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ML Models INSIGHT
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[R5 Graph of mortality by Year and Gender
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RN Graph of mortality by Age and Year
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Graph of GLM model vs Crude Rate
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[R5 Graph of GBM model vs Crude Rate
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" Comparing Machine Learning Models

Hastie,
Tibshirani,
Friedman

.. ."-ll-:.

III
Il::

8 ": r

e (8}

LR\

R e
P p

Tralning Emor: 0.150
TestEmor 0221
Bayes Emor 0210

L
‘ | .
[ i
[ |
I|I II.' :I_."
! I|
f 3
[ 4
i - A 1
J.r"’“_’.-‘ g I| II| 1] I
| = .\..I |
) | {
H“"--._ .-"_1.' __.'" |
k -"" - .h.."h = I| f I|
|I. o -'\-\-.- __l .ll |
A i
prtiniizs L kK ! |

Training Ermor: 0.100
TestEmor 02589
Bayes Emor 0210

SVM Model

Neural Network Model

scvituntv vivurcvuui UM2019




Neural
Network




N AA

-:’i STILLWAITING

O
SELTION (N A COLLOQUIUN2DS



/- An
AEEAR
fnnm

11AA
a AAI

Hastie,

Tibshirani,
Friedman
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" A solution is the use of a Biplot

Optimal 2-dim representation of p-variable data
»Bireferstoshowingboth Data Points & Variables

Data points via Multi-Dimensional Scaling
»Distance between points = measure of similarity

Variables via Regression
»Direction of increase = Location of name
» Correlation =direction of iIncrease
»Scale of variables = Label on the axes
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“[fY Multi-Dimensional Scaling

Sepal Sepal

Species  Length Width

Setosa 5.1 3.5

Setosa 4.9 3

setosa 5 3.3
Versicolor 6.4 3.2 4.5 1.5
Versicolor 5.7 2.8 4.1 1.3
Virginica 7.2 3.6 6.1 2.5
Virginica 6.8 3 5.5 2.1
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Y = XB: B (p x 1)
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Hastie,
Tibshirani,
Friedman

T
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Sepal.Length

“ly Regressionto calculate Axes

X =ZR: R (p x 2)
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M Creates a 5-variable Biplot

Gini
5 Variables: Genderindicated
- Age by (2) Males And
- Gini Coefficient (1) Females
- Year Middle point of
- GDPPerCapita . Data points
- Gender

GDPPC
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“IlB5 Convert any pointto original 5 variables

Gini

Z=(-15;0.7)

X:Age =30;
Gini = 38;
Gender = (2) Male;
GDPPC =30000;
Year=2003

Year

GDPPC
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“lf5 ..andusevaluesasinputin GLM model

Gini

Overall Error rate:
1.3%

Year [

GDPPC

Age

GLM Model o
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®ly ..orinanyMachine Learning model

Gini

Overall Error rate:
1.1%

Year

GDPPC

. Age
Simple GBM Model o
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[ Well calibrated GBM model predictions

Gini

Overall Error rate:
0.7%

Year
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Age
Complex GBM Model y
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“[Y ..Betterfollows overall mortality

® GBM1 Rate ® Crude Rate ® GLM1 Rate ® GBM2 Rate
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“ly ..And groups with unique mortality

® GBM1 Rate ® Crude Rate ® GLM1 Rate ® GBM2 Rate
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No suchthingasa

free black lunch box
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“ffy Understanding Black Box models

»No such thing as afree lunch - Both for ML models and Biplots
»Needto change how model output is viewed and assessed
»Judgement and domain knowledge gives Actuaries an edge

»BUT Need for simplistic and smooth outcome should not be at
expense of accuracy and false certainty
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If Alpha-Infinity could identify, understand [and predict the
outcome] of any problem, it would seem to us like an oracle. We
would sit at its feet and listen intently.

We would not understand why the oracle was always right, but
we would check its calculations...and confirm its revelations.

Science, that signal human endeavor, would reduce our role to
that of spectators, gaping in wonder and confusion.

https://www.nytimes.com/2018/12/26/science/chess-artificial-intelligence.html
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