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ANALYTICS BEHIND THE PERFECT RISK 

SCORE & PREDICTIVE MODEL  
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We are living in a progressively more 

connected world where smarter products 

and changing consumer expectations are 

disrupting nearly every industry.  While the 

connected world is data intensive, complex 

to manage and challenging to harness, the 

opportunities for generating more value and 

new propositions are nearly endless. 

Octo Telematics has invested in the 

development of algorithms and analytical 

tools to help our industry partners maximize 

opportunities from the connected world – 

and we continue to do so today.  Through 

actionable intelligence based on the 

accurate analysis of data, industry partners 

can differentiate their products and services 

with innovative customer experiences. 

In building globally recognized analytical 

capabilities to serve the global insurance 

marketplace, Octo Telematics acquired the 

usage-based insurance (UBI) assets of Willis 

Towers Watson, including its market-leading 

DriveAbility® solution.  DriveAbility 

aggregates and analyses granular telematics 

and insurance data to provide an industry-

leading driving score and assist insurers to 

design, score, issue and bind telematics-

based insurance policies.  It also facilitates 

relationships between stakeholders 

including automotive OEMs, 

telecommunication companies and insurers 

to present convenient, personalized 

insurance offers to customers using pre-

analyzed driving data.  Today, a strategic 

alliance with Willis Towers Watson on 

additional opportunities continues to 

enhance both companies’ suite of 

products and services. 

1. Introduction 
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Historically, insurance companies have 

made underwriting and pricing decisions 

based on static risk factors that are largely 

proxies for how, how much, when and 

where a vehicle is operated.  By leveraging 

actual driving data, data scientists can build 

telematics-based risk scores that are 

significantly more predictive than any risk 

factor used by insurance companies today.   

“Data, and the right data, is 
fundamental in creating an 
accurate predictive model” 
Americas’ Country Manager, VP DriveAbility  Consulting  

To get the full value from telematics, data 

scientists must have the right data and 

employ different techniques than those 

used for traditional actuarial analysis.  Done 

correctly, insurers can create a score that 

provides double-digit lift, optimizes the lift 

above and beyond traditional factors and 

identifies factors that cause accidents to 

happen.  Failure to follow best practices for 

model development will result in sub-

optimal lift that makes the business case less 

compelling. Lift is just one factor that should 

be considered.  To be truly effective, any risk 

score should also be transparent, cost-

effective, flexible, implementable and 

acceptable to regulatory bodies.  Even the 

most predictive scores may not be effective 

if they fail one or more of these categories. 

 

 

2. Challenges of the Insurer 

 



4 
 

 

Everyone recognizes that a telematics-

based risk score should effectively predict 

risk.  While that is critical, it should not be 

the only goal.  As show in figure 1, any good 

score should have the following attributes: 

  Predictive: a risk score should accurately 

predict future insurance losses for the 

vehicle or driver being scored.  Additionally, 

the improvement in predictiveness should 

be above and beyond what is achievable 

with traditional rating factors. 

  Insightful: a risk score should provide 

information that is useful to both insurers 

who need to understand the risk and 

consumers who may want to mitigate their 

risk.  Ideally, the risk score will identify 

driving behaviors that lead to accidents (as 

opposed to behaviors that are just 

correlated with increased risk) and are 

controllable by the consumer. 

Figure 1: Best-In-Class Telematics Score 

Source: Octo Telematics 

 

Score
Requirements

Predictive

Insightful

Flexible

Implementable

Cost-effective

Approvable

3. Characteristics of a Good Score 

 



5 
 

 

  Flexible: a risk scoring algorithm should 

be built so that it can be adapted to different 

situations (e.g., sensors that are unable to 

give the same data or products targeted at 

different customer groups). 

  Implementable: a risk scoring algorithm 

must be able to be implemented in a 

production environment and deliver insights 

in near-real time for consumers. 

  Cost-effective:  a benefits of the risk 

scoring algorithm should exceed the costs 

associated with software development, 

system maintenance, operations, data 

transmission and contextual data 

acquisition.  

  Approvable:  some countries, most 

notably the US, require approval of factors 

used in the determination of premium.  Any 

score should consider regulatory 

considerations. 

What Data is Needed? 
A lot of companies have telematics data, but 

all data isn’t created equally.  There are 

significant variations in terms of the quality 

and granularity of telematics data.   

“The best telematics data is 
granular, for example location 
data captured every second” 
Americas’ Country Manager, VP DriveAbility Consulting  

Being a provider of scoring services, we 

have worked with a wide variety of 

telematics service providers (TSPs) 

responsible for delivering sensor solutions. 

As such, we have done data quality reviews 

for most of the TSPs. There is a significant 

difference in the quality of data collected 

across TSPs - the variation is particularly 

large with respect to smartphone app 

solutions that require analytics to identify 

when a valid trip has started and stopped. 

Failure to collect high-quality data will 

adversely impact the predictiveness of the 

score and can also shake consumers’ 

confidence in the product. 

There are also major differences in terms of 

the level of granularity collected. Many 

companies choose to collect summarized 

events (e.g., harsh brakes) or average 

behaviors (e.g., average speed per minute).  

While this information is useful, it 

significantly limits the potential of any score.   

  When there is complete information 

about where a vehicle is at all times, the 

insurer can enrich the data with useful 

contextual information like weather, traffic 

congestion and road attributes. 

 By only collecting events, insurer 

discard useful information.  For 

example, the vast majority of 

deceleration events don’t hit the 

commonly used harsh braking 

thresholds.  If only event data is 

collected, data beneath the 

threshold is ignored and a lot of 

useful and predictive information is 

lost. 

 

 Failing to collect granular data also limits 

services beyond risk assessment like first 

notification of loss (FNOL) and crash 

reconstruction. 

Telematics data is only one piece of what is 

necessary. It is essential to have the claims 

data too.  Without claims data, the only 

option is to develop a score judgmentally 

which is virtually impossible to do.  

Judgmental score development requires 

insurers to correctly identify behaviors that 

drive risk, quantify the relative risk of that 

behavior and determine any correlation 

between included factors.  We have 

evaluated several scores developed 

judgmentally. In each case, the score 

provided minimal lift and the company 

would have been able to get similar benefit 

from just using verified mileage. 
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Actuaries have historically structured data at 

an account level.  In other words, they have 

always built dataset where each vehicle 

would have a single entry for each 

characteristic (e.g., age of driver, garage 

location, number of prior accidents) for the 

policy period.  As such, it is natural for 

actuaries to handle telematics data the 

same way and focus on telematics-based 

attributes like estimated annual mileage, 

number of harsh brakes per 100 miles, 

percentage of driving done during high risk 

times, etc.   

While this is valid, it does not maximize the 
value of the telematics data.  If there is 
enough data, this approach will absolutely 
allow the insurer to determine driving 
behaviors that are correlated with increased 
risk.  It doesn’t, however, enable the insurer 

to determine factors that cause accidents to 
happen. 

4. Structuring Telematics Data 

 

Figure 2: Structuring Data 

 

Source: Octo Telematics 
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As shown in Figure 2, to maximize the value, 
telematics data should be studied at 
multiple levels.  The insurer should structure 
data at the point (e.g., time of day), 
maneuver (e.g., aggressive corner), trip 
(e.g., length of trip), day (e.g., number of 
trips during day) and account (e.g., annual 
mileage) levels.  While this significantly 
increases the size of the dataset, the 
benefits are worth it.  By doing this, the 
insurer can still uncover general items that 
are correlated with risk, but can also 
determine specific behaviors that cause 
accidents to happen. The latter is critical if 
the goal is to change behaviors and reduce 
the chance of having an accident. 

Harsh braking is a good example to 
illustrate the subtle last point.  A person who 
frequently brakes harshly is far more likely 
to have an accident.  That said, harsh 
braking events don’t cause the driver to be 
involved in an at-fault accident; instead, it 
helps them avoid one.  The causal driving 
behavior is the one that precedes the need 
to brake harshly (e.g. distracted driving).  It 
is far more useful to a driver to tell them the 
exact behavior this is risky, rather than 
simply telling them not to brake harshly.  In 
fact, telling them to change a correlated 
factor can actually lead to an unintended 
increase in risk.  One driver interviewed 
reported they reduced their harsh brakes by 
running red lights rather than abruptly 
stopping on a yellow.  Probably not the 
safest decision, but it is the one that the 
insurer was incenting. 

Traditional Data is Imperative  
If insurers were using only telematics data 
for rating, the job would be done.  Insurers 
will also use more traditional factors for 
scoring, including those shown in figure 3. It 
is important to make sure the telematics 
factors and traditional factors are combined 
optimally.  This is a non-trivial task given that 
many of the traditional factors are proxies 
for how, how much, when, and where a 
vehicle is operated. 

To ensure proper alignment of factors, 
insurers must create a dataset that includes 
the telematics factors (or resulting score), 
traditional factors that will be used, and the 
associated claims data.  By analyzing that 
dataset within a multivariate framework, the 
modeler can determine the optimum 
combination of telematics and traditional 
factors.  

Right now this isn’t a priority as telematics 
data isn’t generally collected until after the 
initial policy is written.  As such insurance 
companies tend to modify their traditional 
rating plan to remove the most obvious 
overlaps (e.g., annual mileage discounts) 
and apply the telematics score to the 
otherwise applicable rate.  In the near 
future, auto manufacturers, 
telecommunication companies and others 
will make the telematics data available at 
point of initial policy issuance.  When this 
data is broadly available, those insurers who 
create an optimal rating plan will have a 
huge competitive advantage and subject the 

 

Figure 3: Traditional and Telematics Data 

 

Source: Octo Telematics 

Traditional Proxy Factors Telematics Data

Driver Characteristics How Much, How, When & Where

# Vehicles & # Drivers How Much

Estimated Annual Miles How Much

Territory Where

Accidents and Convictions How

Insurance Score How
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rest of the industry to the potential of severe 
adverse selection. 

Octo Telematics has a massive dataset 
boasting more than 200 billion miles of 
telematics data and 450 thousand verified 
crashes.  That dataset, in conjunction with 
proper data-driven techniques, enables us 
to build highly-predictive risk scoring 
algorithms that provide significant lift above 
and beyond traditional factors. 

“Understanding what matters to 
the insurer was our approach to 
developing a best-in-class risk 
score” 
Americas’ Country Manager, VP DriveAbility Consulting  

Figure 4 shows the predictive lift above and 

beyond traditional factors.  A group of 

insureds were scores using our DriveAbility 

score and subdivided into ten equal groups 

(or deciles) with group one being the safest 

drivers and group 10 being the riskiest.   

The blue colored line shows the relative 

predictive risk for each group.  As can be 

seen, the risk increases with each group 

with the highest group posing well over 10 

times more risk than the safest group. This is 

an amazing result considering the included 

population is a group of “good” drivers that 

self-selected into a usage-based insurance 

product.  To put that in perspective, the most 

powerful traditional factors have a lift of 

about three or maybe four. 

5. Summary 
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Too often score providers have a score that 

doesn’t’ hold up when actual results are 

compared to the predictions.  The red 

colored line shows the actual results of that 

group.  As can be seen, the actual results 

very closely followed the predictions adding 

confidence to any insurance company 

relying on the DriveAbility score.  

“Too often score providers have 
a score that doesn’t hold up 
when actual results are 
compared to the predictions” 
Americas’ Country Manager, VP DriveAbility Consulting  

To ensure proper alignment of factors, 

insurers must create a dataset that includes 

the telematics factors (or resulting score), 

traditional factors that will be used, and the 

associated claims data.  By analyzing that 

dataset within a multivariate framework, the 

modeler can determine the optimum with 

the proven predictiveness of the DriveAbility 

score, it will only be valuable to an insurer if 

it provides information that is unavailable 

through the traditional factors.  The green 

line shows the average premium charged 

by the insurers for each group.  The 

difference between the green line and the 

other lines is the “opportunity” the 

insurance company has to improve the 

accuracy of their pricing.  There is clearly 

opportunity in virtually every decile with 

indicated decreases of 70% in the first decile 

and increases of over 100% in the tenth 

deciles. Correcting these inaccuracies 

would enable the company to profitably 

improve retention in the lower-risk groups 

and better price the higher-risk groups. 

Future Risk Scoring 
The Insurance market is seeking disruptive, 

technology-driven innovation. Customers 

are expecting more from their connected 

insurance policies, like machine learning 

and artificial intelligence (AI) that can 

potentially prevent an accident before it 

happens. 

Octo Telematics continues to invest in this 

space to better serve its insurance partners 

in identifying and managing risks 

throughout their portfolio.  This includes 

new innovations in predictive modelling and 

more partnerships with class leading 

organizations in analytics.  One example, as 

Figure 4: Claims Process Improvement 

 

Source: Octo Telematics 
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discussed in figure 5, is Octo’s Driving 

Genome which has been developed in 

collaboration with QuantumBlack (a 

McKinsey Company). 

  

Figure 5: Driving Genome 

Driving Genome is Octo’s system for a holistic and granular map of characteristics that influence risk 

exposure.  It consists of identifying, measuring and tracking changes across a number of features 

known as “genes”.  The more complex the genes are, the more data is required to build them and as 

a result, the higher the predictivity of the model.  

Driving Genome aims to:  

 Address risks that are not well captured by classic insurance pricing parameters  

 Allow meaningful inferences from changes to its components  

 Contain information about the future evolution of components so the risk evolution is visible  

Furthermore, as it is designed to carry a metric, it can also be used for relative assessment by 

detecting clusters in its genes.  This is particularly useful in aiding inferences when there are limited 

observations available.  

For example, a crash event takes place when a driver provides a poor response to an unplanned 

event.  To better understand the circumstances of a crash event, several genes are developed around 

possible poor responses and situations in which an unplanned event could take place.  

Example Crash Related Genes: 

 

Source: Octo Telematics 

This generates additional value for Octo’s insurance partners, as it allows them to enhance 
their technical pricing, positively influence the insured’s behavior and enable new innovative pay-per-
use services and products. 
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Key Contributors: 

 

Geoff Werner, Fellow of Casualty Actuarial Society (FCAS) 

and Member of American Academy of Actuaries (MAAA) 

Americas’ Country Manager, VP DriveAbility Consulting 

Geoff is the Americas’ Country Manager and global leader for the Octo consulting team. He is an 

industry pioneer and an expert in personal line pricing, being the co-author of the ratemaking text 

used by the Casualty Actuarial Society to train all actuaries. Geoff has over 25 years of experience 

working as a consultant and with two top 10 U.S. auto insurers. 

 

About Octo Telematics 

Octo is the number one global provider of telematics and data analytics solutions for the auto 

insurance industry. Founded in 2002, Octo is one of the pioneers of the insurance telematics 

industry. Today, Octo is the largest and most experienced insurance telematics company in the 

world, transforming auto insurance through behavioral, contextual and driving analytics for more 

than 100 insurance partners. Octo has more than 5.6 million connected users and the largest global 

database of telematics data, with over 207 billion miles of driving data collected and 447,000 crashes 

and insurance events analyzed (as of 30 June 2018). Octo applies proprietary algorithms to this 

market-leading database to deliver powerful new insights into driver risk, informing solutions that 

benefit both auto insurance companies and policyholders. The company is headquartered in Rome, 

with offices in Boston, London, Stuttgart, Madrid, and Sao Paulo. 
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To contact your local Octo Telematics office, please visit: 

www.octotelematics.com 


