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factors responsible for the relatively slow acceptance of true pay-
as-you-drive insurance: monitoring costs (though these are falling 
over time), a number of relevant patents held by Progressive, and 
regulatory barriers (3). Guensler et al. surveyed 43 state insurance 
commissioners and found that 16 states, including Massachusetts, 
do not allow pay-as-you-drive insurance (7).

An additional factor that may have slowed both industry adoption 
and regulatory acceptance of pay-as-you-drive insurance is the rela-
tive lack of evidence characterizing the mileage–risk relationship 
at the individual level. Most studies of pay-as-you-drive insurance 
have relied on correlating traffic densities with accident rates across 
entire highways or even U.S. states (1–3). Although these studies 
make it clear that a correlation does exist, such a correlation is not 
adequate for insurance companies looking to build a pricing model 
nor for regulators looking to assess precisely the potential impact on 
consumers of pay-as-you-drive insurance.

This study makes several contributions. First, it uses the larg-
est disaggregate data set available to date: it analyzes data on 
$502 million worth of claims on almost 3 million individual cars 
driven an aggregate of 34 billion mi. Second, it classifies drivers 
by the traditional insurance rating factors of class and territory, thus 
better isolating the effect of annual mileage on individual driver 
risk. Third, through this classification it is able to characterize the 
rate levels and relativities of an actuarially accurate pay-as-you-
drive pricing scheme. Finally, with this disaggregate data set it mod-
els the effect of pay-as-you-drive pricing on consumer behavior and 
on greenhouse gas emissions and assesses social equity impacts.

Data

This study uses a data set released publicly by the Massachusetts 
Executive Office of Energy and Environmental Affairs in 2010. 
The data set contains insurance policy and claims data collected by 
Commonwealth Automobile Reinsurers and odometer readings col-
lected by the Massachusetts Registry of Motor Vehicles. This public 
data set was processed to produce an analytic data set that is avail-
able online (http://mit.edu/jf/www/payd). Further details on the 
data-processing methodology and additional descriptive  statistics 
are available in a report prepared for the Conservation Law Founda-
tion by Ferreira and Minikel (8). This study focuses on the risk model 
and analytic methods used to assess the interaction of mileage with 
traditional automobile insurance rating factors.

Insurance Data

The Commonwealth Automobile Reinsurers data set records writ-
ten transactions pertaining to insurance policies and claims. Written 
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miles driven with mileage and claims data representing approximately 
3 million individual car years of insurance exposure for private passenger 
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models relating pure premium to annual mileage estimates demonstrate 
that mileage is a significant predictor of insurance risk, that mileage alone 
cannot replace traditional rating factors such as class and territory, and 
that mileage gains in explanatory power when used in conjunction with 
those traditional rating factors. These findings provide a strong actu-
arial basis for pay-as-you-drive insurance, in which drivers are charged 
rates per mile that differ depending on the driver’s class and territory. 
A model of consumer response to pay-as-you-drive insurance based on 
studies of miles elasticity to gasoline prices suggests that if all drivers in  
Massachusetts switched to per mile insurance policies, aggregate vehicle 
miles traveled in the state would drop by 5.0% to 9.5%. Greenhouse gas 
emissions from private passenger automobiles would be reduced by a simi-
lar amount, and the social equity implications of pay-as-you-drive insur-
ance would be positive. On the basis of sound actuarial justification and 
positive social benefits, this study finds a strong argument in favor of the 
regulatory approval of pay-as-you-drive insurance.

Pay-as-you-drive insurance is an automobile insurance pricing 
model in which customers are each assigned a rate of cents per mile 
and billed for actual miles driven. Such a mileage-based pricing 
scheme was first suggested by Vickrey (1), and numerous research-
ers since then have provided evidence for the potential benefits of 
such a scheme: for insurers, improved actuarial accuracy; for con-
sumers, an opportunity to save money by choosing to drive less; and 
for society, a reduction in automobile accidents and other negative 
externalities of driving (2–6).

In recent years there have been several experiments with pay-as-
you-drive insurance in the U.S. market. In 2008, MileMeter, a start-
up based in Texas, became the first U.S. company to write insurance 
on a pure cents-per-mile basis. For more than a decade Progressive 
Insurance Company and more recently General Motors Acceptance 
Corporation have also introduced products that verify customers’ 
mileage and offer a deeper low-mileage discount than traditional 
insurance products, though the unit of exposure used is still the 
car year rather than the mile. Bordoff and Noel point out several 
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transactions for policy year 2006 were processed to derive earned 
exposure values for each policy and net incurred losses for each 
claim plus outstanding reserves as of December 2008. Claims 
with net incurred losses plus outstanding reserves of less than 
$50 were considered to have been settled without payment. Only 
bodily injury and property damage liability losses up to $25,000 
and personal injury protection losses up to $2,000 were consid-
ered in this study. These levels of coverage are the mandatory 
minimum in  Massachusetts and therefore should be consistent 
across drivers.

The compulsory bodily injury liability coverage limits in 
 Massachusetts are relatively low compared with the cost of many 
accidents. The limitation of the study to only consider losses up 
to mandatory minimums is likely to bias results as follows. Rate 
groups with higher average claim costs per accident (groups with 
more severe accidents) are likely to appear less risky compared with 
other rate groups than they actually are. However, this limitation on 
the analysis is necessary in order to avoid the confounding influence 
of drivers’ preferences for differing coverage levels.

The analysis used here considers just two traditional rating factors 
used by the insurance industry: class and territory. Class represents 
vehicle use and driver years of experience, and territory represents 
the town in which the vehicle is principally garaged. The available 
data set includes several dozen classes and 351 towns in Massachu-
setts grouped into three dozen rating territories, but for simplicity 
these have been grouped into five classes and six territories. The five 
classes used are adults, senior citizens, business use vehicles, driv-
ers with 0 to 3 years of driving experience, and drivers with 3 to 
6 years of driving experience. The six territories represent approxi-
mate sextiles of risk—Territory 6 represents the towns with the highest 
accident rates and insurance rates and Territory 1 represents the least 
risky towns. Each territory comprises approximately one-sixth of total 
exposure, though not exactly because the territories are constrained to 
contain whole towns.

Table 1 shows the distribution of exposure, claim frequency 
(average number of claims per unit exposure), and pure premium 
(average net incurred losses per unit exposure) across classes; 
Table 2 shows the same for territories. Because pure premium here 
represents direct losses only without any loading for insurance 
companies’ expenses and is limited to mandatory coverage only, 
a multiplier of approximately 5.5 is appropriate to translate these 
pure premium values into retail prices that consumers would pay 
for typical comprehensive coverage products.

Mileage Data

The Registry of Motor Vehicles data set records odometer readings 
taken at state-mandated annual safety checks. These odometer read-
ings were processed to derive the number of miles driven between 
readings for each vehicle. When scaled for the time elapsed between 
readings, this process provides an estimate of annual miles driven. 
Vehicles that changed license plates between odometer inspections 
were not included in the study in order to ensure that a mileage 
estimate and its associated claims data refer to the same driver yet 
do introduce some bias, since cars that changed owners during the 
study period are excluded.

The annual mileage estimates thus created can be joined to the 
insurance data set by vehicle identification number (VIN). In cases 
in which annual multiple mileage estimates were available through 
three or more odometer readings, the mileage estimate with the 
greatest temporal overlap with the period of earned exposure from 
the insurance data set was chosen. Still, the overlap is partial for 
most vehicles: a policy lasting from March 2006 to March 2007 
might have a mileage estimate based on odometer readings in 
June 2006 and July 2007. This temporal mismatch introduces the 
possibility of regression to the mean: a vehicle estimated to have 
been driven fewer miles than the average based on odometer read-
ings was probably actually driven a bit more than estimated during 
the actual policy year, and vehicles with high mileage estimates 
were probably driven a bit less than estimated. The effects of this 
phenomenon on this study’s results are addressed further later on.

TABLE 1  Five Driver Classes with Market Share and Claims Experience

Class
Total Exposure 
(car years)

Percentage of 
All Exposure

Claim Frequency 
per 100 Car Years

Pure Premium per Car Year 
(for basic BI–PDL–PIP) ($)

Adult 2,141,668 75  5.0 160

Business 40,592 1  6.0 206

<3 years of experience 114,929 4 12.7 421

3–6 years of experience 115,008 4  9.6 314

Senior citizen 459,695 16  4.8 144

All 2,871,892 100  5.5 175

Note: BI = bodily injury; PDL = property damage liability; PIP = personal injury protection.

TABLE 2  Six Territories with Market Share and Claims Experience

Territory

Total 
Exposure 
(car years)

Percentage 
of All 
Exposure

Claim 
Frequency 
per 100  
Car Years

Pure Premium per 
Car Year (for basic 
BI–PDL–PIP) ($)

1 (low) 547,490 19 3.9 114

2 557,705 19 4.5 139

3 322,883 11 4.8 143

4 577,956 20 5.4 170

5 533,192 19 6.6 214

6 (high) 328,249 11 9.2 314

All 2,867,474 100 5.5 175
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Figure 1 shows the distribution of annual mileage estimates in the 
available data set, and the following two tables show the average 
annual mileage across the five classes and six territories.

Class Average Annual Mileage

Adult 12,398
Business 14,173
<3 yrs experience 12,911
3–6 yrs experience 13,207
Senior citizen 7,519
All 11,695

Territory Average Annual Mileage

1 12,456
2 12,149
3 12,262
4 11,798
5 10,702
6 10,523
All 11,695

Fuel Economy Data

A commercial VIN parsing service, VINquery.com, was hired to 
decode the VINs of vehicles in this study and provide fuel economy 
estimates for each. An estimate was successfully obtained for 96% 
of vehicles in the study sample. Fuel economy was found to average 
20.0 mpg and to exhibit almost no correlation with annual mile-
age, class, or territory. The high-risk territories have slightly higher 
average fuel economy, but only by a few percent (20.4 mpg in Ter-
ritory 6 versus 19.7 in Territory 1). Business use vehicles exhibit 
lower-than-average fuel economy (15.1 mpg), but among the age 
and driving experience class groupings, average fuel economy var-
ies by only about 10% (19.8 mpg for adults versus 21.5 mpg for 
individuals with 3 to 6 years of driving experience).

Sample Size

After vehicles with invalid insurance data or insufficient odometer 
readings to produce a mileage estimate were discarded, the data 

set used for this study comprised 2.87 million car years of expo-
sure earned by 3.05 million distinct vehicles (3.25 million distinct 
 policy–vehicle combinations) with an average claim frequency of 
5.6 claims per car year and an average pure premium (for only 
the state-mandated coverage described earlier) of $175 per car 
year. This data set represents 71% of the exposure contained in 
the original state-released data set and so, even allowing for some 
uninsured drivers on the road, accounts for easily over half of 
the drivers, vehicles, and miles driven in Massachusetts in 2006.

MEthoDology anD RESultS

To assess the correlation between mileage and accident risk, a 
variety of Poisson and linear regression models were fitted to the 
joined mileage and insurance exposure and claims data by using the 
generalized linear model and linear model features of the statistical 
software package R.

The simplest model, whose results are shown in Equation 1, con-
siders pure premium as a function of mileage only. Equation 1 shows 
that when all vehicles are considered together, high mileage does 
correlate with high risk, but the relationship is less than linear with 
an exponent of only 0.36. Figure 2 plots this model against the actual 
data aggregated into 250-mi mileage bins for ease of graphing.

pure premium annual miles= ( )$ . ( ).6 53 10 36�

The curvature of the model suggests that mileage alone, though 
significant, is not likely to be a satisfactory rating factor. Therefore, 
in subsequent models mileage is considered alongside class and ter-
ritory. With these factors, the slightly more complex model shown in 
Equation 2 regresses pure premium on mileage, class, and territory 
grouping.

pure premium annual miles class re= ( )$ . .2 35 0 40� � llativity

territory relativity

( )
( )� ( )2

FIGURE 1  Histogram of annual mileage estimates for 3.25 million  
policy– vehicle combinations in Massachusetts.
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The corresponding class relativity and territory relativity are 
shown in the following two tables. Relativities are considered with 
adults and territory 1 (the least risky group) as the reference.

Class Relativity

Adult 1.00
Business 1.32
<3 yrs experience 2.65
3–6 yrs experience 1.83
Senior citizen 1.17

Territory Relativity

1 1.00
2 1.24
3 1.28
4 1.55
5 2.04
6 2.98

The exponent on mileage in Equation 2 has increased com-
pared with Equation 1, from 0.36 to 0.40. This finding means that 
the relationship between risk and mileage is closer to proportional 
once class and territory are considered. The range of relativities 
in Table 4 shows that even when mileage is considered, risk var-
ies as much as threefold between different class and territory 
groupings.

When the same model is fitted on only those policies whose mile-
age estimates temporally overlap the policy period by 90% or more, 
the mileage exponent rises further to 0.42. This finding is suggestive 
that the true mileage–risk relationship is slightly more linear than that 
observed in Equation 2 and that part of the reason for the curvature 
seen in Figure 2 is regression to the mean.

However, another reason for the curved nature of the Equation 2 
model fit lies in the model itself. The Poisson regression used in 
Equation 2 is an appropriate model in that it respects the underly-
ing “rare event” nature of automobile accidents and allows for all 
policies (most of which have zero claims and zero losses) to be ana-
lyzed at a disaggregate level. However, this model is also imperfect, 
because the class and territory relativities affect only the magnitude 
of the curve, not its shape. The model is constrained to find a single 
exponent for mileage (in this case, 0.40) for all classes and territo-

ries. If the relationship between risk and mileage were linear within 
any one class or territory group but the slopes differed (to the extent 
that the per-mile risk differs across the class and territories), the 
model in Equation 2 would “compromise” between the different 
slopes by finding an exponent less than 1, even though a regression 
on any one group would find an exponent closer to 1, indicating a 
more proportional relationship.

Equation 3 shows the results of such a regression for only Terri-
tory 3 adults as one such example. The exponent is now 0.46, higher 
within this one group than for all drivers as a whole. When this same 
model is fitted to only the Territory 3 adult drivers whose mileage 
estimates temporally overlap at least 90% with their policy periods, 
the exponent rises to 0.54; this finding demonstrates that the role of 
regression to the mean is important here. Within a class–territory 
group, particularly when the effects of regression to the mean can be 
minimized, the mileage–risk relationship is more nearly linear than 
it is for all drivers considered together. Because insurance compa-
nies use additional rating factors as well as much finer-grained class 
and territory groupings than are used here, they are likely to find an 
even higher exponent.

pure premium annual miles= × ( )$ . ( ).1 70 30 46

A more lengthy treatment of this subject would fit this same 
model for each of the 30 class–territory groupings separately. In 
order to treat the entire data set with a broad stroke, however, this 
study instead fits various linear models to the data. Vehicles are not 
treated at the individual level but rather are aggregated into bins 
by annual mileage (500-mi increments), class, and territory. In the 
linear regression, the bins are weighted by total earned exposure so 
that each vehicle counts equally even though different numbers of 
vehicles may be present within different bins.

Table 3 summarizes the results of three linear models fitted 
for these bins. The adjusted R2 statistics reflect the proportion of 
the variation in risk between bins that can be explained by the 
model. Mileage alone explains 9% of the variation, class and ter-
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FIGURE 2  Fit of Poisson regression on pure premium per car year by annual mileage estimate: 
all policies.
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ritory alone explain 57%, but taken together, they explain 72%. 
The whole is better than the sum of the parts: mileage provides  
more explanatory power when coupled with class and territory. 
These factors likely provide a control on where and how the miles 
are being driven, with class as a proxy for driver skill and territory 
as a proxy for setting.

The results of the Poisson and linear models introduced here can 
be summarized as follows:

•	 Mileage is a significant predictor of insurance risk;
•	 If used alone, mileage is inferior to traditional insurance rating 

factors; and
•	 If used in conjunction with traditional insurance rating factors, 

mileage can substantially improve actuarial accuracy.

Because mileage is significantly correlated with insurance risk, 
it is natural that it should be incorporated into insurance prices 
in a more significant way than the minor low-mileage discounts 
currently offered by most insurers. One possible pricing scheme 
would be to rate insurance on a strictly per mile basis with no 
annual fee at all. In this case, the retail prices for comprehensive 
coverage (applying a 5.5 multiplier to the pure premiums calcu-
lated from this study’s data set) would range from about 4 cents 
to about 34 cents per mile for the class and territory groupings 
considered here. The following two tables compare the relativities 
under such a scheme with the per-car-year relativities. No provi-
sion is made here for second-order interactions. Again, adults and 
territory 1 are considered as the reference group.

Relativity

Class Per Car Year Per Mile

Adult 1.00 1.00
Business 1.38 1.32
<3 yrs experience 2.72 2.65
3–6 yrs experience 1.91 1.83
Senior citizen 0.93 1.17

Relativity

Territory Per Car Year Per Mile

1 1.00 1.00
2 1.23 1.24
3 1.27 1.28
4 1.51 1.55
5 1.92 2.04
6 2.77 2.98

Another possibility would be to price insurance with an annual 
fee plus a lower per mile rate. The annual fee might or might not 
cover some number of miles—for instance, 2,000 mi. Such an 
annual fee could serve several functions: it would help to price 
some of the nonlinearity in the mileage–risk relationship by ensur-
ing that low-mileage drivers pay enough to cover their insurance 
costs; it could help insurance companies to cover the fixed costs of 
writing an insurance policy and monitoring mileage; and depend-
ing on its structure, it could help to avoid an increase in uninsured 
motorists with premium payments that have not kept pace with 
their mileage.

EconoMIc anD EnvIRonMEntal 
IMplIcatIonS

vehicle Miles traveled and greenhouse gas 
Reduction Model

Potential reductions in vehicle miles traveled (VMT) due to pay-
as-you-drive insurance are modeled as follows. Each vehicle is 
assigned a current operating cost per mile equal to the June 2010 
gasoline price ($2.70/gal) divided by its fuel economy. Each vehicle 
is then assigned a hypothetical future operating cost equal to its cur-
rent operating cost plus a per mile insurance rate calculated for its 
class–territory group. The percentage increase in per mile operating 
cost is calculated by dividing the future cost by the current cost, 
and this percentage increase is multiplied by an assumed elasticity 
to obtain the percentage decrease in mileage for that vehicle. This 
percentage decrease is then multiplied by the vehicle’s estimated 
annual mileage to obtain the vehicle’s predicted annual mileage 
reduction. This predicted annual mileage reduction is then summed 
across all vehicles and divided by the aggregate annual mileage 
for all vehicles in the study to obtain an estimate of the statewide 
percentage reduction in VMT.

The elasticity value used here is based on a review of several 
studies of consumer VMT elasticity with respect to gasoline prices 
(9–15). When gasoline prices rise, consumers respond initially with 
reduced VMT but eventually respond with increased fuel efficiency 
as well. To isolate the effect of operating cost on VMT, this model 
considers the short-run elasticity from the reviewed studies, even 
though the intent is to model the long-run response to per mile insur-
ance. The studies reviewed here indicate that −0.15 is an appropriate 
conservative figure for the elasticity of vehicle mileage with respect 
to operating cost (9–15).

This model has several limitations, including the use of a flat 
elasticity figure across all vehicles and drivers regardless of use 
or income, the exclusion of urban parking costs in assumed cur-
rent operating cost, and the lack of consideration of any income 
effects from eliminating or reducing the yearly fee for insurance. 
The results obtained from this model must be considered as rough 
order-of-magnitude estimates for the effect of per mile insurance on 
VMT under simple assumptions.

The model indicates that if all drivers in Massachusetts switched 
to pay-as-you-drive insurance priced on a strictly per mile basis 
with no annual fee, an aggregate VMT reduction on the order of 
9.5% could be expected. Pure premium data indicate that the best 
linear fit for risk as a function of mileage does not pass through the 
origin, and so an alternate pricing scheme, in which consumers pay 
a yearly fee with 2,000 mi included and then pay a lower per mile 

TABLE 3  Results of Three Linear Models for Pure Premium on 
Mileage, Class, and Territory Bins

Factor 
Considered Model Results

Adjusted  
R2 Statistic

Mileage Pure premium = $111.70 + 0.55¢ × 
annual miles

.09 

Class and  
territory

Pure premium = $96.50 + class  
adjustment + territory adjustment

.57 

Mileage, class, 
and territory 
 

Pure premium = $40.12 + class  
adjustment + territory adjustment  
+ (0.43¢ + class rate + territory rate) 
× annual miles

.72 
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rate thereafter, is also considered. Because the per mile rate is lower 
than in a strictly per mile scheme, this pricing model is estimated to 
result in a VMT reduction of 5.0%. Because fuel economy is found 
to be nearly uncorrelated with class or territory in this data set, the 
percentage reductions in greenhouse gases from private passenger 
automobiles would be similar. These reduction estimates represent 
upper bounds for what could be achieved through the adoption of  
pay-as-you-drive insurance because adoption by all drivers is assumed. 
In reality pay-as-you-drive insurance would be offered as a consumer 
option and, in the near term at least, only drivers with mileage below 
their rate group’s average mileage would switch.

Social Equity Implications

Prior studies have noted a concern among the public or regulators 
that pay-as-you-drive insurance might hurt a particular geographic 
group, such as rural drivers (3, 7). However, because this study finds 
that per mile rates need to be differentiated by class and territory 
groups, different geographic regions would remain separate risk 
pools. Risk and insurance cost would not be redistributed among 
regions, and so there is no basis for concern that a particular geo-
graphic group—say, rural drivers—would be hurt by the new pric-
ing scheme. The average rural driver drives more miles than the 
average urban driver but would enjoy low per mile insurance rates 
and so would see no increase in total expenditure with the same 
driving habits (and would even gain an option to reduce expenditure 
by choosing to reduce mileage).

Indeed, the results found here suggest that the social equity impli-
cations of the introduction of pay-as-you-drive insurance would be 
generally positive. First, it would alleviate the cross-subsidy burden 
on low-mileage drivers within rate groups. Second, it would generate 
congestion reduction and safety benefits that would be experienced 
by all, including those who do not own a car, who are generally 
in the low-income group. The safety improvements due to mileage 
reduction would be particularly pronounced because the riskiest 
drivers would have the highest per mile rates and therefore the larg-
est incentive to drive less. Third, it would improve fairness by rating 
insurance at least partly on controllable individual factors. As shown 
in Table 6, relativities under a per mile pricing scheme would be no 
lower, and in some cases would be higher, than under per-car-year 
pricing; however, the number of miles driven would be controllable 
by each driver. This aspect would offer low-income drivers an oppor-
tunity to save money by choosing to drive less. Meanwhile, the aver-
age driver in any given class–territory grouping would be no better 
or worse off under a pay-as-you-drive scheme than under traditional 
pricing if his or her driving habits did not change. Indeed, in the long 
run, the 5.0% to 9.5% decrease in aggregate VMT projected here 
would bring about a commensurate reduction in accident costs and 
therefore in insurance rates.

concluSIonS

This study examines insurance claim costs, driver class and terri-
tory, and annual mileage estimated from odometer inspections for 
2.87 million car years of earned exposure on vehicles in Massachusetts 
in policy year 2006. Poisson and linear regression models used to ana-
lyze the relationship between these variables demonstrate conclu-
sively that mileage is a significant predictor of risk. Mileage provides 

poor explanatory power on its own and cannot substitute for class 
or territory as rating factors, but when coupled with these factors 
it substantially improves actuarial accuracy. This finding points to 
the actuarial justification of a pricing scheme in which drivers are 
assigned individualized per mile rates based on class, territory, and 
other rating factors.

The introduction of pay-as-you-drive insurance is not only actu-
arially justified, it is also socially beneficial. A model of Massa-
chusetts consumer response to pay-as-you-drive insurance rates 
suggests that it could bring about reductions in aggregate miles 
driven and greenhouse gas emissions from private passenger auto-
mobiles on the order of 5.0% to 9.5% if all drivers switched to pay-
as-you-drive. Pay-as-you-drive insurance would offer consumers a 
means of saving money and would have some positive effects on 
social equity.

Insurance regulations in Massachusetts do not currently allow 
pay-as-you-drive insurance. This study’s key finding, that charging 
for insurance by the mile is both actuarially justified and socially 
beneficial, provides a strong argument for the legalization of pay-
as-you-drive insurance provided that appropriate consumer protec-
tions can be enacted. For example, drivers should be appropriately 
aware of the variable cost of driving (and any financial implications 
of their payment plans) and should have some control over the use 
of tracking data about their mileage. Likewise, plans should be struc-
tured to avoid increases in uninsured motorists with lapsed insurance 
coverage because their mileage gets ahead of their premium pay-
ments. Technology continues to reduce the cost of measuring and 
monitoring when, where, and how motorists drive. Hence, it will be 
increasingly in the public interest both to encourage implementation 
of usage-based automobile insurance pricing and to evolve a regula-
tory structure that protects consumers from potential abuses of the 
new technologies.
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