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Worker’s compensation claims data (1/2
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'data.frame’:

$
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## § InitialCaseEstimate :

ClaimNumber

Age

Gender
MaritalStatus
DependentChildren
DependentsCOther
WeeklyPay
PartTimeFullTime
HoursWorkedPerhizsek
DaysWorkedPerliesk

ClaimDescription

859332 obs. of 44 variables:

: chr "WCS730090" "WC5305468" "WC6197732" "WCB318363" ...
: num 53 37 18 34 26 26 28 B3 49 29 ...

: Factor w/ 2 lewvels "F","M": 112 2 222221 ...

: Factor w/ 3 lewels "M","sS","0W": 1322332212 ...
rnum B8 0 @R @086 8 ...

rnum @ @ @@ @086 8 ...

: num 683 535 25@ 544 435 ...

: Factor w/ 2 lewvels "F","P": 111 1111111...

: num 4@ 38 38 38 37 20 40 38 38 60 ...

:num 5555545555 ...

: chr "BUFFING OUT DISC CUTTING RIGHT UPPER SWOLLEMN HEAD" "FELL HE

STEP PULLED TWISTED SOFT TISSUE RIGHT ANKLE" "KNIFE SLIPPED AND METAL LACERATION HEAD"
“SLIPPED DOWN ROCK SOFT TISSUE INJURY RIGHT INDEX KNEE" ...

## ¢ Claim

497 1339464 12826892 ...
## % AccDate

## ¢ AccDay

## % AccYear

## § AccMonth
## % AccWeekday
## ¢ AccTime

## % RepDate

## ¢ RepDay

## ¢ RepYear

num 20000 7508 425 7oeee 25589 ...

: int 3139046 2895985 2049604 2023994 1669706 1618744 1452597 1423

: Date, format: "2801-8%-18" "1994-87-18" ...

: int 5885 2394 1823 5762 4991 6189 6318 5565 5766 3529 ...
: int 2881 1994 1998 26803 2001 20604 2005 2083 2083 1997 ...
:int 9 7 10 18 8 12 4 3 18 8 ...

tnum 1122125162 ...

: int 12 7 13 12 13 18 17 11 16 12 ...

: Date, format: "2601-18-88" "1994-88-19" ...

: int 5833 2426 1165 5778 5012 6219 6338 5575 5782 3539 ...
: int 2061 1994 1991 2003 2081 2085 2085 2003 2083 1997 ...

This dataset describes realistic,
synthetically generated worker
compensation insurance claims.

Along the ultimate financial losses,
each claim is described by the initial
case estimate, date of accident and
reporting date, a text describing the
accident and demographic info on
the worker.

The dataset was kindly created and
provided by Colin Priest. While
similar, it is not identical to the
dataset used in
www.kaggle.com/c/actuarial-loss-
estimation.

https://www.openml.org/d/42876



http://www.kaggle.com/c/actuarial-loss-estimation
https://www.openml.org/d/42876

Worker’s compensation claims data (2/2

Empirical density of log(claims amounts) Number of claims: AccYear Average claim amount: AccYear
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GLM and FNN



Generalized Linear Model (GLM)
g strictly monotone link function, regression function
x = (X1, 0, %g) = gWEM (X)) = Bo + XI_; Bj,
where the regression parameter 8 = (B, ..., ) is estimated by MLE.

The concrete structure of x is an input (e.g. age as numerical feature or
age bins). Often manual feature engineering.



Feedforward Neural Network (FNN)

Regression function
d:
x = (x1, .., xg) > g (%)) = By + BI_, Bz TV (),
(d:1) :
where x — z (x)is a network of depth d.

The concrete structure of z is learned by the network from x.



Generalized Linear Model (GLM), revisited

Regression function
d:
x = (x4, ., xg) > gUEM (X)) = Bo + TI_; B2 (x),
(d:1) :
where x — z (x)is a network of depth d.

A GLM is the special case of d=1!
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GLM vs FNN

Advantages

* The network learns the
representation of the input x

A well-calibrated FNN often

" WClaimMb

P outperforms a GLM.
Limitations of FNN
* Not interpretable
4ot GLV * No simple way of variable selection
d=3: FNN



LocalGLMnet



LocalGLMnet: Definition

FNN of depth d and input and output dimension equal to q.

2% Re - Ra
xeBx) =2 ,

The LocalGLMnet is defined as the decomposition:

x g('uLocalGLMnet(x)) =B, + 2?=1:Bj (X)Xj
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LocalGLMnet: Remarks

* LocalGLMnet, because locally around
a given x, the regression function can
be understood as a GLM.

* B(x) are called regression attentions
because they provide more or less
attention to specific components of x
in the regression function.
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LocalGLMnet: Interpretation

Based on:

X g(‘uLocalGLMnet(x)) — ,BO + Z;,’:lﬁj(x)xj

* fj(x) = 0: drop term x;: variable selection

1 .
VI =~ ?=1‘,6’j(xi)‘: feature importance measure

. ,Bj (x) = ,Bj (xj): interactions; no interaction with other features Xietj

. ,Bj(x) = ,Bj # 0 : no covariate dependence, GLM term in X;



Application
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Variable selecti

LocalGLMnet

Regression attention: HoursWorkedPerWeek

Coverage Ratio: 100%

Regression attention: Age

Coverage Ratio: 5.09%
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LocalGLMnet
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LocalGLMnet: Interactions and linear terms

No interaction of AccMonth with other slight interaction between Age and
continuous features AccYear

aaaaaaaa
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Summary



Conclusions

Worker’s Compensation data: https://www.openml.org/d/42876

GLMs are a special case of FNN, or FNNs are an extension of GLMs

LocalGLMnet
* is explainable like a GLM,
* allows variable selection,
 allows for feature importance measure,
 allows to detect interactions.

Tutorial available here, and corresponding R Notebook here.

www.actuarialdatascience.org
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https://www.openml.org/d/42876
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3900350
https://htmlpreview.github.io/?https://github.com/JSchelldorfer/ActuarialDataScience/blob/master/10%20-%20LocalGLMnet/WorkersComp_LocalGLMnet.html
http://www.actuarialdatascience.org/
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