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« FIA and FASSA

 MSc Business Analytics Imperial
College
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RAW DATA AND UNDERWRITING PROCESS

Conféfence bigitalisation
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Refer to reinsurer

Cases that cannot be Underwriter
underwritten by RBE review

Cases

Rule-Based accepted/declined
Application —

Engine

Cases
accepted/declined
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Step 1: Carry out natural language processing and k-means
clustering analysis to preprocess free-text variables in the data.

Step 3. Carry out preliminary data analysis and decides on the treatment of missing data.

Step 4: Carry out PCA and correlation-based filter methods before
start modelling. Decide on the suitability of these methods.

Step 5. Use model-dependent Step 6: Train models and
feature selection methods. compare performances.

Step 7: Select the best model and interpret the
modelling results.
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Class Label Description

loading is 0, the application is accepted on standard terms

loading is 1 * 25% = 25%, the application is accepted with loading 25%
loading is 2 * 25% = 50%, the application is accepted with loading 50%
loading is 3 * 25% = 75%, the application is accepted with loading 75%
loading is 4 * 25% = 100%, the application is accepted with loading 100%
loading is 5 * 25% = 125%, the application is accepted with loading 125%
loading is 6 * 25% = 150%, the application is accepted with loading 150%
loading is 7 * 25% = 175%, the application is accepted with loading 175%
loading is 8 * 25% = 200%, the application is accepted with loading 200%
loading is 9 * 25% = 225%, the application is accepted with loading 225%
loading is 10 * 25% = 250%, the application is accepted with loading 250%
loading is 11 * 25% = 275%, the application is accepted with loading 275%
loading is 12 * 25% = 300%, the application is accepted with loading 300%
loading is 13 * 25% = 325%, the application is accepted with loading 325%
loading is 14 * 25% = 350%, the application is accepted with loading 350%
loading is 15 * 25% = 375%, the application is accepted with loading 375%
loading is 16 * 25% = 400%, the application is accepted with loading 400%
the application is accepted with loading greater than 400%

100 declined applications

D PO PO NIV NOO A WN 2O

Table 1: Class labels and descriptions
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* micro average for

precision and
recall scores

« XGB best

performing model
e Training: testing =

80%:20%

Model Name

m & M @ w o o, A

XGBClassifier
RandomForestClassifier
BaggingClassifier
GradientBoostingClassifier
DecisionTreeClassifier
KNeighborsClassifier
AdaBoostClassifier
LogisticRegression

SVC

SGDClassifier

Precision

0.500000
0.760000
0.760000
0.680000
0.660000

0.460000

0.420000
0.380000
0.380000
0.290000
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MODEL PERFORMANCE

Recall

0.800000
0.760000
0.760000
0.680000
0.660000
0.460000
0.420000
0.380000
0.380000

0.230000

1.000000
1.000000
1.000000
1.000000

1.000000

0.430000
0.390000
0.390000

0.290000

Train_Accuracy Test Accuracy

0.800000
0.760000
0.760000
0.650000
0.660000
0.460000
0.420000
0.350000
0.380000

0.290000

F1_Score
0.800000
0.760000
0.760000
0.680000
0.660000
0.460000

0.420000
0.350000
0.380000

0.290000
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Correct vs Incorrect Loading vs Incorrect Decision
12000

10000

8000

6000

4000

2000

M correct prediction incorrect loading  Mincorrect decision

MODEL PERFORMANCE

Incorrect Loading vs Incorrect Decision
450

400
350
300
250
200
150
100

50

incorrect loading B incorrect decision
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Failed Predictions Grouped by Difference

120
100
80
60
40

20
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MODEL PERFORMANCE
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Class Precision Recall Accuracy Count

¢ H Ig h dCCUra Cy fO r Sta n d d rd 0 Standard 0.848 0.923 0.923 831.0
class, large loadings I Loading25% 0941 0653 0653 490
(4 00% + ) , ds we 1 as a feW 2 Loading 50% 0695 0.772 0772 3600

: 3 Loading 75% 0.743 0677 0677 1240
other classes/loadings
g 4  Loading 100% 0.773 0.736 0.736 227.0
[ D6C| | ned Class has fa | rly 5  Loading 125% 0.846 0.767 0.767  43.0
- 6  Loading 150% 0.875 0.798 0798 114.0
high accuracy oacine
7 Loading 175% 1.000 0.800 0.800  15.0

° A feW CI asses W|th IOW 8  Loading 200% 0.673 0.507 0.507  69.0

accu raCieS have a Sma” 9  Loading 225% 0.800 0.500 0.500 8.0
. 10  Loading 250% 0.797 0638 0638 800

nu mbe r Of doata pOI nts’ €. g ) 11 Loading 275% 0857 0857 0857 70
Ioa d N g 3 5 O /0 12 Loading 300% 0.806 0.694 0694  36.0
13  Loading 323% MNaM MNaM MNaM MNaM

14  Loading 350% 0.700 0.467 0467 15.0

15  Loading 375% MNaM MNaM MNaM MNaM

16  Loading 400% 0.957 0.710 0710  31.0

17 Loading 400%+ 0.630 0.895 0.895  19.0

18 Decline 0.787 0.725 0.725 178.0
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Policy 1 Policy 2

Actual decision: standard Actual decision: decline
Predicted decision: decline Predicted decision: standard
TA with SA < 1 mil TA with SA < 1 mil

Age: 72 Age 33

BMI: 26 (overweight) BMI: 20 (healthy)
Occupational Class: 0 Occupational Class: 3
Company X Company M
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Optimal number of features
0.80 ; - — required: 125

o Performance flattens after
about 40 features

Sharp increase in
performance between 20 to
40 features

0.70 1
0.65 1
0.60 1
0.55 4
0.50 A
0.45 -

0.40 1

Cross validation score (nb of comrect classifications)

0 20 a0 &0 80 100 120
Number of features selected
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19-class classification 3-class classification

Model Name Precision Recall Train_Accuracy Test Accuracy F1_Score Model Mame Precision Recall Train_Accuracy Test Accuracy F1_Score
7 XGBClassifier 0807 0807 1.000 0.807 0807 7 XGBClassifier 0911 0.9M 1.000 0.911 0.911
1 RandomForestClassifier 0787 0787 1.000 0.787 0.787 1 RandomForestClassifier 0204 0504 1.000 0.204 0.204
4 BaggingClassifier 0786 0.786 1.000 0.786 0.786 4 BaggingClassifier 03904 0504 1.000 0.904 0.904
0 DecisionTreeClassifier 0688 0B85 1.000 0688 0688 5 GradientBoostingClassifier 0678 0878 1.000 0.878 0.878
5 GradientBoostingClassifier 0.684 0684 1.000 0.684 0.684 0 DecisionTreeClassifier 0.864 0.864 1.000 0.864 0.864
9 KMNeighborsClassifier 0421 0421 0.640 0.421 0.421 3 AdaBoostClassifier 0D.802 0.802 0.784 D.802 D.802
2 AdaBoostClassifier 0.369 0.369 0.349 0.369 0.369 9 KMNeighborsClassifier 0680 0680 0.790 0.680 0.680
& SWC 0.342 0342 0.320 0.342 0342 6 SVC 0.640 0540 0.658 0.640 0.540
2 LogisticRegression 0337 0337 0.314 0.337 0.337 2 LogisticRegression 0589 0589 0609 0.589 0.589
8 SGDClassifier 0116 0116 01é 0.116 0.116 8 SGDClassifier 0.569 0.36%9 0609 0.289 0.389
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Accuracy: 99.5% on training set and 80% on test set

« Accuracy by each class indicates the model is rather accuracy at
predicting standard class, i.e. accuracy 92% on test set

« Majority of incorrect predictions are small differences in predicted
loadings as opposed incorrect bucket (0.8%)

 Feature ranking provide underwriting insights

 Data improvement, Post-modelling analysis and discussion with
underwriters could further improve results
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