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Executive Summary

Postcodes have been a cornerstone of UK motor insurance pricing for decades. While
effective, traditional postcode rating relies on coarse segmentation, opaque third-
party classifications, and static assumptions that no longer reflect modern driving
behaviour, climate volatility, repair inflation, or portfolio concentration risk.

This white paper presents a next-generation postcode enrichment
framework designed to materially improve:

Claim frequency modelling

e Claim severity modelling

o Catastrophic and large-loss tail modelling

e Price optimisation and portfolio steering

o Capital efficiency and reinsurance decision-making

Rather than treating postcode as a single rating factor, InsureLab.ai decomposes
geography into explicit, interpretable, model-ready risk layers, each aligned to a
specific modelling objective. These layers are constructed from open government
datasets, insurer-contributed data, and over 15 years of applied experience in geo-
connected vehicle data.

Insurers can either:
e Consume model-specific InsureLab.ai enrichment scores, or

e Build and govern their own bespoke postcode feature bundles using
InsureLab.ai’s modular geo-risk platform.

This approach delivers greater transparency, regulatory defensibility, and portfolio
relevance than traditional postcode banding, while unlocking measurable commercial
benefits.
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Commercial Outcomes

Insurers applying decomposed geo-enrichment can expect:
o Improved frequency prediction through better exposure estimation
o More stable severity modelling under repair and inflation volatility
e« Enhanced visibility of spatially correlated tail risk

o Improved pricing efficiency and conversion through elasticity-aware geo
signals

o Stronger capital allocation and reinsurance optimisation

Postcode rating is not obsolete — but postcode thinking is.
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1. Why Postcodes Still Matter — But Not in Their Current Form

Postcodes are not causal risk variables.

They are compressed proxies for multiple latent drivers of insurance risk, including:

Exposure — how much, where, and when vehicles are driven

Environment — road infrastructure, traffic mix, and weather

Behaviour — driving norms, claims propensity, and reporting behaviour
Affluence and deprivation — influencing severity, legal costs, and moral hazard

Elasticity — price sensitivity, shopping behaviour, and retention dynamics

Traditional postcode banding collapses these distinct signals into a single relativistic
factor, optimised for historical loss fit but poorly alighed to modern pricing objectives.

This creates several structural weaknesses:

Exposure and risk per mile are conflated
Severity drivers are masked by demographic averaging
Catastrophic tail risk is understated

Price optimisation relies on blunt geographic proxies

Modern pricing requires explicit decomposition of geography into purpose-built

feature layers, each aligned to a defined modelling goal and governed independently.

InsureLab.ai treats postcode not as a rating factor, but as a container of interacting

risk signals that can be selectively activated depending on whether the modelling

objective is:

Frequency
Severity
Tail risk
Capital

Optimisation

This shift transforms postcode from a static classification into a dynamic, explainable

geo-risk system.
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2. Geo-Enrichment Aligned to Modelling Objectives

Any effective postcode enrichment strategy must be designed around what the model
is trying to predict, not around what data happens to be available.

InsureLab.ai structures geo-enrichment around three core actuarial modelling
objectives, with additional layers supporting optimisation and capital use cases.

Modelling Objective Purpose
Frequency Predict likelihood of claims per unit of exposure
Severity Predict cost conditional on a claim

Catastrophic / Large Loss Capture tail risk, spatial correlation, and accumulation

Each objective requires different geographic signals, different aggregation levels, and
different governance standards.

2.1 A Layered Geo-Risk Framework

InsureLab.ai decomposes geography into a stack of independent but interacting risk
layers:

1. Exposure & Usage — how much vehicles are actually driven
2. Per-Mile Accident Risk —rrisk inherent in travelling a mile in an area
3. Severity Amplification — factors that inflate claim cost
4. Behaviour & Moral Risk — norms, opportunity, and claims behaviour
5. Temporal Dynamics — time-of-day and calendar effects
6. Tail & Correlation Risk — catastrophe and accumulation exposure
7. Elasticity & Optimisation — price sensitivity and conversion behaviour
Each layeris:
¢ Model-ready
e Interpretable
e Independently governable
This structure allows insurers to:

¢ Use only layers relevant to the modelling task
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¢ Avoid proxy leakage and unintended bias

e« Maintain regulatory and internal model transparency
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3. Exposure Risk: How Much Is the Vehicle Actually Used?

Fixing the Foundation. Accurate pricing starts with accurate exposure. Mileage is one
of the strongest predictors of claim frequency, yet it is rarely observed, validated, or
modelled with sufficient precision.

Declared mileage is systematically biased:
e Low-mileage drivers tend to overstate
e High-mileage drivers tend to understate

¢ Rating curves are often flattened to compensate, masking true exposure
differences

As a result, most postcode factors implicitly attempt to correct for usage error, rather
than risk.

This conflation weakens frequency models and distorts fairness outcomes.
3.1 Risk-Adjusted Mileage as a First-Order Pricing Variable

At the Insurance Telematics Europe conference held 7 May 2013 | presented our Risk
Adjusted Mileage model framework that remains valid today. The foundation of more
accurate pricing is a better exposure definition. When | said to the crowd | found the
magic rating factor — if you don’t drive you don’t have accidents, they laughed. Avery
simple fundamental truth proven again during the pandemic with the reduction of
claims frequency during lock downs.

Thirteen years later most motor insurance products still:
e Do notvalidate mileage at Quote, MTA, Renewal or Claims stage
e Do notenrich declared mileage with area-level usage signals
e Do notdistinguish how and where miles are driven

InsurelLab.ai treats exposure accuracy as a multiplicative driver of model
performance, not a marginal improvement. Focussing on improved exposure accuracy
is potentially the most powerful improvement to your models you can make.

3.2 Area-Level Usage Feature Stack

InsureLab.ai constructs mileage priors using independent, open, and behaviourally
grounded signals:

Usage Features
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e Department for Transport vehicle miles by road class and speed limit
¢ Vehicle miles by hour of day and day of week
¢ Public transport accessibility indices
¢ Work-from-home prevalence
e Method of travel to work
¢ Vehicles per household
These features allow insurers to:
¢ Adjust declared mileage without penalising genuine low-usage drivers
e Improve frequency stability across urban and commuter-heavy regions

e Establish credible mileage priors for telematics New Business policies

3.3 Why Exposure Accuracy Changes Everything
Improving exposure estimation:
¢ Sharpens frequency relativities
e Reducesreliance on blunt demographic proxies
e Improves fairness outcomes for low-usage drivers
e Increases the signal-to-noise ratio of all downstream models

Exposure is not a feature — it is the denominator of risk.
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4. Geo Frequency & Severity Risk Layer Features
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4.1 Per-Mile Accident Risk

A core weakness of traditional postcode rating is the conflation of:
¢ Miles exposure, and
¢ Risk per Vehicle Mile Travelled

Most postcode rating factors used are tweaking a vehicle year exposure units. For
Postcode rating, InsureLab.ai explicitly separates features estimating Mileage use in an
area and the risk of traveling a Vehicle Mile in the same area.

Derived Features
e Accident rate per vehicle-mile
o Historic Collision levels
e Dayvs nightriskindices
e Urbanvs rural exposure-normalised frequency
o Killed or Seriously Injured Rates
e Total Loss Propensity
Underlying Indicators
o Traffic density
¢ Road class mix

e Junction density and road complexity
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This improves frequency stability and reduces reliance on indirect demographic proxies.

4.2 Traffic Mix & Vulnerable Road Users
Severity is strongly influenced by who shares the road.
Key Features

e HGV density

e Pedestrian and cyclist density

e School and commuting corridor proximity
These features materially improve:

e Bodily injury severity modelling

e Large loss identification

e Injuryvs property damage splits

4.3 Repair Cost & Property Damage Inflation
Repair severity varies significantly by geography.
Area Repair Cost Features

e Labour cost proxies

e Vehicle value and age mix

e Urban congestion effects on hire duration

These features stabilises property damage severity and reduces noise caused by
inflation shocks.

4.4 Infrastructure & Environmental Risk
Infrastructure Features

e Road complexity

e Freight routing corridors

e Flood-prone road segments



Weather Features
e Frostdays peryear

e Average rainfall intensity

These features are particularly predictive of:

¢ Winter frequency spikes
e Multi-vehicle collisions

e Flood-related total losses

4.5 Area Affluence & Severity Amplification

Severity is not linear with wealth.
Affluence Features

e Property price indices

e Housing density and type

e \Vehicle replacement cost signals
Observed effects include:

e Higher third-party property damage

e Larger bodily injury settlements

e Increased legal and claims handling costs

Insure
Lab.ai
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5. Moral Risk & Behavioural Claims Patterns

Small and mid-sized claims are often driven by opportunity and norms, not driving
skill.

5.1 Moral Hazard Index
Key Features
¢ Income and employment stability
¢ Education levels
e Crime statistics
¢ Home ownership
e MOT Failure rates
These features are especially predictive of:
¢ Low-value property damage claims
e Opportunistic claiming
e Disputed liability patterns
e Theft Claims
e Vehicle Vandalism Claims

e Whiplash Claims Propensity

5.2 Fuel Poverty & Financial Stress Signals
Fuel poverty is an under-used but powerful behavioural signal.
Features:
e Low EPC ratings
e Energy inefficiency
e Heating cost stress
Financial pressure correlates with:
¢ Increased claim frequency

o Earlier claim reporting
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e Higher fraud escalation risk
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6. Area Behaviour & Price Optimisation

Pricing is not only about expected loss. Price optimisation deserves a separate White
Paper but its worth touching on the key ideas in this paper.

6.1 Price Sensitivity Index
InsurelLab.ai introduces area-level elasticity enrichment.
Features
e Financial stress indicators
¢ Income volatility
e Comparison-site dependency
Use Cases
e Smarter price walking
e Conversion optimisation

o Reduced adverse selection

6.2 Time-Poor & Convenience-Biased Areas
Some areas value speed and certainty over marginal price savings.
Features:
¢ Long commute times
¢ Professional employment concentration
o Digital-first behaviour proxies
These features support:
¢ Quote journey optimisation
e Distribution strategy

e Add-on attachment modelling
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7. Catastrophic Tail Risk & Extreme Loss Modelling
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Traditional postcode rating performs poorly in the loss tail. Catastrophic claims

are spatially clustered, temporally correlated, and interaction-driven. Similar to
Price Optimisation, Catastrophe modelling using Geo data, especially in a portfolio with
geo-connected car data available, deserves a separate White Paper, but we touch on
the key ideas in this paper.

7.1 Multi-Vehicle Pile-Up Corridors
Certain road corridors consistently generate high-severity, multi-vehicle incidents.
Features
¢ High-speed traffic density
e Junction complexity
e HGV concentration
Applications
e Large loss flags
¢ Capital load adjustments

o Reinsurance attachment awareness
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7.2 Flood-Induced Total Loss Clustering
Flood events produce correlated total losses within small geographic footprints.
Key Features

¢ Floodplain overlap

¢ Road-level flood exposure

¢ Drainage and runoff proxies

Ignoring this clustering materially understates tail risk.

7.3 Weather x Traffic Interaction Effects
Catastrophic outcomes arise from interactions, not single factors:
e Fog x speed
e Ice x congestion
e Heavyrain x junction density
InsurelLab.ai supports interaction-ready features for:
o Event-driven stress testing
e Climate sensitivity analysis

e Tail-aware pricing
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8. Temporal Risk Dynamics
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Risk varies by time as much as by location.

8.1 Time-of-Day x Area Interactions

The same postcode behaves differently by hour.

Examples
¢ Night-time urban driving: lower frequency, higher severity
¢ Morning commuter corridors: elevated frequency

e Evening leisure zones: injury risk spikes

8.2 Weekend vs Weekday Behaviour
Weekends alter exposure and behaviour:
e Urban nightlife zones: injury severity

e Retail destinations: low-speed claims
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e Rural leisure driving: high-severity outcomes

Calendar-aware postcode features materially improve model stability.



9. Telematics & Connected Car Fusion
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Geo-enrichment becomes exponentially more powerful when fused with individual
connected car data.

9.1 Area Priors for Individual Pricing Models

Area data provides Bayesian priors when telematics data is sparse:
¢ New Business stage
e Low-mileage drivers

e Early-policy MTAs
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This accelerates credibility and reduces cold-start bias for telematics products.

9.2 Risk-Adjusted Mileage Frameworks

Not all miles are equal.

InsureLab.ai supports risk-adjusted mileage combining:
o Arearisk classifications
¢ Time-of-day and weekday exposure classification
+ Road class and traffic mix classification

This enables fairer pricing where connected car data is available and natural alignment
with pay-per-mile products.



10. Reinsurance & Capital Use Cases

Capital Requirement: Solvency Il vs ICS
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Postcode enrichment is a capital efficiency tool, not only a pricing input. Again a
separate White Paper is justified but we cover they key points in this paper to trigger
further thought in our audience.

10.1 Geo-Aggregation Risk

Insurers often accumulate hidden geographic concentrations through:

o Distribution bias

o Affinity schemes

e Urban growth corridors

InsurelLab.ai reveals:

e Correlated catastrophe exposure

e Hidden tail dependencies

e Portfolio concentration risk




10.2 Solvency Capital Efficiency
Improved spatial differentiation enables:
e More accurate SCR allocation

¢ Reduced over-capitalisation

e Stronger internal model performance

10.3 Portfolio Steering
Geo-enrichment supports:
o Targeted growth strategies
e Controlled withdrawal from tail-heavy areas

e Reinsurance programme optimisation

This shifts insurers from reactive pricing to strategic spatial underwriting.

Insure
Lab.ai
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11. Why InsurelLab.ai

InsureLab.ai is building a modular postcode intelligence platform that allows insurers
to:

¢ Consume modelready features and scores

o Create their own bespoke Postcode enrichment feature bundles
¢ Maintain feature-level transparency

e Align enrichment to pricing, capital, and product strategy

« Rapidly test, deploy, monitor and update geo-risk variables

Insurelab.ai offers a guided bespoke PostcodelQ Advisory Service to a limited number
of clients to guide their pricing team on implementing bespoke model specific postcode
enrichment features which has the maximum predictive impact. We are experienced
pricing professionals and know the pressures on a pricing team —we move at you’re
team’s pace, not ours. Our clients call our Advisory Service “A Chief Actuary in the room
when you need one”. Contact us to discuss options for your team.

Not a black box.
Not a static classification.
A living geo-risk system.

Conclusion
Postcode rating is not obsolete — but postcode thinking is.

Insurers who decompose geography into exposure, behaviour, environment, time,
and elasticity will price more accurately, manage capital more efficiently, and compete
more effectively in a margin-compressed market.

InsureLab.ai exists to make that transition logical, transparent, and insurer-controlled.

Johan Strydom
CEO and Chief Actuary

email: johan®@insurelab.ai

www: Insurelab.ai
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