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== KAGGLE
Home of frustration and despair

<r Competitions Contributor
(J 0/2 bronze medals

<r Kernels Contributor
(J 0/5 bronze medals

<r Discussion Contributor
J 1/50 bronze medals
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== FEATURE ENGINEERING IS CRUEL

RAW DATA

mdg FEATURE ENGINEERING
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O 1 > RECALLS & DEFINITIONS




== BOOSTING : LEARNING FROM YOUR MISTAKES

Simple binary classification problem using two variables
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== BOOSTING- WEAK LEARNERS - ROUND 1

First weak learner on one variable splits the dataset
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BOOSTING—- WEAK LEARNERS - ROUND 2

Since first weak learner is too weak, it asks help from second weak learner

Xz

X1
I got all the O on the left hand

side right. However, I got 4 O
wrong on the right hand side,

and I highlighted them ! h h
1 2
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Don’t worry, I’'ll
handle them !




== BOOSTING- WEAK LEARNERS - ROUND 2

Second weak learner correctly predicts the mistakes of first weak learner

Xz
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== ADABOOST - WEAK LEARNERS - ROUND 3

But second weak learner also needs help...

Xz

h;
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== BOOSTING- WEAK LEARNERS - ROUND FINAL

Altogether the three weak learners make a strong learner

Xz

h,

h, h;

H = Xaihi ai=%ln(
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== GRADIENT BOOSTING

® At the first stage, the overall hypothesis H is equal to h1

® What is the role of h2 ? Make sure that h1 + h2 is equal
toy,i.e

vi € (1,..,n) H(x) + hy(x;) = y;

vie(@,..,n) hy(x;))= y;— H(x;)

SOLUTION h,.fit(X,y — H)

With, Then,

jy, Hx)) = H(x;) = H(x;) — vie(,..,n)

2 aH(xi)
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ROC AUC — A METRIC FOR CLASSIFICATION
Definition of the confusion matrix

Real value
Positive Negative
Positive True Positive False Positive
Prediction

Negative False Negative True Negative
iFi False positive
TPR = Y True positive FPR= ) . p ve

Y Postive Condition Y. NegativeCondition
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== ROC CURVE - A PARAMETRIC CURVE WITH THE THRESHOLD
How to post process your predictions ?

pred true

43123 | 0.229203

24080 | 0.232772

70632 | 0.236211

15958 | 0.239722

61074 |0.248302 |0

51413 0.243677

63564 | 0.253800

72346 | 0.260722 | 1 ® According to the threshold
on the predicted
probability, | am going to
generate False Positive, or
False Negative

o

61074 | 0.248302

63564 | 0.253800

72346 | 0.260722
44533 |0.270871

44533 (0.270871

68135 | 0.280703 68135 |0.280703
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735770.365904

—

66162 | 0.333712 | 1
44743 | 0.410899

—

55067 | 0.469812

—

29718|0.541483

71963 |0.617832

47659 | 0.713352
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18209 | 0.828930
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== ROC CURVE - A PARAMETRIC CURVE WITH THE THRESHOLD
We can plot the TPR wrt to the FPR according to the threshold

ROC curve

10

0.8 A1

0.6 1

0.4 1

True Positive Rate

0.2 -
threshold - 1.p0
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== ROC AUC - AREA UNDER THE CURVE

True Positive Rate

ROC curve
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auc_score : 0.94

0.0 0.2
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== ENSEMBLE METHODS : JOIN THE PACK
A collection of weak learners is better than a unique large learner

WEAK WEAK WEAK WEAK
LEARNER LEARNER LEARNER LEARNER

From Elements of statistical learning, Hastie

0.5

0.4

0.3
|

244 Node Tree

Test Error

0.1

0.0
|

T T I T I
0 100 200 300 400

Boosting Iterations
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== FEATURE IMPORTANCE ? JUST COUNT THEM UP!
Each split is equally important, so feature importance is just a cumulative sum

Search kaggle (o} Competitions Datasets Kernels Discussion Jobs «¢-- Sign In

Santander Customer Satisfaction

& Santander Which customers are happy customers?

$60,000 - 5,123 teams - a year ago

0.16
0.14
0.12

® Xgboost binary classification

0.1

0.06

0.04

0.02 |
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® Feature importance computation

® 0.83 ROCAUC (cross validated) ] ‘
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== CUMULATIVE SUM IS NOT ROBUST
Adding a noise variable changes the importance of features

® Without any feature engineering, add random noise (uniform distribution between 0-1)

0.12

0.1

® Xgboost binary classification

. 0.08

® SAME PERFORMANCE (0.83)

0.04
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== TREES ARE HIERARCHICAL
A feature importance is associated with the number of occurrences it handles

X, <3 1500 / 311

X, <0.8 750/ 234 750/ 77

X; <01 JRIE X, <54 JIeN Xz <83 KR

-5.34 -23.37 -0.09

3.4 124 @ -0.003

150/10 584 /58 26/ 166 120/ 50 280/23 337/0 23/4
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== GRADIENT BOOSTING STRUCTURE
Trees make mistakes to train subsequent trees

booster[0]:
0: [saldo_var30<2.955] yes=1,n0=2,missing=1,gain=223.785, cover=15204
1: [varl5<28] yes=3,n0=4,missing=3,gain=301.257,cover=4276.25
3: [saldo_var8<2.085] yes=7,n0=8,missing=7,gain=3.61861, cover=2239
7: [var38<13396] yes=15,n0=16,missing=15,gain=3.6216, cover=2238
15: leaf=-0, cover=1
16: [imp_op_var39_comer_ult3<1613.43] yes=27,n0=28,missing=27,gain=2.73829, cover=2237
27: [varl5<26] yes=45,n0=46,missing=45,gain=1.65054, cover=2235.75
45: [noise<0.00132532] yes=71,n0=72,missing=71,gain=0.635187, cover=1888.5
71: [noise<0.00100589] yes=99,n0=100,missing=99,gain=0.854701,cover=2.25
99: leaf=-0.111111, cover=1.25
100: leaf=-0, cover=1
72:leaf=-0.192529, cover=1886.25
46: [ID<151300] yes=73,n0=74,missing=73,gain=5.9299, cover=347.25
73: [var38<47875.7] yes=101,n0=102,missing=101,gain=3.33744,cover=346
101: leaf=-0.133333, cover=27.5
102: leaf=-0.183412, cover=318.5
74: leaf=0.0222222, cover=1.25
28: leaf=-0.0222222, cover=1.25
8:leaf=-0, cover=1
4: [var38<117321] yes=9,n0=10,missing=9,gain=55.9796, cover=2037.25
9: [var38<73981.9] yes=17,n0=18,missing=17,gain=17.467,cover=1539.25
17: [saldo_medio_var5_hace3<0.435] yes=29,n0=30,missing=29,gain=15.3777,cover=636
29: [ind_var30_0<1] yes=47,n0=48,missing=47,gain=5.02247,cover=584.5
47: [imp_op_var4@_comer_ult1<695.445] yes=75,n0=76,missing=75,gain=0.141027,cover=12
75:leaf=-0.183333, cover=11
76: leaf=-0.05, cover=1
48: [imp_op_var4l_efect_ult3<405] yes=77,n0=78,missing=77,gain=5.86103,cover=572.5
77: [varl5<33] yes=103,n0=104,missing=103,gain=4.56021, cover=569.5
103: leaf=-0.12487, cover=142.75
104: leaf=-0.101812, cover=426.75
78: [saldo_medio_var8_ ultl<11.58] yes=105,n0=106,missing=105,gain=4.75, cover=3
105: leaf=0.1, cover=2
106: leaf=-0.1, cover=1
30:jnum_od_var41_hace2<431 yes=49,no=50,missing=49,gain=5.43074, cover=51.5
49: [noise<@.0232753] yes=79,n0=80,missing=79,gain=1.47009, cover=50.25
79: leaf=-0.04, cover=1.5
80: [imp_op_var4l_efect_ult3<2850] yes=107,n0=108,missing=107,gain=0.0875811, cover=48.75
107: leaf=-0.177436, cover=47.75
108: leaf=-0.05, cover=1
50: leaf=0.0222222, cover=1.25
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== EVOLUTION OF VARIABLES REGARDING ITERATIONS
Cumulative gain is stable through iterations

Feature importance
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== NOISE ADDITION IN GRADIENT BOOSTING PREDICTION
Noise is used only deeply in the trees with small discrimination power

Variable utilization accorting to booster number

- Noise

— saldo_var30
= varls
—iZe

300 -
250 -

200 -

ol MY ;
|

Cumulative use wrt to booster

100 - | | V /\

i: AT
o Depth 2; 3 : 4 605 6 - 7 & 8
% 0.02 0.12 0.65 2.03 6.5| 16.26 4.4

Part-2 100 90| 88.67| 75.30| 91.79| 86.75 89.6
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== A ROBUST METRIC NOISE-PROOF
It cancels noise, it must be good !

Feature Importance comparison

05—+ [ score_built_in
[ score_custom_inv

0.4

Gain
® Importance = Zevery tree & pooster2
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== |S IT REALLY IMPORTANT FOR EVERYONE ?
A data point does not cross the entireness of the Forest

5.34 -2.37

-12.4 7.008
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GRADIENT BOOSTING PREDICTION IS A SUM
Aggregation of the scores for each leaf

l
fX)= 7.008 + @ + - + @ +

— sig(t) = 1+}2_t 1.0 sig(?)
fX) — =P(Y = 1|X)
t
8 6 4 2 2 16 8
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== _PREDICT : FOLLOW THE PATHS
The score of a leaf is obtained by going through the « gates » of the splits

X
TREE #1 1
SCOT €tree = Hfeat * SCOT €tree
eatures
splits €tree
SCOT€feature = Wi * SCOT€tree
tree€trees

I,feature in tree
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== AGGREGATION OF SEVERAL POINTS

Residual interpretations

® Test
> 10 most False Positives : not a high probability of being zero
> Top 5 contributers toward a positive value (misclassification)

® Results
> Two variables come for 4 of the 10 data points: saldo_medio _var5 haceg3, var3
> ID is in the top : generation of noise

> Lead for investigation BUT does not tell what threshold is faulty
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== HOW MUCH A NODE IS RESPONSIBLE FOR THE FINAL SCORE ?
Using the data point distribution in a leaf, we can back propagate the score

X Xy <3 COVER

Xs <21 COVER

COVER @EEE Xg <83 COVER

5.34 -2.37 -0.09

-12.4 7.008 23.89

COVER COVER COVER COVER
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== .PREDICT : STILL THE SAME THE PATHS
Same same, but different, but still same

T .
T SCOT€ppde = COVETchita * SCOT € nild
children children €COVET
of node
WEIGHTED SCORE
Scorefeature B Z SCOT €y 0de
tree€trees

feature in paths
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== AGGREGATION OF SEVERAL POINTS
Residual interpretations
® Test
> 10 most False Positives : not a high probability of being zero
> Top 5 contributers toward a positive value (misclassification)
® Results
> Not the same variables pointed out
> Killer Features are main contributers

> Maybe look at the hypercube generated in terms of separation in space
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== CORRELATED VARIABLES
Machine Learning is just correlation, not causality

® Without any feature engineering, add highly correlated variable to var15 (95 %)

Feature Importance comparison
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== [NTERPRETATION IS NOT A MIRACLE
Prediction is achievable, but not prescription

« There will always be a compromise between predictive power and interpretabiliy »
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== |[NTERPRETATION IS MORE IMPORTANT THAN PERFORMANCE
A 90% accuracy interpretable model is better than 99% accuracy black box
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== MULTI CLASS / REGRESSION / FINE TUNING
Few leads for the next step

® Multi-class classificiation generates a huge amount of trees with gradient boosting
® Regression split gains are different

® Regression scores are inherently different

® What is the influence of the cost function (L1 — L2) ?

® Taking the threshold into account could lead to hypercube defintions for data
segmentation

® Everything is on my github : Cnstant/feature_importance_gbm
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== THANKS FOR YOUR ATTENTION

® Questions ?
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== RECURSIVITY FOR PATH ENUMERATION
Implementation is to be open sourced

def get paths(node, path=None):
#import pdb; pdb.set trace()
path = path or []

# Copy of the actual path if there is a right child
if node.right:
right path = copy(path)

# Left child inherits the current path
path.append(node)
paths = get paths(result[node.left], path) if node.left else [path]

# Right child is second and extend the result

if node.right:
right path.append(node)
right paths = get paths(result[node.right], right path)
paths.extend(right paths)

# Pass the results back
return paths
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== TREE INTERPRETER FOR RANDOM FOREST
Random Forest are only horizontal

Value:45.59

Value:23.03

LSTAT <= 14.40
Value:19
Value:18.11

Value:14.91

Value:12.95

RM <= 6.94
Value:22.60
Value:33.58

Value:14.40

Value:37.42
Value:45.90

Value:45.10 Value:21.90

Prediction: 14.40 = 22.60 (trainset mean) + 14.82(gain from RM) - 5.12(loss from RM) -
17.9(loss from NOX)
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== TREE INTERPRETER FOR RANDOM FOREST
Can we turn prediction into prescription ?

Apps ' Root Causes Analysis = Best compliance simulation

Compliance Simulation

Extract more value from your scores in three steps :
1. Choose a line ID
2. Examine actionable variables
3. Get the best simulation to minimize/maximize target

E) Select your line ID Select actionable variables
Q Informations 4 Insights A Next best action
Show 10 ¢ entries Search: Show 10 $ entries Search: Show 10 $ entries Search:
Name Value Variable name Contribution % Current Best
score_id 10 vas - 20% vag 4 (4}
source 0.0 V72 1 a% Va4 8.3874314833 47480449677
d 10 vi2 . 6% vid 10.7607964422 8.7284574500
prediction 0421231866448 vas . 6% Scom 04212318684 0.3750204077
via 2.02688433538 vi4 ] %
First Previous Next Last
vie 0.23372161772 vio ' 4%
. ki o | - Current score 0.421.
"3 1.50877205021 0 | 9% Best score achievable 0.375.
vi0 126102009789 vita I a% You can optimize your process by [EiF 3
Vi1 11.6380964667 Va3 | 2%
First Previous Next Last First Previous Next Last
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== LIME
Don’t interpret the model, interpret the stability of the prediction
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== LIME
Feature importance is how much you need to change your value to change class

Feature

Case: 22
Label: high
Probability: 0.0742993801832199

1.119156 < Family
2025072 < Dystopia.Residual <= 2.320632 | NI
Trust..Government Corruption. <= 0.051198 _
Generosity <= 0.123528 |
1.064792 < Economy.. GDP per.Capita. <= 1.275004 [ ]
005 000 005 010

Case: 53
Label: high
Probability: 0.975343108177185

1.275004 < Economy..GDP per.Capita.
0.190242 < Trust..Government.Corruption.
1.004120 < Family <= 1.119156

0.813062 < Health..Life.Expectancy.
2.320632 < Dystopia.Residual <= 2.677426 -
0.0 0.1 0.2 03

Case: 77

Label: high
Probability: 0.00598700065165758
2.025072 < Dystopia.Residual <= 2.320632
Generosity <= 0.123528
Freedom <= 0.257706
1.064792 < Economy..GDP per.Capita. <= 1.275004
Trust..Government Corruption. <= 0.051198

-0.10 -0.05 0.00 0.05
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Case: 22

Label: low
Probability: 0.0290632694959641
1.119156 < Family
1.064792 < Economy..GDP.per.Capita. <= 1.275004
Generosity <= 0.123528
2.025072 < Dystopia.Residual <= 2.320632
Trust..Government.Corruption. <= 0.051198

-0.15 -0.10 -005 000 005 010

Case: 53
Label: low
Probability: 0.000114391499664634

1.275004 < Economy..GDP per.Capita.
2.320632 < Dystopia.Residual <= 2.677426
0.813062 < Health. Life. Expectancy.
1.004120 < Family <= 1.119156

0.190242 < Trust..Government Corruption.
020 .15 010 -0.05 0.00

Case: 77
Label: low
Probability: 0.300860702991486

1.064792 < Economy..GDP.per.Capita. <= 1.275004

Freedom <= 0.257706 |
Generosity <= 0.123528 [ ]
2.025072 < Dystopia.Residual <= 2.320632 I
0.701046 < Health. Life Expectancy. <= 0.813062 [ |
010 005 000 005 010
Weight

. Supports . Contradicts
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Case: 22
Label: medium
Probability: 0.847561955451965

2.025072 < Dystopia.Residual <= 2.320632

Trust .Government.Corruption. <= 0.051198

1.064792 < Economy..GDP_per.Capita. <= 1.275004

0.591822 < Health. Life.Expectancy. <= 0.701046
Generosity <= 0.123528 |||

0.00 0.05 0.10 0.15

Case: 53
Label: medium
Probability: 0.120879232883453
0.190242 < Trust..Government.Corruption.
2.320632 < Dystopia.Residual <= 2.677426 ]
1.275004 < Economy..GDP.per.Capita. _
0.813062 < Health. Life.Expectancy. -
0.237746 < Generosity <= 0.331552 I
010 -005 000 005 0.10

Case: 77

Label: medium
Probability: 0.895432233810425
2.025072 < Dystopia.Residual <= 2.320632
Trust..Government.Corruption. <= 0.051198
1.064792 < Economy..GDP_per.Capita. <= 1.275004
Freedom <= 0257706 [

0.701046 < Health. Life. Expectancy. <= 0.813062

005 000 005 010 015




