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Territorial ConundrumTerritorial ConundrumTerritorial ConundrumTerritorial Conundrum

Territories should be bigTerritories should be bigTerritories should be bigTerritories should be big
–– Have a sufficient volume of business to make credible Have a sufficient volume of business to make credible 

estimates of the losses.estimates of the losses.

Territories should be smallTerritories should be small
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Territories should be smallTerritories should be small
––Conditions vary within territory.Conditions vary within territory.



View as Case Studies in View as Case Studies in 
Model DevelopmentModel Development
Data Driven ApproachData Driven ApproachData Driven ApproachData Driven Approach

Reduction in number of variablesReduction in number of variables
–– Necessary for small insurersNecessary for small insurers

Special circumstances in fitting models to Special circumstances in fitting models to 
individual auto / home owners data.individual auto / home owners data.
Diagnostics Diagnostics gg
–– Graphics and MapsGraphics and Maps
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Data Versus the ConundrumData Versus the Conundrum

External
Data

ISO
Data

Obtained loss, exposure, Obtained loss, exposure, 
policy features and addresspolicy features and address

WeatherLoss Cost 

policy features and address policy features and address 
for individual policies from for individual policies from 
cooperating insurerscooperating insurers

Census / 
Claritas

Trend

Location
Products

Business 
Points
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Distance to Coast / major body of water
PPC Elevation



Some Environmental FeaturesSome Environmental FeaturesSome Environmental Features Some Environmental Features 
(Possibly) Related to Claims(Possibly) Related to Claims

Proximity to Businesses and AttractionsProximity to Businesses and Attractions
–– Workplaces, Shopping Centers, Contractors, etc.Workplaces, Shopping Centers, Contractors, etc.

Weather / Terrain: Weather / Terrain: Wind, Temperature, Snowfall, Wind, Temperature, Snowfall, 
Change in ElevationChange in Elevation

Population (Traffic) DensityPopulation (Traffic) Density
OthersOthers :: Commuting Patterns, Coastal proximity, etc.Commuting Patterns, Coastal proximity, etc.OthersOthers : : Commuting Patterns, Coastal proximity, etc.Commuting Patterns, Coastal proximity, etc.
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Combining Environmental VariablesCombining Environmental Variables
at a Particular Addressat a Particular Addressat a Particular Addressat a Particular Address

Individually, the geographic variables have aIndividually, the geographic variables have aIndividually, the geographic variables have a Individually, the geographic variables have a 
predictable effect on claim rate and severity.predictable effect on claim rate and severity.
Variables for a particular location could haveVariables for a particular location could haveVariables for a particular location could have Variables for a particular location could have 
a combination of positive and negative a combination of positive and negative 
effectseffectseffects.effects.
ISO has built models to calculate the ISO has built models to calculate the 
combined effect of all variablescombined effect of all variablescombined effect of all variables.combined effect of all variables.
–– Based on countrywide data Based on countrywide data –– Actuarially credibleActuarially credible
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Variable Selection is Multiplied by Variable Selection is Multiplied by 
th N b f M d lth N b f M d lthe Number of Modelsthe Number of Models

Frequency and Severity are modeled separatelyFrequency and Severity are modeled separatelyq y y p yq y y p y
Models are at coverage / peril levelModels are at coverage / peril level
–– Five auto coverages: BI, PD, PIP, Comp. & Coll.Five auto coverages: BI, PD, PIP, Comp. & Coll.Five auto coverages: BI, PD, PIP, Comp. & Coll. Five auto coverages: BI, PD, PIP, Comp. & Coll. 

10 models10 models
–– Nine home owners perils:Nine home owners perils:pp

Theft /Theft /Wind Fire Lightning Liability Theft /
Vandalism Hail Other WaterWind Fire Lightning Liability Theft /
Vandalism Hail Other Water

18 modelsmodels
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In Depth for Auto Weather In Depth for Auto Weather 
ComponentComponent
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Model Loss Cost g
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Environmental ModelEnvironmental ModelEnvironmental ModelEnvironmental Model
Loss Cost = Pure Premium

= Frequency x Severity
e

Frequency = 
1

e
e 

= Intercept

Severity = e

I t t = Intercept
+ Weather
+ Traffic Density

 = Intercept
+ Weather
+ Traffic Density



+ Traffic Density 
+ Traffic Generators 
+ Traffic Composition

+ Traffic Density 
+ Traffic Generators
+ Traffic Composition
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+ Traffic Composition
+ Experience and Trend

+ Traffic Composition
+ Experience and Trend



Constructing the ComponentsConstructing the Components
Frequency Model as ExampleFrequency Model as Example
Intercept

1 11 1

 Intercept
 n nx ... x

 
       = Weather

1 1 2 21 1 n n n nx ... x

x x
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= Traffic Composition3 3 4 4

4 4 5 51 1 

Oth Cl ifi
n n n nx ... x       

p

= Experience & Trend
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An Example on the GroundAn Example on the GroundAn Example on the GroundAn Example on the Ground

> 10% Difference 
across boundary

• More gradual 
differences

• Redrawn 
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Overall Model DiagnosticsOverall Model DiagnosticsOverall Model DiagnosticsOverall Model Diagnostics
Sort in order of increasing predictionSort in order of increasing predictiong pg p
–– Frequency & SeverityFrequency & Severity

Group observations in bucketsGroup observations in buckets
–– 1/1001/100thth of record count for frequencyof record count for frequency1/1001/100 of record count for frequencyof record count for frequency
–– 1/501/50thth of the record count for severityof the record count for severity

Calculate bucket averagesCalculate bucket averages
A l th GLM li k f ti f b k t dA l th GLM li k f ti f b k t dApply the GLM link function for bucket averages and Apply the GLM link function for bucket averages and 
predicted valuepredicted value
–– logit for frequencylogit for frequency
–– log for severitylog for severity

Plot predicted Plot predicted vsvs empiricalempirical
–– With confidence bandsWith confidence bands
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Overall DiagnosticsOverall Diagnostics -- FrequencyFrequency
Empirical vs. Predicted Probabilities: BI

Overall Diagnostics Overall Diagnostics FrequencyFrequency

-3

(On logistic scales)
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Overall DiagnosticsOverall Diagnostics -- SeveritySeverityOverall Diagnostics Overall Diagnostics SeveritySeverity
Empirical vs. Predicted Log (Base 10) Severities: BI
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Component DiagnosticsComponent Diagnostics
Frequency ExampleFrequency Example

Sort observations in order ofSort observations in order of iithth componentcomponent CCiiSort observations in order of Sort observations in order of ii component component CCii

Bucket as above and calculate Bucket as above and calculate 
–– CCibib = Average= Average CCii in bucketin bucket bbCCibib  Average  Average CCii in bucket in bucket bb
–– ppibib = Average = Average ppii in bucket in bucket bb
–– Partial Residuals Partial Residuals 

   
      ibpR ln C

Plot Plot CCibib vs vs RRibib –– Expect linear relationshipExpect linear relationship


        
1ib kb
k iib

R ln C
p
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Component DiagnosticsComponent Diagnostics
Experience and TrendExperience and Trend

Logit Partial Residuals vs. Components: Comprehensive
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Component DiagnosticsComponent Diagnostics
ff Cff CTraffic CompositionTraffic Composition

Logit Partial Residuals vs. Components: Comprehensive
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Component DiagnosticsComponent Diagnostics
ffffTraffic DensityTraffic Density

Logit Partial Residuals vs. Components: Comprehensive
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Partial Residual Plot : Finding 
T f tiTransformations
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Example of Diagnostics
CCollinearity and Multicollinearity

Correlations Matrix: measures the correlationsCorrelations Matrix:  measures the correlations 
among each pair of variables in the models, but 
does not consider multicollinearity.

Variance Inflation Factors (VIF): A measure ofVariance Inflation Factors (VIF): A measure of 
the multicollinearity among independent 
variables. 
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Customized ModelCustomized ModelCustomized ModelCustomized Model
Loss Cost = Pure Premium

= Frequency x Severity


Frequency = 
1

e
e




0

1

= 
+ Weather

 


2

3

+ Traffic Density 
+ Traffic Generators 






1 … 5 ≡ 1 

4

5

+ Traffic Composition
+ Experience and Trend








in industry model

S it d l
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SummarySummarySummarySummary

Model estimates loss cost as a function ofModel estimates loss cost as a function ofModel estimates loss cost as a function of Model estimates loss cost as a function of 
business, demographic and weather business, demographic and weather 
conditions associated with addressconditions associated with addressconditions associated with address.conditions associated with address.
Preparing data for models based on Preparing data for models based on 
geography is not a trivial exercisegeography is not a trivial exercisegeography is not a trivial exercisegeography is not a trivial exercise
Showed fit assessment and model Showed fit assessment and model 
di tidi tidiagnosticsdiagnostics
Indicated how to customize the modelIndicated how to customize the model
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