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Key take-aways

Neural networks should be part of the model toolbox of 3 exambles
Life & Health actuaries P

There are plenty of model libraries, tutorials, online
courses available — and data availability is also improving

Try it out...
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Agenda

1. Mortality forecasting
2. Detecting anomalies in mortality rates

3. Neural networks as an alternative to classical survival models
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Mortality forecasting

035 |

0307

0257

il 0.20-]
0151
0.10-T

0051

100

age
1990 yea r

1970

Data source: mortality.org

Mortality rates q, , US males, 1970 to 2019

2020

15 September 2022

4



Example 1: Mortality forecasting
logit g, ; US males, 1970 to 2019
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Example 1: Mortality forecasting

logit g, ; — (ag + a1x + a,t) based on
least squares US males, 1970 to 2019
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Example 1: Mortality forecasting
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logit g, ; — (ag + a1x + a,t) based on

least squares US males, 1970 to 2019
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Example 1: Mortality forecasting
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logit g, ; — (ag + a1x + a,t) based on
least squares US males, 1970 to 2019
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Example 1: Mortality forecasting

logit g, ; — (ag + a1x + a,t) based on
least squares US males, 1970 to 2019
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Classical mortality models fail
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Example 1: Mortality forecasting

year

year
19!70 19?0 19!90 ZDPO 20!10 20?0 1

19‘?0 1BIPU 19?0 ZUPU 20,10 ZOIFO

—1s5 02

from tensorflow import keras

[ model = Ssquentisl() o4
model. add{Dense(18a)) e
s model. add{Activation( 'tanh')) s
age model.add{Denze(1)) T
Lo model. compile(loss=keras.losses.mean_squared_error)

summary = model.fit({x=X, y=¥, epochs=888, verbose=8, validation_split=08.1)

T3 fit = model.predict(X)

Model fitting (no forecasting yet)

Forecasting: See for example case study 6 at actuarialdatascience.org
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Example 2: Detecting anomalies in mortality rates

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
0.003490.003440.003290.003230.003070.003080.003060.003110.00323 0.0034
0.003840.003760.003650.003490.003440.00349 0.0034 0.003430.003520.00359
0.004160.00412 0.004 0.003990.003830.003830.003760.003680.00375 0.0039
0.004510.004410.004340.004320.004240.004180.004150.004050.004180.00408
0.004940.004820.004780.00475 0.0046 0.004610.004550.004560.004530.00447
0.005470.005320.005210.005180.00517 0.0051 0.00502 0.005 0.004990.00494
0.0056860.005850.00553 0.0056 0.005630.005620.005560.00555 0.0054 0.00552
0.006340.006430.006160.006150.00611 0.006 0.006010.006020.00608 0.0059
0.006830.006840.006670.006680.006520.006570.006610.00662 0.0066 0.00656
0.007480.007280.007080.007220.00713 0.0071 0.007130.007240.007260.00716
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2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
0.003490.003440.003290.003230.003070.003080.002450.002490.002580.00272
0.003840.003760.003650.003490.003440.003490.002720.002740.002820.00287
0.004160.00412 0.0040.003990.003830.003830.003010.00294 0.0030.00312
0.004510.004410.004340.004320.004240.004180.003320.003240.003340.00326
0.004940.004820.004780.00475 0.00460.004610.004550.004560.004530.00447
0.005470.007450.005210.005180.00517 0.00510.00502 0.0050.004990.00494
0.005860.005850.00553 0.00560.005630.005620.005560.00555 0.0054 0.00552
0.007610.007720.007390.007380.00733 0.00720.007210.00722 0.00730.00708
0.006830.006840.006670.006680.006520.006570.006610.00662 0.0066 0.00656

0.007480.007280.007080.007220.00713 0.00710.007130.007240.007260.00716

Which of the two subsets of mortality rates have anomalies?
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Example 2: Detecting anomalies in mortality rates

Which of the two subsets of mortality rates have anomalies?
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Example 2: Detecting anomalies in mortality rates

Constructing training data: Evitt+1 = Ext(1 —qx¢)
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Example 2: Detecting anomalies in mortality rates

Constructing training data:
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Normalized residuals of USA males

1951

Year

2015

Evi1t+1 = Ex,t(l - CIx,t)

Normalized residuals of CHE males

l 1

Year

2015 &

Normalized residuals of ESP males

b year census, groupings, methodologies, errors, migration
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Example 2: Detecting anomalies in mortality rates

Model input: T0x10 morality rates

Constructing training data: E =FE,. . (1-— :
9 9 X+1,t+1 xt(1 = ) Model output/labels: max abs residual
Normalized residuals of USA males Normalized residuals of CHE males Normalized residuals of ESP males
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r , 3 | ,
! | g | :
. r .
T ' ' - T i
s .
g i il g
i I
2015 2015 2015 +
21 80
b year census, groupings, methodologies, errors, migration
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Example 2: Detecting anomalies in mortality rates

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
0.003490.003440.003290.003230.003070.003080.003060.003110.00323 0.0034 46 0.003490.003440.003290.003230.003070.003080.002450.002490.002580.00272
0.003840.003760.003650.003490.003440.00349 0.0034 0.003430.003520.00359 47 0.003840.003760.003650.003490.003440.003490.002720.002740.002820.00287
0.004160.00412 0.004 0.003990.003830.003830.003760.003680.00375 0.0039 48 0.004160.00412 0.0040.003990.003830.003830.003010.00294 0.0030.00312

00405 ccnn = Sequential()

cnn.add(BatchNormalization())

0.004510.004410.004340.004320.004240.00418 '41 0.00 4320.004240.004180.003320.003240.003340.00326
0.00475 0.00460.004610.004550.004560.004530.00447
200521 0.005180.00517 0.00510.005602 0.0050.004990.00494

5850.005563 0.00560.005630.005620.005560.00555 0.0054 0.00552

0.004940.004820.004780.00475 0.0046 0.004610.00
0.005470.005320.005210.005180.00517 0.0051 0.00502 O.
0.005860.005850.00553 0.0056 0.005630.005620.005560.0055

6 ccnn.add((onVZD(fi1ter5=numberFiltersl,
kernel_size=(filterSizel,filterSizel)
strides=(1,1),
padding="valid",
data_format="channels_last"))
cnn.add(BatchNormalization())

0.006340.006430.006160.006150.00611 0.006 0.006010.00602 (""" Activationtirelut)) }720.007390.007380.00733 0.00720.007210.00722 0.00730.00708
cnn.add(Conv2D(filters=numberFilters2,
0.006830.006840.00667 0.006680.006520.00657 0.006610.00662 | O ernel cioem(fitearines filtersizes),  5840.006670.006680.006520.00657 0.006610.00662 0.00660.00656
strides=(1,1),
0.007480.007280.007080.007220.00713 0.0071 0.007130.00724C padding="valid", }280.007080.007220.00713 0.00710.007130.007240.007260.00716

data_format="channels_last'))
cnn.add(BatchNormalization())
cnn.add(Activation(‘relu’))

cnn.add(Conv2D(filters=numberFilters3,
kernel_size=(filterSize3,filterSize3),
strides=(1,1),
padding="valid’,
data_format="channels_last'))
cnn.add(BatchNormalization())
cnn.add(Activation('relu’))

cnn.add(Flatten())
cnn.add(Dense(1))

V cnn.add(Activation('sigmoid"')) x
cnn.compile(loss="mean_squared_error', optimizer='sgd")
See case study 9 at actuarialdatascience.org
Institute 15 September 2022 16




Example 2: Detecting anomalies in mortality rates

Conv_1

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network

Conv_2

RelLU activation
Convolution Convolution | K—M
Max-Pooling Max-Pooling (with
(2x2) (2x2) &P dropout)
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INPUT nl channels nl channels n2 channels n2 channels ||| E \. 9
(28 x 28 x 1) ‘ OUTPUT
n3 units

MINIST dataset of 70°000 handwritten digits

The convolutional layer in layer k, applies:

r r—
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(k)

(k) (k)
Zi i (X) 7= Wy o + Z E: W jolii+ii—Lliia+ja—1
71=1 32=1

Layer input size output size l(k), Q(k)
1. Conv. 28 x 28 26 x 26 x 10 3,3
2. Batch norm. 26 x 26 x 10 | 26 x 26 x 10 -
3. ReLU ¢ 26 x 26 x 10 | 26 x 26 x 10 -
4. Max-pooling 26 x 26 x 10 | 13 x 13 x 10 2,2
5. Conv. 13 x13 x10 | 11 x 11 x 20 3,3
6. Batch norm. 11 x 11 x20 | 11 x 11 x 20 -
7. ReLU ¢ 11 x 11 x20 | 11 x 11 x 20 -
8. Max-pooling 11 x 11 x 20 | 10 x 10 x 20 2,2
9. Conv. 10 x 10 x 20 | 8 x 8 x 40 3,3
10. Batch norm. 8 x 8 x 40 8 x 8 x 40 -
11. ReLlU ¢ 8 x 8 x 40 8 x 8 x 40 —
12. Max-pooling 8 x 8 x 40 4 x 4 x 40 2,2
13. Flatten 4 x4 x40 640 x 1 —
14. Fully-conn. 640 x 1 10 x 1 -
15. Softmax output 10 x 1 10 x 1 -

15710 learnable parameters in total
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Example 2: Detecting anomalies in mortality rates

Predicted class
4

5
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Example 2: Detecting anomalies in mortality rates

fc_3
Fully-Connected
Neural Network

Conv_1 Conv_2 RelU activation
Convolution Convolution
(5x5) kernel Max-Pooling (5x5) kernel  pay.pooling
valid padding (2x2) valid padding (2x2)

INPUT
(28x28x1)

nlchannels
(24 x24xn1)

n1 channels n2 channels n2 channels
(12x12xn1) (8 x8xn2) (4x4xn2) |

fc_4
Fully-Connected
Neural Network

n3 units
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Example 2: Detecting anomalies in mortality rates

Model input: T0x10 morality rates (x
males/females/difference)
Model output/labels: max abs residual

Normalized residuals of ESP males

1951 L

B = i
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]
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21 80
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Layer input size | output size i[k), ékj
1. Batch norm. 10x10x 3 | 10 x 10 x 3 -
2. Conv. 10x10x3 | 8x8x16 3,3
3. Batch norm. 8x8x16 | 8x8x16 -
4. ReLU ¢ 8x8x16 | 8x8x16 —
5. Conv. 8 x 8 x 16 6 x 6 x 32 3,3
6. Batch norm. 6 x6x32 | 6x6x32 -
7. ReLU ¢ 6 x6x32 | 6x6x32 —
8. Conv. 6 x6x32 4x4x64 3,3
9. Batch norm. 4x4x64 | 4x4x64 -
10. ReLU ¢ 4x4x64 | 4x4x64 -
11. Flatten 4 x 4 x 64 1’024 x 1 -
12. Fully-conn. 1024 x 1 1x1 -
13. Sigmoid output 1x1 1x1 -

24°'839 learnable parameters in total
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Example 3: Neural networks as an alternative to classical survival models

* Develop a risk score r that takes as inputs

— individual risk factors R; like BMI, blood pressure, step counts, etc. (as well as age x, gender g),

— insurance product information p like (e.g. mortality or critical illness, policy duration, regional aspects, etc.), and

— necessary expert judgment D on e.g. long-term trends

and as output first derives relative risk with respect to mortality/morbidity.
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Relative risk
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Example 3: Neural networks as an alternative to classical survival models

Hazard ratios, relative risk

Large longitudinal datasets

* Cox proportional hazard model
* Accelerated failure time model

E——)

* Recurrent neural networks
Convolutional neural networks

CHD Hazard Ratio

1
100 110

DBP (mmHg)

Is Pulse Pressure Useful in Predicting Risk for Coronary Heart Disease?

What's in from this for L&H insurance? _
The Framingham Heart Study

Stanley S. Franklin. Shehzad A. Khan, Nathan D. Wong, Martin G. Larson and Daniel Levy
https//doi.org/10.1161/01.CIR.100.4.354, Circulation. 1999:100:354—-360

Understanding the dependencies and interactions between
various mortality/morbidity drivers for underwriting and pricing.

@ Swiss Re
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Key take-aways

Neural networks should be part of the model toolbox of 3 exambles
Life & Health actuaries P

There are plenty of model libraries, tutorials, online
courses available — and data availability is also improving

Try it out...
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Thank you!
Any questions?

Contact us

Daniel Meier
L&H R&D Manager
daniel_meier@swissre.com

Follow us

0000©
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https://www.linkedin.com/company/swiss-re/
https://twitter.com/SwissRe
https://www.youtube.com/swissretv
https://www.instagram.com/swiss_re_group/?hl=en
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Legal notice

©2022 Swiss Re. All rights reserved. You may use this presentation for private or internal purposes but note
that any copyright or other proprietary notices must not be removed. You are not permitted to create any
modifications or derivative works of this presentation, or to use it for commercial or other public purposes,
without the prior written permission of Swiss Re.

The information and opinions contained in the presentation are provided as at the date of the presentation
and may change. Although the information used was taken from reliable sources, Swiss Re does not accept
any responsibility for its accuracy or comprehensiveness or its updating. All liability for the accuracy and
completeness of the information or for any damage or loss resulting from its use is expressly excluded.
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