axisgrid.PairGrid at 0x1e07b58b730>

Let us use the option "common_norm=False" to normalize separately the red and blue classes:

<seaborn.axisgrid.PairGrid at 0x1e07e542820>

We see that the rare class (blue dots) are not easily separated from the normal class (red dots). More precisely, several blue dots are clearly separated from the red cluster (e.g. by using the feature "Rhône disch."), but many

blue dots are located inside the red cluster.

Decision tree
We are now going to build a decision tree to predict the class (0 or 1) a given data point (represented by the 6 input features) belongs to.
Let us load the dataset and split it into a training set (60 %), validation set (20 %) and

test set (20 %):

The number of data points in each dataset:

Training class 0: 455

Training class 1: 61

Validation class 0: 153

Validation class 1: 19

Test class 0: 147

Test class 1: 26


Let us look at the three datasets in terms of "Water Temp." and "Rhône disch." (as we shall see, these are the two main input variables that are used in the predictive models to seperate class 1 from class 0):

Comment: we chose the value of the seed (seed=9) so that the resulting training set, validation set and test set satisfy the splitting percentages 60% / 20% / 20% and so that no obvious anomalies appear to the eyes when

looking at the above scatter plots. We could use the cross-validation method, but we do not want to complicate the analysis further.

Let us first make a very simple decision tree model by using the "entropy" as the impurity index and "max_depth=2" as a stopping rule:

Here the "balanced" mode uses the values of "class" to automatically adjust weights inversely proportional to class frequencies in the input data. The random_state variable controls the internal random generator that is used

by the decision tree algorithm (for example for selecting one of the best questions if there are several questions with the same largest information gain).

To show all the possible options, you may type help(DecisionTreeClassifier), or look at the sklearn documentation :

https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html

Rhône disch. ≤ 206.69
entropy = 1.0

samples = 516
value = [258.0, 258.0]

class = 1

Air Temp. ≤ 19.95
entropy = 0.164
samples = 302

value = [170.677, 4.23]
class = 0

True

Water Temp. ≤ 15.015
entropy = 0.821
samples = 214

value = [87.323, 253.77]
class = 1

False

entropy = 0.0
samples = 294

value = [166.708, 0.0]
class = 0

entropy = 0.999
samples = 8

value = [3.969, 4.23]
class = 1

entropy = 0.0
samples = 40

value = [22.681, 0.0]
class = 0

entropy = 0.728
samples = 174

value = [64.642, 253.77]
class = 1

We see that the first two questions (or splits) of the decision tree use "Rhône disch." and "Water Temp.". You may want to look again at the exploratory analysis that we have done before building the decision tree. This may

help you to understand better the tree structure.

Let us predict the output classes for the training dataset:

array([[334, 121],

       [  0,  61]], dtype=int64)

This confusion matrix shows that the decision tree has made some mistakes in the preditions. The corresponding training accuracy and AUC:

Training accuracy rate: 76.55%

Training error rate: 23.45%

Training AUC: 0.87


Let us predict the output classes for the validation dataset:

array([[109,  44],

       [  0,  19]], dtype=int64)

This confusion matrix shows that the decision tree has made come mistakes in the predictions of new data (i.e. the validation data). The corresponding validation accuracy and AUC:

Validation accuracy rate: 74.42%

Validation error rate: 25.58%

Validation AUC: 0.86


Above we used "max_depth=2" as a stopping rule. Let us now use the cost complexity pruning method instead to find the best tree:

Rhône disch. ≤ 206.69
entropy = 1.0

samples = 516
value = [258.0, 258.0]

class = 1

Air Temp. ≤ 19.95
entropy = 0.164
samples = 302

value = [170.677, 4.23]
class = 0

True

Water Temp. ≤ 15.015
entropy = 0.821
samples = 214

value = [87.323, 253.77]
class = 1

False

entropy = 0.0
samples = 294

value = [166.708, 0.0]
class = 0

Rhône disch. ≤ 131.983
entropy = 0.999

samples = 8
value = [3.969, 4.23]

class = 1

entropy = 0.0
samples = 1

value = [0.0, 4.23]
class = 1

entropy = 0.0
samples = 7

value = [3.969, 0.0]
class = 0

entropy = 0.0
samples = 40

value = [22.681, 0.0]
class = 0

Water Temp. ≤ 20.101
entropy = 0.728
samples = 174

value = [64.642, 253.77]
class = 1

Rhône disch. ≤ 328.199
entropy = 0.551
samples = 115

value = [34.022, 232.623]
class = 1

Air Temp. ≤ 18.35
entropy = 0.976
samples = 59

value = [30.62, 21.148]
class = 0

Prec. ≤ 0.15
entropy = 0.853
samples = 62

value = [26.084, 67.672]
class = 1

Rhône disch. ≤ 386.196
entropy = 0.269
samples = 53

value = [7.938, 164.951]
class = 1

Rhône disch. ≤ 248.674
entropy = 0.781
samples = 52

value = [20.413, 67.672]
class = 1

Air Temp. ≤ 15.5
entropy = 0.0
samples = 10

value = [5.67, 0.0]
class = 0

Air Temp. ≤ 17.0
entropy = 0.37
samples = 11

value = [2.268, 29.607]
class = 1

Air Temp. ≤ 21.1
entropy = 0.907
samples = 41

value = [18.145, 38.066]
class = 1

entropy = 0.0
samples = 4

value = [0.0, 16.918]
class = 1

Water Temp. ≤ 19.239
entropy = 0.614

samples = 7
value = [2.268, 12.689]

class = 1

entropy = 0.0
samples = 2

value = [1.134, 0.0]
class = 0

Wind Spd. ≤ 3.4
entropy = 0.409

samples = 5
value = [1.134, 12.689]

class = 1

Water Temp. ≤ 19.567
entropy = 0.255

samples = 4
value = [0.567, 12.689]

class = 1

entropy = -0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 2

value = [0.0, 8.459]
class = 1

Water Temp. ≤ 19.982
entropy = 0.524

samples = 2
value = [0.567, 4.23]

class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 1

value = [0.0, 4.23]
class = 1

entropy = 0.0
samples = 13

value = [7.371, 0.0]
class = 0

Water Temp. ≤ 19.622
entropy = 0.761
samples = 28

value = [10.774, 38.066]
class = 1

Air Temp. ≤ 22.15
entropy = 0.64
samples = 22

value = [7.371, 38.066]
class = 1

entropy = -0.0
samples = 6

value = [3.402, 0.0]
class = 0

Rhône disch. ≤ 305.405
entropy = 0.29
samples = 7

value = [1.134, 21.148]
class = 1

Air Temp. ≤ 22.65
entropy = 0.841
samples = 15

value = [6.237, 16.918]
class = 1

Thermo. dph ≤ 11.5
entropy = 0.175

samples = 6
value = [0.567, 21.148]

class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = -0.0
samples = 5

value = [0.0, 21.148]
class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 4

value = [2.268, 0.0]
class = 0

Air Temp. ≤ 23.4
entropy = 0.702
samples = 11

value = [3.969, 16.918]
class = 1

entropy = 0.0
samples = 2

value = [0.0, 8.459]
class = 1

Wind Spd. ≤ 1.6
entropy = 0.904

samples = 9
value = [3.969, 8.459]

class = 1

entropy = 0.0
samples = 3

value = [1.701, 0.0]
class = 0

Air Temp. ≤ 24.95
entropy = 0.744

samples = 6
value = [2.268, 8.459]

class = 1

Air Temp. ≤ 23.8
entropy = 0.524

samples = 4
value = [1.134, 8.459]

class = 1

entropy = -0.0
samples = 2

value = [1.134, 0.0]
class = 0

entropy = 0.0
samples = 2

value = [1.134, 0.0]
class = 0

entropy = 0.0
samples = 2

value = [0.0, 8.459]
class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 9

value = [5.103, 0.0]
class = 0

Water Temp. ≤ 19.484
entropy = 0.416
samples = 32

value = [7.371, 80.361]
class = 1

Prec. ≤ 3.6
entropy = 0.058
samples = 21

value = [0.567, 84.59]
class = 1

Rhône disch. ≤ 374.803
entropy = 0.524
samples = 26

value = [7.371, 54.984]
class = 1

entropy = 0.0
samples = 6

value = [0.0, 25.377]
class = 1

Water Temp. ≤ 18.086
entropy = 0.448
samples = 23

value = [5.67, 54.984]
class = 1

entropy = -0.0
samples = 3

value = [1.701, 0.0]
class = 0

entropy = 0.0
samples = 7

value = [0.0, 29.607]
class = 1

Rhône disch. ≤ 339.896
entropy = 0.686
samples = 16

value = [5.67, 25.377]
class = 1

entropy = 0.0
samples = 4

value = [2.268, 0.0]
class = 0

Water Temp. ≤ 19.228
entropy = 0.524
samples = 12

value = [3.402, 25.377]
class = 1

Water Temp. ≤ 18.14
entropy = 0.29
samples = 7

value = [1.134, 21.148]
class = 1

Water Temp. ≤ 19.412
entropy = 0.933

samples = 5
value = [2.268, 4.23]

class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

Wind Spd. ≤ 1.4
entropy = 0.175

samples = 6
value = [0.567, 21.148]

class = 1

Rhône disch. ≤ 346.179
entropy = 0.524

samples = 2
value = [0.567, 4.23]

class = 1

Wind Spd. ≤ 1.55
entropy = 0.0
samples = 4

value = [0.0, 16.918]
class = 1

entropy = 0.0
samples = 1

value = [0.0, 4.23]
class = 1

entropy = -0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 1

value = [0.0, 4.23]
class = 1

entropy = 0.0
samples = 3

value = [0.0, 12.689]
class = 1

entropy = 0.0
samples = 3

value = [1.701, 0.0]
class = 0

Water Temp. ≤ 19.458
entropy = 0.524

samples = 2
value = [0.567, 4.23]

class = 1

entropy = 0.0
samples = 1

value = [0.0, 4.23]
class = 1

entropy = -0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 16

value = [0.0, 67.672]
class = 1

Prec. ≤ 5.75
entropy = 0.206

samples = 5
value = [0.567, 16.918]

class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 4

value = [0.0, 16.918]
class = 1

Water Temp. ≤ 20.417
entropy = 0.409

samples = 5
value = [1.134, 12.689]

class = 1

Air Temp. ≤ 24.95
entropy = 0.765
samples = 54

value = [29.486, 8.459]
class = 0

entropy = 0.0
samples = 2

value = [1.134, 0.0]
class = 0

entropy = 0.0
samples = 3

value = [0.0, 12.689]
class = 1

entropy = -0.0
samples = 43

value = [24.382, 0.0]
class = 0

Air Temp. ≤ 25.25
entropy = 0.955
samples = 11

value = [5.103, 8.459]
class = 1

Wind Spd. ≤ 2.45
entropy = 0.524

samples = 4
value = [1.134, 8.459]

class = 1

Rhône disch. ≤ 298.691
entropy = 0.0
samples = 7

value = [3.969, 0.0]
class = 0

entropy = 0.0
samples = 2

value = [1.134, 0.0]
class = 0

entropy = 0.0
samples = 2

value = [0.0, 8.459]
class = 1

entropy = 0.0
samples = 1

value = [0.567, 0.0]
class = 0

entropy = 0.0
samples = 6

value = [3.402, 0.0]
class = 0

This is the biggest tree possible. We now need to prune this tree to find the subtree that optimizes some perfomance metrics (see below). Let us first find the values of the cost complexity pruning parameter ccp_alpha:

We remove the last element in ccp_alphas because it corresponds to the trivial tree with only one node:

Let us look at the alpha values:

array([0.00000000e+00, 3.69626135e-18, 1.05030377e-17, 9.85669693e-17,

       3.27385123e-03, 3.67185691e-03, 4.41773872e-03, 4.76287537e-03,

       4.87289573e-03, 5.18731535e-03, 5.91672473e-03, 5.95230722e-03,

       6.26551458e-03, 7.09940909e-03, 7.69724860e-03, 9.74579145e-03,

       1.02593737e-02, 1.09654412e-02, 1.53648842e-02, 1.57288875e-02,

       1.58774760e-02, 1.92036569e-02, 2.16575285e-02, 3.09057471e-02,

       3.95806697e-02, 3.98197291e-02, 6.66638162e-02, 9.33079543e-02])

We loop over the subtrees associated to these alpha values:

To choose the "best" tree (i.e. the best value for alpha), let us look at various performance metrics:

Looking at all the above validation perfomance metrics, we choose the value ccp_alpha=0.019. Indeed, the corresponding tree has high accuracy and AUC, and a good ratio TP/FP.

Rhône disch. ≤ 206.69
entropy = 1.0

samples = 516
value = [258.0, 258.0]

class = 1

Air Temp. ≤ 19.95
entropy = 0.164
samples = 302

value = [170.677, 4.23]
class = 0

True

Water Temp. ≤ 15.015
entropy = 0.821
samples = 214

value = [87.323, 253.77]
class = 1

False

entropy = 0.0
samples = 294

value = [166.708, 0.0]
class = 0

entropy = 0.999
samples = 8

value = [3.969, 4.23]
class = 1

entropy = 0.0
samples = 40

value = [22.681, 0.0]
class = 0

Water Temp. ≤ 20.101
entropy = 0.728
samples = 174

value = [64.642, 253.77]
class = 1

Rhône disch. ≤ 328.199
entropy = 0.551
samples = 115

value = [34.022, 232.623]
class = 1

Air Temp. ≤ 18.35
entropy = 0.976
samples = 59

value = [30.62, 21.148]
class = 0

Prec. ≤ 0.15
entropy = 0.853
samples = 62

value = [26.084, 67.672]
class = 1

entropy = 0.269
samples = 53

value = [7.938, 164.951]
class = 1

Rhône disch. ≤ 248.674
entropy = 0.781
samples = 52

value = [20.413, 67.672]
class = 1

entropy = 0.0
samples = 10

value = [5.67, 0.0]
class = 0

entropy = 0.37
samples = 11

value = [2.268, 29.607]
class = 1

Air Temp. ≤ 21.1
entropy = 0.907
samples = 41

value = [18.145, 38.066]
class = 1

entropy = 0.0
samples = 13

value = [7.371, 0.0]
class = 0

entropy = 0.761
samples = 28

value = [10.774, 38.066]
class = 1

entropy = 0.409
samples = 5

value = [1.134, 12.689]
class = 1

Air Temp. ≤ 24.95
entropy = 0.765
samples = 54

value = [29.486, 8.459]
class = 0

entropy = -0.0
samples = 43

value = [24.382, 0.0]
class = 0

entropy = 0.955
samples = 11

value = [5.103, 8.459]
class = 1

Let us predict the output classes with the pruned tree for the training dataset:

array([[400,  55],

       [  0,  61]], dtype=int64)

The training accuracy and AUC of the pruned tree:

Training accuracy rate: 89.34%

Training error rate: 10.66%

Training AUC: 0.97


Let us predict the output classes with the pruned tree for the validation dataset:

array([[125,  28],

       [  4,  15]], dtype=int64)

Let us look at the list of validation data points with their predictions:

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. class prediction

239 234.187 -6.8 6.412125 5.3 136 0.0 0 0

494 197.990 13.0 18.446555 1.4 11 0.0 0 0

184 244.981 20.6 21.979438 1.8 11 2.4 0 0

12 78.337 1.0 7.416111 0.8 59 0.0 0 0

832 226.868 19.2 19.137563 1.4 11 0.0 0 1

The validation data points that are predicted as positive:

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. class prediction

832 226.868 19.2 19.137563 1.4 11 0.0 0 1

488 293.384 22.2 19.037473 1.7 11 0.0 0 1

795 509.102 18.3 17.206294 2.3 11 29.9 1 1

69 374.114 22.7 19.305678 2.6 11 14.0 0 1

821 251.506 21.5 19.132342 1.9 11 0.0 1 1

The validation accuracy and AUC of the pruned tree:

Validation accuracy rate: 81.40%

Validation error rate: 18.60%

Validation AUC: 0.83


The ROC curve of the pruned tree:

Random forest
The best decision tree gave rather good results, but let us try to built a better model by using a random forest.

Let us first build a random forest model by using the entropy as impurity index, 200 trees, samples of size equal to the size of the training dataset but with replacement, m=sqrt(6)=2 input variables for each question (or split) of

the tree:

Here the random_state variable controls the internal random generator that is used by the random forest algorithm (for example for selecting data points from the training dataset to make the M bootstrap training subsets or for

selecting m features from all the input features while building the M trees).

To show all the possible options, you may type help(RandomForestClassifier), or look at the sklearn documentation :

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html

Let us plot the validation AUC as a function of the number of trees used in the random forest:

We see that we should use about 20 trees:

Let us predict the output classes for the training dataset with the random forest model:

array([[455,   0],

       [  2,  59]], dtype=int64)

The training accuracy and AUC of the "best" random forest:

Training accuracy rate: 99.61%

Training error rate: 0.39%

Training AUC: 1.00


We see that the random forest has perfecly learned the training data.

Let us predict the output classes for the validation dataset:

array([[149,   4],

       [ 11,   8]], dtype=int64)

The corresponding validation accuracy and AUC:

Validation accuracy rate: 91.28%

Validation error rate: 8.72%

Validation AUC: 0.90


Let us compute and plot the importance (of all the variables):

Water Temp.     0.382221

Rhône disch.    0.295143

Air Temp.       0.180806

Wind Spd.       0.076740

Thermo. dph     0.040571

Prec.           0.024518

dtype: float64

We see that the two most important predictors are "Water Temp." and "Rhône disch.". To understand this results, you may want to look back at the previous decision trees and scatter plots.

Best model
Comparing the best decision tree with the best random forest on the validation dataset, we choose the best random forest as our final model because it gives a better ratio TP/FP.

Let us apply the best random forest to the test dataset:

array([[145,   2],

       [ 12,  14]], dtype=int64)

Finally the test accuracy:

Test accuracy rate: 91.91%

Test error rate: 8.09%

Test AUC: 0.96


The ROC curve:

Predictions for the dataset from 1958 to 2021
Let us now apply our best model, namely the best random forest, to the dataset from 1958 to 2021.

Let us load the new dataset:

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec.

0 49.0 -2.6 7.882593 0.1 12 0.0

1 50.5 -3.4 7.848949 0.4 12 0.0

2 61.2 -1.3 7.815305 0.6 12 0.0

Let us look at the list of validation data points with their predictions:

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. prediction

0 49.0 -2.6 7.882593 0.1 12 0.0 0

1 50.5 -3.4 7.848949 0.4 12 0.0 0

2 61.2 -1.3 7.815305 0.6 12 0.0 0

3 62.8 0.5 7.781661 0.1 12 2.1 0

4 50.5 4.9 7.748017 6.2 12 12.4 0

Rhône disch. Air Temp. Water Temp. Wind Spd. Thermo. dph Prec. prediction

167 335.0 19.3 15.348148 3.5 12 0.0 1

168 352.0 20.9 15.550000 2.0 12 0.0 1

169 382.0 20.2 15.637500 4.7 12 0.0 1

170 395.0 17.8 15.725000 6.2 12 17.4 1

189 329.0 18.9 17.597500 3.8 12 0.0 1

Save the results in a file:

BONUS: The classification regions and associated decision boundaries
We will use a home made decision plot funtion written by Stephanie W.:

Decision Trees: Let us make the decision tree model with only the two best features:

Rhône disch. ≤ 206.69
entropy = 1.0

samples = 516
value = [258.0, 258.0]

class = 1

Water Temp. ≤ 17.794
entropy = 0.164
samples = 302

value = [170.677, 4.23]
class = 0

True

Water Temp. ≤ 15.015
entropy = 0.821
samples = 214

value = [87.323, 253.77]
class = 1

False

entropy = -0.0
samples = 265

value = [150.264, 0.0]
class = 0

entropy = 0.661
samples = 37

value = [20.413, 4.23]
class = 0

entropy = 0.0
samples = 40

value = [22.681, 0.0]
class = 0

entropy = 0.728
samples = 174

value = [64.642, 253.77]
class = 1

Let us plot the decision boundaries (with corresponding predicted class domains) based on the training datatset, and add the training data points:

Validation accuracy rate: 76.16%

Validation error rate: 23.84%

Validation AUC: 0.86


Random Forests: Let us make the random forest model with only the two best features:

Let us plot the decision boundaries (with corresponding predicted class domains) based on the training datatset, and add the training data points:

Validation accuracy rate: 91.86%

Validation error rate: 8.14%

Validation AUC: 0.90


In [1]: from sklearn.tree import DecisionTreeClassifier,export_graphviz

from sklearn.metrics import confusion_matrix,roc_curve,roc_auc_score

from sklearn.model_selection import train_test_split

from sklearn.ensemble import RandomForestClassifier

from matplotlib.colors import ListedColormap

import matplotlib.pyplot as plt

import seaborn as sns

import pandas as pd

import numpy as np

import matplotlib

import sklearn

import graphviz

import random



import os

os.environ["PATH"] += os.pathsep + 'C:/Users/gaelm/DT_and_RF/Graphviz/bin/'


In [2]: from platform import python_version

print("Python:",python_version())

print("sklearn:",sklearn.__version__)

print("matplotlib:",matplotlib.__version__)

print("seaborn:",sns.__version__)

print("pandas:",pd.__version__)

print("numpy:",np.__version__)

print("graphviz:",graphviz.__version__)


In [3]: %matplotlib inline


In [4]: data=pd.read_table("observations_class.txt",sep=',',header=None,names=['date','Rhône disch.','Air Temp.','Water Temp.','Wind Spd.','Thermo. dph','Prec.','class'])

data.drop('date',inplace=True,axis=1)

data.head(3)


Out[4]:

In [5]:  data[data.isna().any(axis=1)]


Out[5]:

In [6]:  data=data.dropna()


In [7]: data.shape


Out[7]:

In [8]: data.describe()


Out[8]:

In [9]: data.groupby("class").size()


Out[9]:

In [10]: colors=["red","blue"]

customPalette=sns.set_palette(sns.color_palette(colors))

sns.pairplot(data,hue='class',palette=customPalette)


Out[10]:

In [11]: sns.pairplot(data,hue='class',palette=customPalette,diag_kws=dict(common_norm=False))


Out[11]:

In [12]: seed=9

np.random.seed(seed)

random.seed(seed)

random_state=seed



training,test,trainingtarget,testtarget=train_test_split(data.loc[:,data.columns != "class"],data.loc[:,"class"],

                                                         test_size=0.2,random_state=random_state)

training,validation,trainingtarget,validationtarget=train_test_split(training,trainingtarget,

                                                                     test_size=0.25,random_state=random_state) # 0.25 x 0.8 = 0.2


In [13]: print("Training class 0:",(trainingtarget==0).sum())

print("Training class 1:",(trainingtarget==1).sum())



print("Validation class 0:",(validationtarget==0).sum())

print("Validation class 1:",(validationtarget==1).sum())



print("Test class 0:",(testtarget==0).sum())

print("Test class 1:",(testtarget==1).sum())


In [14]: fig,ax=plt.subplots(1,3,figsize=(18, 5))



colormap = matplotlib.colors.ListedColormap(["red","blue"])



ax[0].scatter(training["Water Temp."],training["Rhône disch."],c=trainingtarget,cmap=colormap)

ax[0].set_xlabel("Water Temp. (°C)")

ax[0].set_ylabel("Rhone Disch. ($m^{3}$ $s^{-1}$)")

ax[0].set_xlim([0,25])

ax[0].set_ylim([0,600])

ax[0].set_title("Training dataset")



ax[1].scatter(validation["Water Temp."],validation["Rhône disch."],c=validationtarget,cmap=colormap)

ax[1].set_xlabel("Water Temp. (°C)")

ax[1].set_ylabel("Rhone Disch. ($m^{3}$ $s^{-1}$)")

ax[1].set_xlim([0,25])

ax[1].set_ylim([0,600])

ax[1].set_title("Validation dataset")



ax[2].scatter(test["Water Temp."],test["Rhône disch."],c=testtarget,cmap=colormap)

ax[2].set_xlabel("Water Temp. (°C)")

ax[2].set_xlim([0,25])

ax[2].set_ylim([0,600])

ax[2].set_ylabel("Rhone Disch. ($m^{3}$ $s^{-1}$)")

ax[2].set_title("Test dataset")



plt.show()


In [15]: tree=DecisionTreeClassifier(criterion="entropy",class_weight="balanced",max_depth=2,min_impurity_decrease=0.01,random_state=random_state)

tree=tree.fit(training,trainingtarget)


In [16]: dot_data=export_graphviz(tree,out_file=None,feature_names=list(training),class_names=["0","1"],

                         filled=True,rounded=True,special_characters=True)  

graph=graphviz.Source(dot_data, format="pdf")

graph


Out[16]:

In [17]: predictions_training=tree.predict(training)

confusion_matrix(trainingtarget,predictions_training)


Out[17]:

In [18]: scores=tree.score(training,trainingtarget)

predictions=tree.predict_proba(training)[:,1]

AUC=roc_auc_score(trainingtarget,predictions)



print("Training accuracy rate: %.2f%%"%(scores*100))

print("Training error rate: %.2f%%"%(100-scores*100))

print("Training AUC: %.2f"%(AUC))


In [19]: predictions_validation=tree.predict(validation)

confusion_matrix(validationtarget,predictions_validation)


Out[19]:

In [20]: scores=tree.score(validation,validationtarget)

predictions=tree.predict_proba(validation)[:,1]

AUC=roc_auc_score(validationtarget,predictions)



print("Validation accuracy rate: %.2f%%"%(scores*100))

print("Validation error rate: %.2f%%"%(100-scores*100))

print("Validation AUC: %.2f"%(AUC))


In [21]: tree=DecisionTreeClassifier(criterion="entropy",class_weight="balanced",random_state=random_state)

tree=tree.fit(training,trainingtarget)


In [22]: dot_data=export_graphviz(tree,out_file=None,feature_names=list(training),class_names=["0","1"],

                         filled=True,rounded=True,special_characters=True)  

graph=graphviz.Source(dot_data, format="pdf") 

graph


Out[22]:

In [23]: path=tree.cost_complexity_pruning_path(training,trainingtarget)

ccp_alphas=path.ccp_alphas


In [24]: ccp_alphas=ccp_alphas[:-1]


In [25]: ccp_alphas


Out[25]:

In [26]: subtrees=[]

for ccp_alpha in ccp_alphas:

    subtree=DecisionTreeClassifier(criterion="entropy",class_weight="balanced",ccp_alpha=ccp_alpha,random_state=random_state)

    subtree.fit(training,trainingtarget)

    subtrees.append(subtree)


In [27]: depths=[subtree.tree_.max_depth for subtree in subtrees]



validation_accuracies=[]

validation_aucs=[]

validation_TPRs=[]

validation_TNRs=[]

validation_FPRs=[]

validation_PPVs=[]

validation_TPs=[]

validation_FPs=[]

for subtree in subtrees:

    validation_accuracy=subtree.score(validation,validationtarget)
    validation_accuracies.append(validation_accuracy)

    

    prediction_probabilities=subtree.predict_proba(validation)[:,1]

    AUC=roc_auc_score(validationtarget,prediction_probabilities)

    validation_aucs.append(AUC)

    

    predictions_validation=subtree.predict(validation)

    cm=confusion_matrix(validationtarget,predictions_validation)

    

    TN=cm[0,0]

    FP=cm[0,1]

    FN=cm[1,0]

    TP=cm[1,1]

    

    validation_TPs.append(TP)

    validation_FPs.append(FP)

    

    # Sensitivity, recall, or true positive rate

    # (the ability of the classifier to find all the positive samples)

    TPR=TP/(TP+FN) 

    validation_TPRs.append(TPR)

    

    # Specificity or true negative rate

    TNR=TN/(TN+FP) 

    validation_TNRs.append(TNR)

    

    # Fall out or false positive rate

    FPR=FP/(FP+TN)

    validation_FPRs.append(FPR)

    

    # Precision or positive predictive value 

    # (the ability of the classifier not to label a negative sample as positive)

    PPV=TP/(TP+FP) 

    validation_PPVs.append(PPV)


In [28]: fig,ax=plt.subplots(4,1,figsize=(15, 20))



ax[0].plot(ccp_alphas,depths,marker='o',drawstyle="steps-post")

ax[0].set_xlabel("alpha")

ax[0].set_ylabel("Depth of the tree")



line1, =ax[1].plot(ccp_alphas,validation_accuracies,marker='o',drawstyle="steps-post",label='Accuracy')

line2, =ax[1].plot(ccp_alphas,validation_aucs,marker='x',drawstyle="steps-post",label='AUC')

ax[1].set_xlabel("alpha")

ax[1].legend(handles=[line1,line2])



line1, =ax[2].plot(ccp_alphas,validation_TPRs,marker='o',drawstyle="steps-post",label='TPR',color="red")

line2, =ax[2].plot(ccp_alphas,validation_TNRs,marker='o',drawstyle="steps-post",label='TNR',color="blue")

line3, =ax[2].plot(ccp_alphas,validation_FPRs,marker='o',drawstyle="steps-post",label='FPR',color="green")

line4, =ax[2].plot(ccp_alphas,validation_PPVs,marker='o',drawstyle="steps-post",label='PPV',color="black")

ax[2].set_xlabel("alpha")

ax[2].legend(handles=[line1,line2,line3,line4])



line1, =ax[3].plot(ccp_alphas,validation_TPs,marker='o',drawstyle="steps-post",label='TP')

line2, =ax[3].plot(ccp_alphas,validation_FPs,marker='o',drawstyle="steps-post",label='FP')

ax[3].set_xlabel("alpha")

ax[3].legend(handles=[line1,line2])



plt.show()


In [29]: tree_pruned=DecisionTreeClassifier(criterion="entropy",class_weight="balanced",ccp_alpha=0.019,random_state=random_state)

tree_pruned=tree_pruned.fit(training,trainingtarget)


In [30]: dot_data=export_graphviz(tree_pruned,out_file=None,feature_names=list(training),class_names=["0","1"],

                         filled=True,rounded=True,special_characters=True)  

graph=graphviz.Source(dot_data, format="pdf") 

graph 


Out[30]:

In [31]: predictions_training=tree_pruned.predict(training)

confusion_matrix(trainingtarget,predictions_training)


Out[31]:

In [32]: scores=tree_pruned.score(training,trainingtarget)

predictions=tree_pruned.predict_proba(training)[:,1]

fpr,tpr,thresholds=roc_curve(trainingtarget,predictions)

AUC=roc_auc_score(trainingtarget,predictions)



print("Training accuracy rate: %.2f%%"%(scores*100))

print("Training error rate: %.2f%%"%(100-scores*100))

print("Training AUC: %.2f"%(AUC))


In [33]: predictions_validation=tree_pruned.predict(validation)

confusion_matrix(validationtarget,predictions_validation)


Out[33]:

In [34]: predictions=pd.DataFrame(predictions_validation,columns=["prediction"])
predictions.index=validation.index

frames=[validation,validationtarget,predictions]

results_validation=pd.concat(frames,axis=1)

results_validation.head()


Out[34]:

In [35]: results_validation[results_validation["prediction"]==1].head()


Out[35]:

In [36]: scores=tree_pruned.score(validation,validationtarget)

predictions=tree_pruned.predict_proba(validation)[:,1]

fpr,tpr,thresholds=roc_curve(validationtarget,predictions)

AUC=roc_auc_score(validationtarget,predictions)



print("Validation accuracy rate: %.2f%%"%(scores*100))

print("Validation error rate: %.2f%%"%(100-scores*100))

print("Validation AUC: %.2f"%(AUC))


In [37]: plt.plot(fpr,tpr,color="darkorange",label="(AUC = %0.2f)"%AUC)

plt.plot([0, 1],[0, 1],color="navy",lw=2,linestyle="--")

plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.legend(loc="lower right")

plt.title('ROC curve')

plt.show()


In [38]: random_forest=RandomForestClassifier(criterion="entropy",class_weight="balanced",n_estimators=200,bootstrap=True,max_samples=1.0,max_features=2,random_state=random_state)

random_forest=random_forest.fit(training,trainingtarget)


In [39]: validation_accuracies=[]

validation_aucs=[]

validation_TPRs=[]

validation_TNRs=[]

validation_FPRs=[]

validation_PPVs=[]

validation_TPs=[]

validation_FPs=[]

for n in range(1,200):

    random_forest.set_params(n_estimators=n)

    random_forest.fit(training,trainingtarget)

    

    validation_accuracy=random_forest.score(validation,validationtarget)

    validation_accuracies.append(validation_accuracy)    

    

    predictions=random_forest.predict_proba(validation)[:,1]

    AUC=roc_auc_score(validationtarget,predictions)
    validation_aucs.append(AUC)   

    

    predictions_validation=random_forest.predict(validation)

    cm=confusion_matrix(validationtarget,predictions_validation)

    

    TN=cm[0,0]

    FP=cm[0,1]

    FN=cm[1,0]

    TP=cm[1,1]

    

    validation_TPs.append(TP)

    validation_FPs.append(FP)

    

    TPR=TP/(TP+FN) 

    validation_TPRs.append(TPR)

    

    TNR=TN/(TN+FP) 

    validation_TNRs.append(TNR)

    

    FPR=FP/(FP+TN)

    validation_FPRs.append(FPR)

    

    PPV=TP/(TP+FP) 

    validation_PPVs.append(PPV)


In [40]: fig,ax=plt.subplots(3,1,figsize=(15, 20))



x=range(1,200)



line1, =ax[0].plot(x,validation_accuracies,marker='o',drawstyle="steps-post",label='Accuracy')

line2, =ax[0].plot(x,validation_aucs,marker='x',drawstyle="steps-post",label='AUC')

ax[0].set_xlabel("Number of trees")

ax[0].legend(handles=[line1,line2])



line1, =ax[1].plot(x,validation_TPRs,marker='o',drawstyle="steps-post",label='TPR',color="red")

line2, =ax[1].plot(x,validation_TNRs,marker='o',drawstyle="steps-post",label='TNR',color="blue")

line3, =ax[1].plot(x,validation_FPRs,marker='o',drawstyle="steps-post",label='FPR',color="green")

line4, =ax[1].plot(x,validation_PPVs,marker='o',drawstyle="steps-post",label='PPV',color="black")

ax[1].set_xlabel("Number of trees")

ax[1].legend(handles=[line1,line2,line3,line4])



line1, =ax[2].plot(x,validation_TPs,marker='o',drawstyle="steps-post",label='TP')

line2, =ax[2].plot(x,validation_FPs,marker='o',drawstyle="steps-post",label='FP')

ax[2].set_xlabel("Number of trees")

ax[2].legend(handles=[line1,line2])



plt.show()


In [41]: random_forest=RandomForestClassifier(criterion="entropy",class_weight="balanced",n_estimators=20,bootstrap=True,max_samples=1.0,max_features=2,random_state=random_state)

random_forest=random_forest.fit(training,trainingtarget)


In [42]: predictions=random_forest.predict(training)

confusion_matrix(trainingtarget,predictions)


Out[42]:

In [43]: scores=random_forest.score(training,trainingtarget)

predictions=random_forest.predict_proba(training)[:,1]

AUC=roc_auc_score(trainingtarget,predictions)



print("Training accuracy rate: %.2f%%"%(scores*100))

print("Training error rate: %.2f%%"%(100-scores*100))

print("Training AUC: %.2f"%(AUC))


In [44]: predictions=random_forest.predict(validation)

confusion_matrix(validationtarget,predictions)


Out[44]:

In [45]: scores=random_forest.score(validation,validationtarget)

predictions=random_forest.predict_proba(validation)[:,1]
AUC=roc_auc_score(validationtarget,predictions)



print("Validation accuracy rate: %.2f%%"%(scores*100))

print("Validation error rate: %.2f%%"%(100-scores*100))

print("Validation AUC: %.2f"%(AUC))


In [46]: feature_importance=pd.Series(random_forest.feature_importances_,index=list(training)).sort_values(ascending=False)

feature_importance


Out[46]:

In [47]: sns.barplot(x=feature_importance,y=feature_importance.index)

plt.xlabel('Importance Score')

#plt.title("Random Forest - Important Features")

plt.show()


In [48]: best_model=random_forest


In [49]: predictions=best_model.predict(test)

confusion_matrix(testtarget,predictions)


Out[49]:

In [50]: scores=best_model.score(test,testtarget)

predictions=best_model.predict_proba(test)[:,1]

fpr,tpr,thresholds=roc_curve(testtarget,predictions)

AUC=roc_auc_score(testtarget,predictions)



print("Test accuracy rate: %.2f%%"%(scores*100))

print("Test error rate: %.2f%%"%(100-scores*100))

print("Test AUC: %.2f"%(AUC))


In [51]: plt.plot(fpr,tpr,color="darkorange",label="(AUC = %0.2f)"%AUC)

plt.plot([0, 1],[0, 1],color="navy",lw=2,linestyle="--")

plt.xlabel("False Positive Rate")

plt.ylabel("True Positive Rate")

plt.legend(loc="lower right")

plt.title('ROC curve')

plt.show()


In [52]: new_data=pd.read_table("test_for_class.txt",sep=',',header=None,names=['date','Rhône disch.','Air Temp.','Water Temp.','Wind Spd.','Thermo. dph','Prec.','class'])

new_data.drop('date',inplace=True,axis=1)

new_data.drop('class',inplace=True,axis=1)

new_data.head(3)


Out[52]:

In [53]: predictions_new_data=best_model.predict(new_data)


In [54]: predictions=pd.DataFrame(predictions_new_data,columns=["prediction"])

predictions.index=new_data.index

frames=[new_data,predictions]

results=pd.concat(frames,axis=1)

results.head()


Out[54]:

In [55]: results[results["prediction"]==1].head()


Out[55]:

In [56]: results.to_csv("results_1958_2021.txt",index=None,sep='\t')


In [57]: def plot_class_map(clf, X, y, title="", **params):

    

    clf.fit(X.values, y.values)

    

    x_min, x_max = X.iloc[:, 0].min() - .1, X.iloc[:, 0].max() + .1

    y_min, y_max = X.iloc[:, 1].min() - .1, X.iloc[:, 1].max() + .1

    

    xx, yy = np.meshgrid(np.linspace(x_min, x_max, 100),np.linspace(y_min, y_max, 100))

    

    Z = clf.predict(np.c_[xx.ravel(), yy.ravel()])

    Z = Z.reshape(xx.shape)



    plt.figure()



    cmap_light = ListedColormap(['#FFAAAA', '#AAFFAA', '#AAAAFF'])

    cmap_bold = ListedColormap(['#FF0000', '#00FF00', '#0000FF'])

    

    plt.pcolormesh(xx, yy, Z, cmap=cmap_light)

    

    plt.scatter(X.iloc[:, 0], X.iloc[:, 1], c=y, cmap=cmap_bold)

    plt.xlabel('Water Temp.')

    plt.ylabel('Rhône disch.')

    plt.axis('tight')

    plt.title(title)


In [58]: training_subset=training[["Water Temp.","Rhône disch."]]
validation_subset=validation[["Water Temp.","Rhône disch."]]



tree=DecisionTreeClassifier(criterion="entropy",class_weight="balanced",max_depth=2,min_impurity_decrease=0.01,random_state=random_state)

tree=tree.fit(training_subset,trainingtarget)



dot_data=export_graphviz(tree,out_file=None,feature_names=list(training_subset),class_names=["0","1"],

                         filled=True,rounded=True,special_characters=True)  

graph=graphviz.Source(dot_data, format="pdf") 

graph 


Out[58]:

In [59]: plot_class_map(tree,training_subset,trainingtarget)

In [60]: scores=tree.score(validation_subset.values,validationtarget.values)

predictions=tree.predict_proba(validation_subset.values)[:,1]
AUC=roc_auc_score(validationtarget,predictions)



print("Validation accuracy rate: %.2f%%"%(scores*100))

print("Validation error rate: %.2f%%"%(100-scores*100))

print("Validation AUC: %.2f"%(AUC))


In [61]: random_forest=RandomForestClassifier(criterion="entropy",class_weight="balanced",n_estimators=200,bootstrap=True,max_samples=1.0,max_features=2,random_state=random_state)

random_forest=random_forest.fit(training_subset,trainingtarget)


In [62]: validation_accuracies=[]

validation_aucs=[]

validation_TPs=[]

validation_FPs=[]

for n in range(1,200):

    random_forest.set_params(n_estimators=n)

    random_forest.fit(training_subset,trainingtarget)

    

    validation_accuracy=random_forest.score(validation_subset,validationtarget)

    validation_accuracies.append(validation_accuracy)    

    

    predictions=random_forest.predict_proba(validation_subset)[:,1]

    AUC=roc_auc_score(validationtarget,predictions)
    validation_aucs.append(AUC)   

    

    predictions_validation=random_forest.predict(validation_subset)

    cm=confusion_matrix(validationtarget,predictions_validation)

    

    TN=cm[0,0]

    FP=cm[0,1]

    FN=cm[1,0]

    TP=cm[1,1]

    

    validation_TPs.append(TP)

    validation_FPs.append(FP)


In [63]: fig,ax=plt.subplots(2,1,figsize=(15, 10))



x=range(1,200)



line1, =ax[0].plot(x,validation_accuracies,marker='o',drawstyle="steps-post",label='Accuracy')

line2, =ax[0].plot(x,validation_aucs,marker='x',drawstyle="steps-post",label='AUC')

ax[0].set_xlabel("Number of trees")

ax[0].legend(handles=[line1,line2])



line1, =ax[1].plot(x,validation_TPs,marker='o',drawstyle="steps-post",label='TP')

line2, =ax[1].plot(x,validation_FPs,marker='o',drawstyle="steps-post",label='FP')

ax[1].set_xlabel("Number of trees")

ax[1].legend(handles=[line1,line2])



plt.show()


In [64]: random_forest=RandomForestClassifier(criterion="entropy",class_weight="balanced",n_estimators=150,bootstrap=True,max_samples=1.0,max_features=2,random_state=random_state)

random_forest=random_forest.fit(training_subset,trainingtarget)


In [65]: plot_class_map(random_forest,training_subset,trainingtarget)


In [66]: scores=random_forest.score(validation_subset.values,validationtarget.values)

predictions=random_forest.predict_proba(validation_subset.values)[:,1]

AUC=roc_auc_score(validationtarget,predictions)



print("Validation accuracy rate: %.2f%%"%(scores*100))

print("Validation error rate: %.2f%%"%(100-scores*100))

print("Validation AUC: %.2f"%(AUC))


In [ ]:  


https://graphviz.org/download/
https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeClassifier.html
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html

