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Excess loss claims overview and
considerations
Claim severity data often has insufficient volume to make credible

predictions of excess losses due to a limited number of claims that
actually pierce the excess layer

Claims that pierce the excess layers usually take several years to
settle

Itis challenging to build predictive models that estimate the actual
claim severity with data that is not fully developed

Alternatively, predictive models can estimate the likelihood of a claim
piercing the excess layer and a potential range of severity values

These types of models are less sensitive to data limitations and the
long time claims could take to fully develop
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How predictive modeling can help

A predictive model can estimate the probability that a
claimwill pierce the excess layer

The model can be further refined to predict the probability
that a claim will reach or exceed a certain incurred loss
value Sy
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How does an excess loss model work

This type of model belongs in the family of generalized linear models, which
are widely used in the insurance industry for the development of underwriting
models, the management of claims, the development of marketing strategies,

etc

The actual form of the model is a logistic regression where the response
variable is a Yes or a No for whether or not a particular claim will pierce an

excess layer

The response can be broken down further to ranges of severity values (as shown in
the prior slide) and then a multinomial logistic regression model would be
developed

The model would then produce a probability for each value of the response

For example, in the Yes/No scenario, the model could predict that for a specific
claim the probability of the claim piercing the excess layer is 0.85 and the
probability of the claim not piercing the excess layer is 0.15

A probability greater than 0.5 is usually translated to a certain outcome, meaning
that in the example above, the model prediction would indicate that the claim would
pierce the excess layer
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What types of data sources have been found

to be predictive?

» Avariety of internal and external data sources have been

found to be predictive

External data

Hospital
characteristics
(for Medical
Malpractice
claims)

» Hospital service
line ratings

» Types of
services offered
»Numberof beds

Credit

» Bankruptcies

Historical claims

and policy level

data

Workplace safety
(for Workers

» Number of collection trades Compensation
» Number of employees claims)

(commercial)

» OSHA inspections

» Account balance pertrade » OSHA violations

» Credit score

Socio-economic

» Unemployment

» White collarcrime

» DUIs

» Hit-and-run accidents

Geo-demographic

» Household income
» Education level

» Political profile

» Urban v. rural areas
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Selected examples of variables found to be

predictive

Prior claims pierced excess layer
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Model performance metrics

The modeling data set is usually split into a training data set to develop the model and
a holdout data set to test the model performance
A reasonable distribution for training versus holdout data is a 2:1 ratio

Training
data set

Modeling

data set

Holdout
data set

A few different metrics exist to measure the model performance using the holdout data
setincluding the following:

Concordance metric comparing pairs of observations

Alternative concordance metric assessing individual observations

Liftchart

These metrics are discussed in the following slides
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Concordance metrics

Concordance metrics capture the percentage of cases that the model “gets it right”

The concordance metric that compares pairs of observations is based on the
percentage of concordant pairs of observations from the modeling dataset

Claim Claim

A B C D

Pierced excess layer Yes No Yes No

Model predicted
probability of piercing  0.85 0.56 0.42 0.65
excess layer

Pair concordant Yes No

The concordance metric that assesses individual observations is based on the

percentage of cases where the model accurately predicts the observed outcome
Claim Claim
A B C D

Pierced excess layer Yes No Yes No
L\)Ar%c:gbﬁ)lri?; Iocftge)?ercing 0.85 0.56 0.42 065
e (Yes) (Yes) (No) (Yes)
Model predicted
observed outcome Yes No No No
accurately
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Liftchart

A liftchart can be created from the holdout data set using the follow ing process:
Orderthe claims from lowest to highest predicted probability of a claim piercing the excess layer
Splitthe claimsinto a credible numberof groups (based on claim volume) with equal numbersof claims
Calculate the average predicted probability of claims piercing the excess layer and the average proportion of claims
piercing the excess layerin each group
A liftchart provides a visual representation of the comparison betw een the model predictions and the actual claim
severity outcomes

Anexample is show nbelow with three groups of claims w here the average proportion of claims piercing the excess
layer is 4% (this model example is based on a w orking layer w here claims w ould pierce the layer every year):
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How can excess loss models be used?
Claim management process

Models that predict the probability that a claim will pierce the excess layer can be used to enhance
the claim management process
After the claim is reported and periodically w hennew information is gathered the model w ould be used to
calculate a predicted probability that an individual claim willpierce the excess layer
The example below show s the timeline of an individual claim in terms of the predicted probability and the
incurred loss in relation to the excess layer
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How can excess loss models be used?
Underwriting process

» Models that predict the probability that a claim will pierce the excess layer can also be
used to enhance the existing underwriting process
» Expected # of claims * Predicted probability of piercing excess layer = Expected # of claims
piercing excess layer
» The excess loss model would need to be modified to adjust for predictor variables that are
claim-specific since no individual claim information would be known

Expected Probability
claim of excess

frequenc loss claim

Expected frequency

of excess loss claims

Underwriting
System

Reject
App
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Summary

Excess loss models can be successfully developed after
adjusting for data limitations and claim development
timelines

A form of logistic regression can be used to develop
excess loss models

Internal and external predictor variables should be
considered

Excess loss models can be deployed as a step in the
claim managementor the underwriting process
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