B Analysis of Actual Firm Pricing [For Online Publica-

tion|]

Cream skimming effect Advantageous selection into monitoring may cream skim from
the Firm’s unmonitored pool. As a result, firms may choose to raise prices in the unmoni-
tored pool. In addition, they may also want to surcharge the unmonitored pool to indirectly
encourage monitoring participation. To test the effect of monitoring introduction on the
unmonitored pool more formally, we take advantage of the staggered introduction of moni-
toring across states. This gives rise to a regression discontinuity strategy that evaluates how
prices and average cost changed in the unmonitored pool. We focus on a year before and
after monitoring introduction; our observable characteristics also include state fixed effects
and flexible controls for trends and seasonality. We only focus on the first semester (t = 0) to
avoid contamination from attrition®®. We therefore drop the ¢ subscript, and run the following

regression
dep- var.; = o+ YQtri + Klpost.,i +6- Qtri X lpost,i +X;ﬁ + éyj + & (16)

We use price p; and claim count C; as our dependent variable. Qtr is the running variable,
which denotes the calendar quarter when driver i arrived at the Firm’’. 1 post 18 an indicator
for whether i arrived at the Firm after the introduction of monitoring. x and a coverage fixed
effect &, soak up compositional changes in observable risk class and coverage plans. The
coefficient 6 reveals treatment effect of monitoring introduction on prices and claims in the

unmonitored pool.

Estimates for @ across various specifications are reported in figure B.2. The firm did not
raise prices around monitoring introduction. We also find no evidence that the average cost

of the unmonitored pool deteriorated by more than 2%.

In reality, monitoring is only a small fraction of the market. As our demand estimates will
reveal in the next section, even when monitored drivers are significantly better, its influence
on the unmonitored pool is significantly limited by its small size. Further, the Firm does not
make follow-up offers to customers who initially opted out monitoring, which is necessary
for unraveling to occur empirically. Lastly, monitoring programs are subject to approval by

state commissioners. And a new program that affects baseline pricing may be subject to

56This regression does not include monitored drivers, so there is no contamination from moral hazard.

571t is normalized so that the quarter immediately after monitoring introduction is indexed as 0.
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more regulatory scrutiny. On the flip side, this suggests that the current monitoring regime

is largely welfare-neutral for unmonitored drivers.

Dynamic and non-uniform pricing Monitored drivers have 35% higher profitability over-
all, controlling for observables. On top of the risk reduction (during monitoring) and better
risk rating, this can also be a result of higher profit margin and retention rate when informa-
tion is revealed. We provide descriptive evidence on pricing and dynamic retention in this

section.

First, the Firm faces a dynamic pricing problem as information is revealed at the end of the
first period. It offers a opt-in discount to encourage all drivers to participate in monitoring.

This averages to around 5% across states and time.

When monitoring information is revealed, the Firm can use it to set non-uniform prices.
Here, the Firm’s pricing schedule is based on a monitoring tier that measures how “surpris-
ing” a given driver’s monitoring score is to the Firm. In figure B.6, we plot the empirical
distribution of monitoring tier, which is realized monitoring score divided by firm’s expected
score given observables>®. Consistent with our findings above, the average monitored driver

performed much better than expected™”.

Figure B.3 presents the discount schedule the Firm uses given the percentile of monitoring
tier as defined above. Surprisingly good drivers are on the left, who are offered the highest
renewal discount, while around 25% of drivers that performed poorly (compared to firm’s

expectation) received a surcharge.

Figure B.4 plots the corresponding retention rate. It is clear that as discounts approach zero
or negative, retention rate drops significantly. In fact, we can regress renewal choice (binary)
on prices with monitoring discount, controlling for observables and price level without the

discount. 0 then measures the slope of the residual (retention) demand.
lrenew,i = Oc+5pi—|—6disci+x§/3—|—8,~ (17)

The estimates for  are reported in figure B.5. Without monitoring discount, a $1 increase in

38 For monitored driver i, the expected score is derived based on the average driver in i’s observable (x;) group. It also does not take
into account the fact that i has selected into monitoring. The graph has a long right tail and is truncated at 200%.

31t is important to note that a driver with a monitoring tier of 30% is not necessarily 70% safer than the average person in her pool,
especially in renewal period. This is because monitoring score does not capture risk perfectly, and it is also stochastic. Our structural
model quantifies these effects more formally.
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price (decrease in discount given) causes the retention rate to drop by 0.07 percentage points
(7 basis points). When firms give discounts, however, the slope of the demand decreases,

and by 56% when the discount given is larger than 10%. This suggests that
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Monitoring Finish Rate

Months Since Introduction

Figure B.1: Monthly monitoring finish rate around monitoring introduction
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Figure B.2: Event Study: treatment effect of monitoring introduction on the unmonitored
pool

Notes: figure B.1 the progression of monthly monitoring finish rate around the introduction of monitoring. The monthly
finish rate are below 0.1% in all months before monitoring introduction. The reason why it is not exactly zero before moni-
toring introduction is due to small-scale trial and experimentation. We throw out states that introduced monitoring in the first
three months or the last 12 months of our research window. This ensures that the trend we see do not pick up changes in state
composition.

figure B.2 reports regression-discontinuity estimate 6 of equation (16), where the horizontal axis distinguishes dependent
variable used. These effects are translated in percentage terms by dividing the average of the dependent variable in the period
immediately before monitoring introduction. We look at only first period outcomes, and include all unmonitored drivers
arriving at the Firm a year before or after the Firm. States that introduced monitoring within a year after the beginning or
a year before the end of our research window are excluded. The running variable is quarter since monitoring introduction.
Different colors and positions represent different specifications of control variables (x;;). The grey (left-most) series repre-
sents estimates from regressions with the full set of x;;; the orange (middle) one includes a full set of observables, including
flexible controls for trend and seasonality.
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Figure B.3: Monitoring Discount Schedule
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Figure B.4: Indexed Retention Rate

Notes: figure B.3 plots the Firm’s pricing schedule for giving monitoring discount. On the horizontal axis, we plot the
percentile of monitoring tier, which is monitoring score divided by that expected by the Firm given observables. 74% of
people received a discount. The vertical axis is scaled by a factor between 0.5 and 1.5. This is to protect the Firm’s identity
while demonstrating the scale and shape of the pricing algorithm. The firm went through two pricing schedules. This graph
plots the second pricing schedule. The first one is similar, except that no surcharge was given.

figure B.4 uses the same horizontal axis, and non-parametrically plots the retention rate for the semester immediately after
drivers finish monitoring (and thus when they first got monitoring discounts). Bandwidth is set as 5, and all numbers are
benchmarked/normalized against the mean retention rate of the lowest 5 monitoring tiers. For 93% of monitored drivers, this
is the first renewal period.
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Figure B.5: Comparison of subsequent claim cost across monitoring groups

Notes: This figure plots the estimate of 6 from equation (17) in various subsamples. These subsamples are represented on
the horizontal axis. Notice that although we segment the data using discount percentage, we use the actual discount amount
in the regression to measure demand elasticity. The results are scaled to percentage point terms. Therefore, —0.05 means
that the slope of retention demand is such that a one dollar increase in price would lead to a 0.05 percentage point drop in
retention rate.

Mean
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0 50 100 150 200
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Figure B.6: Distribution of monitoring tier

Notes: This figure plots the empirical density of monitoring tier for all monitored drivers who finished monitoring. It is
calculated as the quotient of realized monitoring score over ex-ante expected monitoring score. For monitored driver i, the
expected score is derived based on the average driver in i’s observable (x;) group. It does not take into account the fact that i
has selected into monitoring. The graph has a long right tail and is truncated at 200%.

61



C Additional Robustness Checks [For Online Publication]
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Pre-Period and Learning Our data does not include consumers’ claim record before they
come to the firm. The use of past claims are heavily regulated in most states. To the extent
that such records are used in firm pricing, we effectively accounts for their role with our risk
class measure. However, since monitoring happens in the first period, we do not observe
pre-trends of claims across monitoring groups. This does not influence our moral hazard
effect, but pre-trends are necessary to distinguish learning versus selection effects. In other
words, although we have found that monitored consumers to be safer than unmonitored
ones after the monitoring period, it is unclear whether this is due to monitoring changing
consumers’ persistent risk type (learning) or due to monitoring attracts persistently safer
consumers (selection). To tease these out, we use speeding violation records, for which
we have aggregated records for each consumer when she or he first starts at the firm. We
replicate the analysis in 3, replacing the outcome variable from claims to the number of

speeding violations reported. The results are presented below.
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Figure C.1: Speeding Violation Progression across Monitoring Groups

Notes: This graph reports the fixed effect estimates of eq. (3), replacing the outcome variables to the number of speeding violation.
The grey line plots @, while the orange line plots @, + 6;, both against insurance periods ¢. The error-bars report 95% confidence
interval.

Two main differences emerge compared with the claims regression. First, the moral haz-
ard effect takes longer to manifest. In the monitored group and after the monitoring period,
speeding records seem to converge back to a long-run persistent level more slowly. This
could indicate that there is temporary learning that dissipates after one more period. How-
ever, official speeding records are noisy and prone to delays induced by lawsuits and admin-

istrative errors. We therefore consider our claims records to be far more precise in measuring
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the moral hazard effect. Second, in the pre-period (period -1), the gap between the moni-
tored and the unmonitored groups seem narrower than their long-run average. This indicates
that there could be a learning effect in addition to advantageous selection into monitoring.

However, this difference is not statistically significant at the 5% level.
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D Estimation Details [For Online Publication]

Intercept and slope parameters We parameterize heterogeneous latent parameters lin-
early. Broadly consistent with actual firm pricing rules, xff and x; only include a polynomial
and the log of risk class, which represents firm’s risk assessment without monitoring infor-

mation.

Nest structure Incorporating additional alternative-level random effects can further enrich
our model. In our primary specification, we add a random coefficient, {, on all choices within
f*. This allows us to capture correlations between choices within the firm. Here, we assume
¢ is an independently normally distributed with mean zero and standard deviation o¢ (Train
2009). This allows us to escape the Independence of Irrelevant Alternatives property of a
simple logit model. The model can therefore achieve better fit on attrition rate differences
across consumers facing different contract spaces across states or when mandatory minimum

changes.

Taylor approximation approach for nonlinear utility Next, following the literature on
auto insurance choices (Cohen and Einav 2007; Barseghyan, Molinari, O’Donoghue, and
Teitelbaum 2013), we start with an approximation approach to model the utility function .
Assuming that third- or higher-order derivatives are negligible, the utility function can be
expressed by a second-order Taylor approximation of the utility function around income w.
Normalizing by marginal utility evaluated at w, we get the following expression, in which y

is the absolute-risk-aversion term:

viar(2,€) =E | 2, €] — T [, 12, ¢] (18)

This further simplifies product differentiation into consumption bundles with different mean
and variance profiles. It also allows us to interpret v in monetary values, as the second term
of Equation 18 is exactly the risk premium, while the first is expected consumption. We are
currently running robustness checks for alternative utility assumptions such as CARA and

CRRA, as well as to allow for richer heterogeneity in risk preference.

Estimation Our model includes random coefficients that enter utility nonlinearly. Private

risk, in particular interacts with various observed monitoring and coverage characteristics
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(renewal price, out-of-pocket expenditure), as well as unobserved demand parameters (risk
aversion and monitoring cost). Therefore, we use a simulated maximum likelihood approach
(Train 2002; Handel 2013). In particular, the mix logit structure implies that the choice

probability is numerically integrated as follows:

Pr(dit|A) = Pr(€iar — €iarr > Viar(A) = vian(A)] Vd' # d

_expvig(A)/o]
~ Yaexpviai(d)/o] (19)
Pr(dy) = / Pr(dy|A) £, (A)dA 0

In general, for each parameter proposal ®,;, we simulate 50 independent draws of private
risk (&) and the zero-mean firm dummy (£).°® Then, we compute the likelihood for ob-
served choices, claim count and severity, monitoring score, and renewal price change. These
are averaged over to get the simulated log likelihood. The estimator 6* maximizes the log
likelihood. Notice that the Taylor approximation allows us to derive closed-form solutions
for the first two moments of out-of-pocket expenditures and renewal prices.®! We therefore

do not simulate claim losses or monitoring scores within each draw of random coefficients.

As discussed above, our cost model is easier to estimate but requires a large amount of data
to estimate precisely. Our demand model faces the opposite challenge, being computation-
ally demanding but also making use of rich variations in choice environment and outcome.
Therefore, we adopt a two-step estimation procedure. First, risk and monitoring score pa-
rameters (0, , 0y, 05, 0;) are estimated in the full dataset (except the loss severity parameter,
per the discussion above). We then feed the estimates into the demand models as truth.®> We

lose precision by doing so, but both models are identified standalone.

Our model includes unobserved state variables (random coefficients) that enter utility non-
linearly. Therefore, we use a random coefficient simulated maximum likelihood approach
(Train 2009; Handel 2013) to estimate the model.

0We test the effect of increasing the number of draws in estimation on a 10,000 sub-sample. The effect of going from 50 to 200 draws
is minimal.

61 Further, we restrict oy to be larger than 2 so that the mean and variance of the distribution are both finite, as both moments enter
consumers’ utility. The mean of the Pareto distribution is thus no more than 2¢. Therefore, to fit the average cost to the firm well, we set
Lo = 3000, roughly half the empirical mean of the claim distribution. This parameter is selected in cross-validation, om which we compare
model performance in a hold-out dataset by directly calculating the likelihood. In a robustness check, we are also fitting a Gamma model
for calculating the firm’s cost only.

2Standard errors for the demand estimates are current not adjusted for two-step estimation. In a robustness check, we are correcting
those standard errors and implementing a joint estimation.
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For each parameter proposal 0, we simulate the model 50 times using Halton draws and
compute the likelihood for all observations in the data. We then average over these to get
the “simulated log likelihood”, denoted as .i%im(Q). The estimator * maximizes the log

likelihood. Simulated maximum likelihood suffer from simulation bias

Likelihood Function The log likelihood are sample analogs of four types of data likeli-
hoods (denoted as .Z’) - claims, monitoring score, choices (of firm, coverage and monitoring
participation), as well as renewal price. Utilities are history-dependent in our model. There-
fore, we need to simulate choice sequence for each driver i. For notational simplicity, we
suppress firm-dummy random effect { as in our baseline specification. The log likelihood

function can then be expressed as follows.

L= Z/Ag(Rihsi,Citaditl)LaW;xihpitaDitadi,t—H(%)'(\gk(l‘xit;eballdl

1<T;

(A):obs. stoc outcome (B):latent var.

The simulation procedure allows us to numerically integrate over A given parameter propos-
als 0, and o;. We follow the timing of the model to decompose the likelihood component

A as follows.

(A) :lnPr(ditM*?XitapihDit?di,t—l;a? Yo, V1, env 95 » &, eﬁ) +
+InPr(Cy|A, Xy ) +1ng(lir|dir, Xir; @, 0p)
+1Ings(si|A,Xir; 05, 05) +Ingr(Ria¢|Cir, 8i5 A Xir, Pir; OR, OR m» OR)

Each component of (A) is modeled in the main text and given distributional assumptions.

Choice probability Our choice probability requires integration over all possible C, ¢, Ry
and s. In our model, we assume away uncertainty in s, and our Poisson-Gamma model gives

analytical solutions for expectation over C and /.

For simplicity, in people’s expectation, we only consider the possibility of one claim occur-
rence per term (Cohen and Einav 2007; Barseghyan et al. 2013). We can then capitalize
on the attractive analytical property of gamma distributions and avoid numerical integration

over C, ¢, Ry and s.
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E Simulation Analysis of the Informativeness of Monitor-

ing Signal [For Online Publication]

We can conduct a simple simulation exercise to quantify the spread of private risk and mon-
itoring’s effectiveness. To do so, we first simulate a large risk pool by taking the mean of
all observable characteristics and simulating each driver’s private risk. Figure E.1 plots the
density of simulated true risk.%> Next, Figure E.2 plots the Firm’s prior mean for all drivers
in the risk pool. The firm has a flat prior for all drivers in the first period, which is far from
the perfect belief (represented by the dotted and zoomed in 45-degree line). In Figure E.3,
we calculate the evolution of firm belief (posterior mean) in subsequent periods as the Firm
observes potential claim realization. The firm’s belief evolves towards the truth as claim is
a direct measure of risk. However, the sparsity of claims, especially among safe drivers,

dramatically slows down the Firm’s belief updating.

Monitoring score provides an immediate signal for driver risk after the first period. In Figure
E.4, we plot, in orange, how the Firm’s belief updates after observing a one-time monitoring
score. It is clear that monitoring is far more informative than observing a period of potential
claim realization (dark grey line). Monitoring is especially useful in distinguishing the large
mass of safe drivers, in which claims are even rarer. To quantify this measure, we can
calculate the absolute deviation of firm belief from the true risk in our simulated risk pool.
Overall, observing the monitoring score gets the Firm 12.3% closer to the perfect belief

(45-degree line).

93 Qur figures use private risk spread among new drivers for illustrative clarity.

68



20

Mean

Density

0% 3% 6% 9%
True Accident Risk

Figure E.1: A simulated mean risk pool given our cost estimate

Notes: This figure plots the distribution of a simulated mean risk pool given our cost estimates.
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Figure E.2: Firm’s prior on simulated risk pool

Notes: This figure plots firm’s belief (prior mean / risk rating) for drivers in our simulated pool. In the first period, they are
by definition pooled together. Therefore, firm has a flat prior for all drivers in the pool. The dotted line is the 45 degree line,
which represents perfect belief.
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Figure E.3: Firm’s posterior updating based on claims

Notes: This figure plots the evolution of firm belief (posterior mean) for drivers in our simulated pool based on liability
claims alone. To make the updating analytically feasible, we first fit a gamma distribution on our risk pool by matching the
mean and variance. Since gamma distribution is a conjugate prior for poisson updating, we are able to analytically derive the
posterior mean.
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Figure E.4: Firm’s posterior updating based on monitoring vs. claims

Notes: This figure plots the evolution of firm belief (posterior mean) for drivers in our simulated pool based on claims versus
monitoring. Since lognormal distribution is a conjugate prior for lognormal updating, we are able to analytically derive the
posterior mean.

70



F Counterfactual Simulation Methodology [For Online Pub-

lication]

Consistent with our demand model, we take a one-year horizon. The following procedure is

used to calculate ex-ante and expected realized (ex-post) quantities.

1. For each driver i, simulate random coefficients (private risk and firm dummy) L € N*

times.

2. For each draw [ € {1,...,L}, calculate ex-ante utility directly and the corresponding

t.% First-period choice probabilities are also calculated, which

certainty equivalen
gives us the monitoring share. Expected cost of the first semester can be calculated di-
rectly. But we also need to form an expectation of the second-period cost (and prices)

in order to calculate total surplus (and profit):

3. Simulate K € N draws of first-period claim occurrence and monitoring score based
on private risk.®> Each draw pins down the renewal price change that driver i would
face in the second period. All other prices remain constant. For each first-period choice
d, we can then calculate the second period choice probability and the corresponding

expected cost.

Sample enumeration Since we observe new customers’ origins, as well as the competitive
prices they face when coming to the Firm, we can use our model to enumerate a full sample
of potential new customers (Train 2009). To do so, we first calculate the probability of each
new customer arriving at the Firm. We then follow the same procedure as outlined above,
but weight each driver by the inverse of the calculated probability. The simulation is carried
out assuming that monitoring is available for all new customers.%® Overall, our simulated
dataset is expanded by a factor of 4.03, which gives us a market share (among the top six
firms for which we have data) close to the reality in the states we study.%” This also allows
us to derive a realistic proxy for competitor profit under a symmetric cost assumption; that
is, the distribution of risk that we estimate in our dataset is valid when extrapolated to the

simulated market.

%Due to our Taylor approximation, this should be the negative root of the polynomial.

5For simplicity, we assume that Ry is deterministic conditional on C and s. In reality, the spread of baseline Ry without claims and
monitoring may have subtle nonlinear effects on consumer choice, which we assume away.

6Part of the estimation data is pre-monitoring introduction. We use the average opt-in discount for these drivers.

67We winzorize the re-weighting scaling factor to be between 1 and 20 to deal with outliers.
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In order to enumerate the market, we need to extrapolate the estimated attrition elasticity the
Firm faces to understand how the Firm competes with other firms in the first period. To do
so, we make a no-brand-differentiation assumption: liability insurance contracts offered by
different firms only differ financially. This means that our firm-switching inertia estimate
consists only of search and switching costs that are state-dependent (on consumers’ preexist-
ing firm choice) and that consumers have no unobserved preference for our firm, which is not
state-dependent. In the context of our counterfactual simulations, this assumption essentially
maintains that the price elasticity the Firm’s competitors face when the Firm tries to poach
customers away from them (in the first period) is the same as the price elasticity the Firm

faces when trying to retain existing customers.

This assumption follows naturally from our data limitation: we do not observe comprehen-
sive micro-level choice or quantity data for the Firm’s competitors. But it is also supported
by empirical evidence. Honka (2012) uses a survey dataset that includes individual consumer
choices across auto insurers. She is then able to tease out switching cost from firm-specific
preferences. She finds that the mean firm preferences are not significantly different from 0

for all companies.5®

68 Her estimate of search and switching cost is lower than our estimate. However, for the Firm from which our administrative dataset
comes from, the reported attrition rate in her dataset is more than three times as large as what we observe. Her estimate is therefore likely
biased downwards.
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G Counterfactual Demand Models [For Online Publication]

In this section, we show simulation results of removing key components of the demand

model, as an illustration of their relative importance in determining monitoring share and the

Firm’s profitability.

| Market Share
30%
20% ® &
-—
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3 No Safer Baseline Perfect Sig. No F.Switch Cost  No Mon. Cost
©
7 Monitoring Share
60%
40%
20%
No Safer Baseline Perfect Sig. No F.Switch Cost  No Mon. Cost
Demand Model
—8— Market Share Monitoring Market Share —®— Monitoring Share

Figure G.5: Demand Share Simulation Across Demand Model Assumptions

Notes: These figures correspond to our analyses in ??. The top graph plots the counterfactual market share of the Firm, as
well as the unconditional share of monitored drivers in the market, when prices are fixed but the demand model changes.
The bottom graph plots the conditional monitoring share within the Firm. See main text for definitions of each model -
importantly, changes in model features are not cumulative from left to right. We also enumerate our sample of new customers
to the full market with model-predicted likelihood of each new customer being in our dataset.

Second, the "Perfect Sig." model assumes that the monitoring signal is perfect in consumers’
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Figure G.6: Simulation - Profit Under Different Demand Model Assumptions

Notes: Corresponding to the figure above, these graphs plot firm profit and competitor profit, holding prices fixed. The top
graph plots the expected private risk among the Firm’s customers. Notice that private risk has mean zero in the population. It
is numerically integrated over in the counterfactual simulations. With each draw, we weight each person’s private risk with
her probability of arriving at the Firm to get the number shown above. It therefore represents both the monitored and the
unmonitored pools of the Firm.



expectation by setting o to zero. The market share, unconditional and conditional monitor-
ing shares increase by 0.4pp, 0.6pp, and 2.6pp, respectively. In reality, our specification is
consistent with a dynamic framework in which firm-switching is infinitely costly within a
year. This will likely overstate the effect of reclassification risk. Nevertheless, the impact of

a perfect signal on demand is small compared to that of other forces.®

Demand frictions are the most important deterrent against monitoring participation. The
third model removes firm-switching inertia, which dramatically lowers the barrier for drivers
with good private risk to participate in monitoring. However, It also clears the way for drivers
to explore attractive outside options. We find that the Firm is able to gain market share by
12.6pp, while increasing its monitoring share by 12.1pp so that 5.9% of drivers in the market
has monitoring. Lastly, we remove monitoring cost. This generates the biggest impact on
monitoring by far. In particular, any driver with good private risk would prefer monitoring
with any coverage within the Firm. The monitoring share rises to 61.3%, with 16.2% of the

market opting in the Firm’s monitoring program.

Firm profit is influenced not only by its market share, but also by risk selection. To directly
visualize this, we isolate the risk selection effect from the overall profit impact in Figure
G.6. It plots the expected private risk parameter (€ ;, mean 0) for the Firm’s customers, both
monitored and unmonitored. This clarifies the changes in the private risk of the marginal cus-
tomers that come to the Firm as we relax demand factors, which is crucial in understanding
competition in selection markets. As the Firm cream-skims better drivers in its monitored
pool, the unmonitored pool in and outside of the Firm deteriorates. These pool may therefore

eventually unravel as firms adjust prices.

%9 A caveat is that we assume rational expectation in our model. This means that the effect of a systematic over- or under-estimation
of the monitoring signal’s noise would show up in drivers’ monitoring cost instead of be attributed to reclassification risk.

75



H Regulatory Filing Examples [For Online Publication

Notes: This page is taken from an insurer’s Ohio rate filing, which demonstrates their pricing algo-

rithm.

OHIO
VOLUNTARY PRIVATE PASSENGER AUTO
PREMIUM CALCULATION
ROUND AFTER EACH CALCULATION TO THE NEAREST PENNY
STEP
¥ AA BB oC DD HH DNC*+ HNC*4
TR TORIAL DASE RATE (10
IRAT'EADJUSTME\TPACT‘()R (PENNY ROUND) 1. 1594 L1x 1. x 1111

T
2
3| INCREASED LIMIT FACTOR/ADDEND (RP-3A)
4__|POLICY GROUP FACTOR (RP-4A-1 through RP-4A-2)

RATIN

TIER_FACTOR (RP-5A)

20__|SAFE DRIVING CLUB (RP-10A and RP-13.

hirough RP-19A)

x I 8

x L+ x

[x x x x x
6 |ALLSTATES YOUR CHOICE AUTO INSURANCE OPTION PACKAGE FACTOR (RP-15A) x x x x x
7__[POLICY CLASS FACTOR (RP-TA-1 throwgh RF-TA-4) [x X X x x
5 __|HOUSEHOLD COMPOSITION FACTOR (RP-$A-1 a1d RP-5A-2) x I x x x
9 TDISCOUNTFACTOR (RP 10A nd RP-11A) [x Ix x x x
10| DEFENSIVE DRIVER DISCOUNT FACTOR (RP-10A and RP-12A) x x 8 x x
11 |MULTIPLE POLICY DISCOUNT FACTOR (RF-15A) [x x x x x
12__|HOMECOWNER DISCOUNT FACTOR (RP-15A) x 3 x x x
13| THE GOOD HANDS PEOPLER DISCOUNT FACTOR (RP-15A) [x I x x x
14_[RESPONSIBLE PAYER DISCOUNT FACTOR (RP-15A) [x b x x B
15__|FULLPAY DISCOUNT (RP-15A) [x b x x x
16| ALLSTATE EASY PAY PLAN DISCOUNT (RP-15A) x I x x x
17 |FARLY SIGNING DISCOUNT (RP-15A) [x Ix x x x
18 |ALLSTATE AUTOJIFE DISCOUNT™ (RI-15A) x I 3 = x
15 T [x x x x x

x 3 x x x

[x x x x x

x f a

[x x

TR (KRR R | | % % [F R R [ R [F R R R R R R R R R = [F =

| | [ [ [ | [ | [ [ [ [ [ [ [ [ [ [ [ (R [

21 |PRIOR NON-STANDARD CARRIER SURCHARGE (RP- 16A)
22| ACCIDENT SURCHARGE FACTOR (RP17A)
27 |MAIOR VIOLATION SURCHARGE FACTOR (RF-15AY
4__[MINOR VIOLATION SURCHARG L FACTOR (RP-19A)
5 |MODEL YEAR FACTOR (RP-20A) x x
% |DEDUCTIDLE BY PGS FACTOR (RP-30A) x B
|27 |EXPERIENCE GROUP RATING FACTOR (EGR PAGES and RP-21A24A) x x x x x
28 |ALLSTATE DRIVE WISE' ENROLLMENT DISCOUNT (RP-26A) [x X B B x
29 |ALLSTATE DRIVE WISE" PERFORMANCE RATING (RP26.A) x x x x x
30| ANNUAL VEHICLE MILEAG E FACTOR (RP-16A) [x x x x x
31| VEHICLE USAGE FACTOR (RP-16A) x x x < x
32 |FARM DISCOUNT FACTOR (RP-16A) x x
33__|FLECTRONIC STABILITY CONTROL DISCOUNT FACTOR (RP-16A) o L x
31 |PASSIVE RESTRAINT DISCOUNT (R 16A) B
35| ANTILOCK BRAKE DISCOUNT (RP-16A) x x x
36 [NEW CAR DISCOUNT FACTOR (RP-16A) [ Ix x [ x x x
37 |CERTIFIED RISK_SURCHARGE FACTOR (RP-16A) [ x
38 |CAMPER UNIT ADDITKINAL PREMIUM (RP-25A) [+ +
33| NEW CAR EXPANDED PROTECTION FACTOR (RP-25A) x x
40| RATE TRANSITION FACTOR (Rule 12) [x x x x x
41__|COMPLEMENTARY GROUP RATING (CGR) FACTOR (RP9A 1 fough RP-9A-13) [x |x 8 x B x x
FIXED EXPENSE PREMIUM A (RP-16A) [+
SUB_TOTAL VEHICLE PREMIUM
RENTAL REIMBURSEMENT (UU)
RENTAL REIMBURSEMENT BASE RATE (RP-52BR) I
NTAL REIMBURSEMENT INCREASED LIMIT FACTOR (RP-3A) |x
44 [TOTAL RENTAL REIMBURSEMENT COVERAGE PREMTUM =
TOWING & LABOR COSTS (1) (RP-25A)
SOUND _SYSTEMS (ZA) (RP-25A) [+

POLICY UMUIM - BODILY INJURY COVERAGE (88

TERRITORIAL BASE RATE (RP-1BR) m_zl
RATE ADIUSTM o
INCREASED LIMIT FACTOR/ x
POLICY GROUP FACTOR (RP4A-1 tirough RP-4A-2) x
RATING TIER_FACTOR (RP-5A) x
POLICY CLASS FACTOR (RP-7A-1 throagh RP-1A-4) x
HOUSEHOLD COMPOSITION FACTOR (RP-SA | firough RF-8A2) x
SMART STUDENT DISCOUNTFACTOR (RP 104 and RP-11A7 x
DEFENSIVE DRIVER DISCOUNTFACTOR (RP-10A and RP-124) x
HOMEOWNER DISCOUNT TACTOR (RP-15A) x
SE [
SAFE DRIVING CLUB_(RP-10A and RP-13A through RP-14A) x
ACCIDENT SURCHARGE FACTOR (RP-17A) x
MAJOR VIOLATION SURCHARGE FACTOR (RF18A) x
MINOR VIOLATION SURCHARGE FACTOR (RP-19A) x
[RATE TRANSITION FACTOR (Rule 72) x
(COMPLEMENTARY GROUP RATING (OGR) FACTOR (RF A1 drough RP-0A-13) [x
TOTAL UM/UIM - BODILY INJURY COVERAGE =
TOTAL SEMI-ANNUAL VEHICLE | PREMIUM = 43 + 4 + 45 + 46 +47 [+
[+
[+
TOTAL SEMI-ANNUAL VEHICLE 4 PREMIUM = 43 + 44+ 45 + 46 +47 [+
TOTAL SEMI-ANNUAL POLICY PREMIUM = 48+ 40+ 50 451 =

ALLSTATE FINE AND CASUALTY BSSURANCE COMPANY.

Figure H.1: Pricing Algorithm - Insurer 1 OH
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Direct pany (DI} Exhibi: 11
Progressive Specialty Insurance Company (AG)

Ohio Private Passenger Automobile Program

NB Effective Date: 905/2014

BATE ORDER OF CALCULATION

The first stes of tha rate ciculation fermulz is 1o determing the Household Risk Festor, The Housahold Risk Factor is the average of the Developed Driver Fisk Factoes for all eligitle to ba
rated drivers up 10 the number of vehicles (or at least one in the case of & namead operator policy). For policies where thare are more drivers than vehicles, the Housahold Risk Factor is the
average of the highest ranked diivers, up o the number of vehicles. Th rank (s determned by the Developed Oriver Fisk Factor for 81 (higher factor = higher rank), The Developed Driver Fisk
Factor is determined as follows:

Driver Risk Factor ltems Bl PD COMP COLL LOAM MED RENT ROADSIDE UMPD
Driver Classification Factor

‘ears Licsnzed Factor ® x ® x * x x " x
Driving Record Paints Factar + . d + + + + + * +
iglation Leniency Factor ' - - - - - - - - -
|Subtraction of One | -1 A -1 -1 -1 -1 -1 -1
(1 - Distant Stugent Discount) ® x ® x * x x " x
(1 - Minor Child Discounty % = % £ £ % ® = El
(1 - Good Student Discount) S = S x % 3 ® = ES
(1 - Senior Citzen Discount) k] x k] % ®

Housenold Mambes Factar ® « ® ] ® ® ® " ®
Driver Aga Point Fastor ¥ ® ¥ 3 # X X # o
Financial Responaibiity by Clean Factor ® x ® X * ® ® = ¥
Developed Driver Risk Factor

The second step of the rate calculation larmula uses the Household Risk Factor ard lolows
I Bl PD COMP COLL LOAN MED RENT ROADSIDE UmMpPD
Household Risk Factor

Base Rate ® x ® x * x x " x
Financial Fespansibiity Factor ® x ® x * x x " x
Financal Iy Mumbsr of Drivars Factor ® x ® x * x *
Deductibhe Savings Bank Factor 3 = 3 x %

Oecupation/Education Rating Fastor % % % El * ® El
Full Coversge Factor S = k3

Household Structure Factor 3 = 3 x 3 E3 k3
Residency Aewards Factor ® ® ® ] ® ® X ®
Lusiury Vahicls Fastor ¥ ® ¥ 3 # ® ®
Tier Factor ® x ® ® * ® ® = ®
Palicy Term Factor x 3 x X * x x = X
vahicle Ao Factor * x x x X i x x x x
Excess Vihicle Factor ® ® ® ] * x x
Limit Factor S 3 E3 3 ® = x
Deductibba Factor L E

Vehicle Age by Deductible Factar x Ed

Vehicle Symbol Factor % = % x % % b
Value Class Factor (for Vehicle symibals 67 & &8) X £ E x
Vehicle Garaging Locaton Factor £ = £ S 3 S S = x
(1 - Homeowner/Mabile HomeMulti-car Discount) ® x ® x x " x
(1 - Advance Cuote /Three-year Sale Driving/Five-year M " M % « %
Accident Free Discount)

(1-Th Sate Driving Bonus) " x x ® x % x
(1 - Agant Discount) * x x x ® x
i1 - Elecironic Funds Transter Discount) X x X X % X
(1 - Paid In Full Discount) S = S x ® 3
(4 - Oriine Cugte Discount) % x % a % s
(1 - Lowal Custamer Cissourt] * x ® ® ® x
(1 - Pagerless Discount) X ® ® ® * ® ® = ®
(1 - Continuaus Insurance Discount) x x x X * x x = X
(1 - Multi-policy Dissount) ® ® ® X x X = x
(1 + Business Use Surcharps) ® ® ® X ® ]

1 + Financial Responsbility Filing Surch ® £ ® ] 3 ]
Bad Dabt Factor ® x ® x x x
Acolv Rete Cappna Fule PE3 * X = X L * S S = e
Usape-based Insurance Factor ® x ® x * x x " x
(1 - E-signature discount) © % = % £ E % % = E
Aound 1o the Whaole Dollar

Cgergtions Expense © + +

i Expenge © + +
[x! Premium *

! Apphes to Progressive Specialty Insurance Company (AG) Only

? Appies 1o Progressive Direct Insurance Company Only (DI}

i coverage is BI, PD. UM/UIM, MED, RENT, or ROADSIDE and Vehicle Symizol = 65, then Vehicle Age Factor = 1.00
It coverage is COMP, COLL, LOAN, or UMPD and vehicle Symbol = 86, 67, 68, or 69, then Wehicle Age Factor = 1.0,

* Palicy lavel rate changes are capped at +- 10%: &s described in Fue P23, The Snapshop Usage Based Insurance Program (UBI) is not taken into consideration when
apolying !e Rate Capping Aule

* Operatons expense s Bdded to B1 1 Bl is selected; i BI is not selected, hen Opsrations Expense is added 1o COMP.

® Acquisition expense is added to Bl it Bl is selected, i Bl is not selected, then Acguisiton Expense is added 1o COMP.

7 Awerage factors are determined by taking the average of Location, Symbal. Venicle Age lactors, and Business Use Surchage for each venicle, respactively

¥ There is a minimum premium of $5 lor sach coverage selected for gach vehicie.

* The trailer coverages will receive the factors assocated with COMP and COLL, unless otharwise nated.

NOTES

® means factor is 1o be used multipicatively
£ means tactor is 1o be used as a divisar

+ means factor is fo be added

- MEans [ackr of amount is o be subtracted

Figure H.2: Pricing Algorithm - Insurer 2 OH 1/2
Notes: These pages are taken from a an insurer’s rate filing in Ohio, which demonstrate their pricing
algorithm.
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Progressive Direct Insurance Cempany (DI Extibit: 11
Progressive Specialty Insurance Comgany (AG)

Ohio Private Passenger Automobile Program

NB Etfective Date: 2052014

[ UMAIM
Hage Fate

Financial Responsiility Facior

Financial F ility by Muminer of Drivers Factor
Deductizle Savi

Heusehold Structure Factor
RES'K]GMY Rewards Factor
Driver Count Factor

Lusury Vahicle Factor

Tier Factor

Palicy Term Factor
A \Venicle Age Fagtar *

Excess Vehicle Factor
Linit Facior
A Venicle Svmial Factee

wg. Venicle Garaging Location Factor
11 - HomeownerMabie Homa/Multi-car Discount)
(1 - Advance Quote'Three-year Sate Driving/Five-year

igant Free Discount)
[1 - Three-year Eate Driving Bonus) '
(1 - Agant Discount) '

1 - Elactronic Funds Transter Discount)
11 - Paid n Full Discaunt)
11 - Online Cuote Discount) ©
11 - Lewal Customer Discount) ©
{1 - Paperiess Discoul
{1 - Continuous Insurance Discount)

{1 - Multi-palicy Discaunt)
11 + Avn. Business Use Surcharge '}
{1 + Financial Respansibiity Filing Surcharge}
Had Debt Factor
[Apply Fate Cagping Fule P23 ©
{1 - E-sagnatura giscount} *
Fiound to the Whale Dollar
Premium

1R Y o o R N N P R R R P e

=

I 3 A P R O o P O o

COMP- COLL- | | OPERATIONS | ACQUISITION
= P

ACPE
TALR ' | TALR™

Basa Rate 0.015 " Value
Financial Responsitility Factor X
Deducable Savings Bank Factor
Fesidancy Rewards Factor
| Tier Factor
Puolicy Term Factor x
Lirnit Facior x
Deducticle Fact
[Vehicle @mbd Factor
[value Cless Trailer Facsor '
[Vehicle Garaging Location Factor 3
1 - Paperiess Discount) x
{1 - Continuous Insurance Discount)
{1 - Multi-aliey Discount) *
| Operatons Expense Facioe § 3
[Operatans Expense Factor 2
[Gperatens Exzense Facior 3 =
ition Expense Full Coverage Factor ©
Expense b Factor ©
Exnense Online Cuate Factor
Expense Priar nsurance Facier
ition Expense Vehicle Count Factor
Numicer of Vehicles

=

s o e | e
[ o |0 e

s e e [0 [oe fse
| o [ [ foe

"

|Anoly Fate Cagging Rule F23

Had Debt Factor ® x

Usape-besed Insurance Factor X X X

11 - E-signaturs discount] *

Fiound to the Whale Dallar
Fremium”

e || o0 [se [ e

Total Policy Premium = Sum of Developed Premiums.

" Applies to Progressive Speciaiy Insurance Company (AG) Only

* Applies to Progressive Direct Insurance Company Only (O

M coverage is 81, PD, UMAUIM, MED, RENT, or ROADSIDE and Vehicle Symbal = 66, then Vehicle Age Factor = 1.0,
I coverage i3 COMP, COLL, LOAN, or UMPD and Vehicle Symbad = 68, 67, 83, or B9, then Venicle Age Factor = 1.0,

* Policy level rale changes are cepped al +- 10% as descriced in fule P23, The Snapshop Usage Based Insurance Frogram (UBI) s nol teken inio consideration when
applying the Aate Capping Rule

“ Operations expense is adted 1o Bl it Bl is selected; i I is not selected, then Operalions Expense is acded 1o COMP.

“ Acquisiion expensa is added to BI if Bl is selected: it Bl ig not selected, than Acquisition Expense ks added to COMP.

* Average factors are determined by taking the everage of Location, Symbaal, Vehicle Age factars, and Business Use Surchage far each vehicle, respectively

* There is a minimum premium of 35 for each coverage selected for sach vehice.

* The trailer coverages wil receiva the lactors associated with COMP and COLL, unless atherwise noted

NOTES

® means lactor is to be usad multiplicativaly
# means lacsor is 1o be usad as & divisor

+ means factor is to be added

- maans 1ector or amount is 1o be subtractad

Figure H.3: Pricing Algorithm - Insurer 2 OH 2/2
Notes: These pages are taken from an insurer’s rate filing in Ohio, which demonstrate their pricing
algorithm.
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PPV - 1

GEICO Casualty Company - Voluntary Private Passenger Automobile Insurance
Ohio Rate Pages  Effective: New Business 10/2/2009 Renewals 10/2/2008 Rate Gen 01
Rate Order of Calculation: Private Passenger

Machire Rated, Excaption: Licensed/Registered Dune igs ratad a5 PPV are Manually Rated

Op tep D D D B PO OMP 0 RS

Base Rate
[Base Rate X X X X X X [ F X x X

- Limit Facter X X X o x X X x
- [Deductible Factor o X
- Term Factar X X X o x X o X X x X
- Upcraded Acdcent Porcivenoss Factor X X X X 2 X X X
Driver Level Rating Steps- C Relativities
- Driver Cass Factor (Composite Relatiity) X X X X X X X

Aecident Factor X X X X X X X

* Miner Viclation Facter X X X X X X X

* Major iclation Factir X X X X X X X

* Speeding Violxtion Factar X X X X x X X

* DU Wigkation Fagior X x F X x X X

* Unwerifialle Driving Reoord Fachar X x X X x X X

= Muorit Factar X X X X x X X
= [Merit Facor (Cemposite Relstivity] X X X o X X X
Driver Level Discounts: Composite Relativities
- ol Oriver Discount [Crmposite Reiabivity, X X X i X X X
- | Sruiclent Ay &t Sehool Discount (Compasite Relativiy) X X X o x X X
= Bt £ 7] X X X X X x X
- o Student Piscount [Compeste Rolabity) X X X X x X X
- Defonshe Oriver Discount (1 Kplativity) X X X X X X X
- Oapigyid Onver DNseount (Compaste Rekaiviy) X X X X X X X
Vehicle Level Rating Steps
% [Vishicle Type Factor
- Arinual Migage Vihicle Uke Factar X X X X X X X X
- iehicle Clagsification Factar X X X X X X X X
= Vichicle Cost Factor X X X X X X X X
= Maded Year Facter X X X X X X X X
= [Vichicle Age Factor X x X X X X x X X
= MB1 Mode! Year Facior X
= M1 Coverage Age X
Vehicle Level Discounts
- [ Arnti-Thert Discount o
- Nen Veicke Discount X X X i x X o X
- Extra Vishioke Discount X X X e X X o X
= | Aimt-f ok Bemkee Dot X X X X x X X X
- Fstrmint Sismount X X x
[Policy Lovel Rati
[~ Househokd Composie Factor X X X X X X X X
= [Maodriurn Mamed Insured Age Factar X X X X X X 4 X
- Policy Oururrence Factor X X X X X X X X
- Risk Ther Factor X X X X X X X X X X X
|Policy Level Discounts
- I X X X X x X X X X x X
= | Spar Soft ot X X X
= Miadb- Linfucly Sisoount X x X X X X X X X x X
= Insurance Discpont E X X X x X X X
= Military Discount X X X o x X o X
- ML ine Diseonl X X X i x X o X X x X
= OO Disemunt
[Policy Level Discounts 2
[~ X X X X X X x x X x X
= | Assooiane scpunt X X X X x X X X X X X
= E-Girkineg Oesmount X X X X X x X X X X X

Constants

+ ighicle Experes Lnad X X
+ Policy Ex Load X X

Figure H.4: Pricing Algorithm - Insurer 3 OH
Notes: These pages are taken from an insurer’s rate filing in Ohio, which demonstrate their pricing
algorithm.
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OHKY
ARY PRIVATE PASSENGE
POLICY CLASS FACTOR

POLICY CLASS FACTOR CALCULATION

Complete the steps below for all applicable coverages. Round (o  decimals after each step.

Sitep 1: Based on nusber o operato

om Uhe oSy, obtain a value from Value Table 1o and find the comesponding Factor from Factor Table Ta.

Sitep 2: Based 0n
Taible

ber of single ope

stors, married operalors, operalors aped <25, and operators aged 25+ an the p

a valus from Vlue Table 1 and

comresponding factos from Facor

fr esch eperatar and cal

facts

for step 3.

e applied to ol

Continwuus Prior | # of Females
Insurance # of Males [] z
Yeu 2
Yes 1 10 1 2
Yeu z o 2
Yes 3+ 0 2
: o B
1 14 6
2 M b1
3+ 3 )
VALU
s I | | z ] [ 2 [ 3 [ 3+ [ 3 [ 3
Insurance [ 2 [ 5| Fl| [ | o [ 1+ | 2 | 3
] Sapes=23 | #age <25
0 1 16
[ 7 £l 1§ 33
[ = 3 21 | 35 6 a0 15 52 62 0
] 2 7
1 1 4 19 34
1 2 22 53
1 fRS 26 7] 16 5 63 71
2 a 5 20 35
2 1 5 33 55
2 2 a 12 56 :
2 3+ 1 47 57 65 72
3e i 2 24 39 5| a8 58 & 73
3= 1 3 3 ; ] &7 72
3= 4 1 1] (] 75
3- s 31 61 & 76
i 1 £ ]
[ 2 s 101 116
o -+ 2] 10d | 1S 119 135|145 53
1 i 45 )
1 1 57 102 117
1 2 [l 105 120 134
1 3+ 51 105 124 | 126 | 13 146 154 16
T ] [ 03 115
z 1 52 106 121 138
2 5] 110 125 13| 147
2 ] 111 0| 14K
3= ] 95 w7 [ 112 126 | |
3 1 56 13 77 2| 1m0
3= z 7 114 145 | 1s1
3= i 98 115 44| 132
Age Male
16 und Under 1
2
5
o
%
B
10
1
12
13 |
14
15
16
17
18
15
ALLSTATE FIRE AND CASUALTY INSURANCE COMPANY va0n.z01a

Figure H.5: Variable Definition and Interactions
Notes: This is an excerpt from an insurer’s rate filing on how observable information is used and
interacted.
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Driver Class Factors = 2

GEICO Casualty Company - y Private F r Insurance
Ohio Rate Pages Effective: New Business 0607/2013 Renewals 07/22/2013 Rate Gen 12
Driver Class Factors
** Risk Group: B = B10, B20, and B30; C = C10. C20, £30; D = 010, D20, D30
** Zin Risk Tier represents &all Risk Tiars
** Driver Age 999 = B0 and oider

** AV Factor = 1.0

Risk Risk Rated Named Insured Marital Driver

Group Tier Vehicle Type Coverage Indicator Gender Status Age Factor
B Z PP [=]] N F 5 24 1.1660
B Z PP [=]] Y M M 24 0.9460
B Z PP =] N M M 24 1.1976
B Z PP [=]] Y M 8 24 0.9361
B Z PP [=]] N M 8 24 1.1387
B z FP Bl Y F M 25 0.7938
B z FP Bl N F M 25 0.8392
B z PP Bl A F 5 25 0.09645
B z PP Bl N F 5 25 1.1458
B z PP Bl A M M 25 0.9460
B Z PP Bl N M M 25 1.1633
B Z PP [=]] ¥ M 5 25 0.9361
B Z FP [=]] N M 5 25 11178
B z FP [=]] h F M 26 0.8060
B Zz PP Bl N F M 26 0.8520
B Zz PP Bl Y F 5 26 0.9645
B Zz PP Bl N F 5 26 1.081%
B Zz PP Bl ¥ M M 26 0.9480
B Zz PP Bl N M M 26 1.1360
B Zz PP Bl ¥ M =1 26 0.9361
B Zz PP Bl N M =1 26 1.0358
B Zz PP Bl ¥ F M 2 0.8080
B Zz PP Bl N F M 2 0.8520
B Zz PP Bl ¥ F =1 2 0.9645
B Zz PP Bl N F =1 2 1.0528
B Zz PP Bl ¥ M M 2 0.9480
B Z PP Bl N M M 7 1.0460
B Z PP Bl Y M g a7 0.9361
B Z PP [=]] N M 5 27 1.0251
B Z PP [=]] Y F M 28 0.80G60
B Z PP =] N F M 28 0.8520
B Z PP [=]] Y F 8 28 0.9645
B Z PP [=]] N F 8 28 1.0398
B z FP Bl Y M M 28 0.9460
B z FP Bl N M M 28 1.0260
B z PP Bl A M 5 28 0.9361
B z PP Bl N M 5 28 1.0172
B Z PP Bl A F M 29 0.8060
B Z PP Bl N F M 29 0.8530
B s PP Bl ¥ F 5 29 0.0645
B Z FP [=]] N F 5 29 io01ia
B z FP [=]] ¥ M M 29 0.9460
B Zz PP Bl N M M 28 1.0110
B Zz PP Bl ¥ M 5 28 0.9361
B Zz PP Bl N M 5 28 0.9821
B Zz PP Bl ¥ F M 30 0.8080
B Zz PP Bl N F M 30 0.8440
B Zz PP Bl ¥ F 5 30 0.9645
B Zz PP Bl N F 5 30 1.0100
B Zz PP Bl ¥ M M 30 0.9480
B Zz PP Bl N M M 30 0.9900
B Zz PP Bl ¥ M 5 30 0.9361
B Zz PP Bl N M =1 30 0.9800
B Zz PP Bl ¥ F M a 0.8080
B Z PP Bl N F M 3 0.8360
B Z PP Bl Y F g 3 0.9648
B Z PP Bl N F 5 a1 1.0010
B Z PP Bl Y M M a1 0.9415
B Z PP Bl N M M a1 0.9760
B il PP [=]] A M 5 31 0.9360
B il PP [=]] N M 5 3 0.9710
B z FP Bl Y F M 32 0.80G0
B z FP Bl N F M 32 0.8270
B z PP Bl A F 5 32 0.0648
B z PP Bl N F 5 32 0.9%00
B Z PP Bl A M M 32 0.9421
B s PP Bl N M M 32 0.9670

Figure H.6: Rating Factors based on Observables
Notes: This is an excerpt from an insurer’s rate filing on how observable information is translated into
pricing factors.
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Progressive Direct Insurance Company
State of Ohio
Mew Business Effective: January 23, 2015
Renewals Effective: February 20, 2015

DO6-Driving Violation Descriptions

The following chart lists the violation codes and their associated deseriptions:

Violation Code Violation Description
AAF At Fault Accident
AFM Accident found on MVR only at renewal - Not Chargeable
ANC Waived Claim — Closed
ANO ‘Waived Claim — Open
ASW Accident Surcharge Waived
CML Commercial Vehicle Violation
CMP Comprehensive Claim
CMU Comprehensive Claim Less Than $1000
CRD Careless or Improper Operation
DEV Traffic Device/Sign
DR Drag Racing
DWI Drive Under Influence
FOL Foreign Drivers Lic
FEL Auto Theft/Felony Motor Vehicle
FFR Failure to File Required Report
FLE Fleeing from Police
FTC Following Too Close
FTY Failure to Yield
HOM Wehicular Homicide
IP Improper Passing
IT Improper Tum
LDL Operating Without Owner's Cansent
LIC License/Credentials Violation
LTS Leaving the Scene
MAJ Other Serious Violation
MY Minor Moving Violation
MAF Mot At Fault Accident
NFX Waived Not At Fault Accident
PUA Permissive Use At Fault Accident
PUN Permissive Use Not At Fault Accident
RKD Reckless Driving
SLV Serious License Violations
SPD Speeding
SuUs Driving Under Suspension
TMP Dispute - At Fault Accident
UDR Unverifiable Record
WSR Wrong Way on a One Way Street

Figure H.7: Violation Captured in OH
Notes: This is an excerpt from an insurer’s rate filing on the kinds of violations recorded in tier rating
in Ohio.
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GEICO Casualty Company - Voluntary Private Passenger Automobile Insurance

Ohio Rate Pages  Effecti Is 07/22/2013 Rate Gen 12

New Bl

06/07/2013 R
Accident Factors

** Risk Group: B = B10, B20, and BA0; C = C10, G20, C30; D = D10, D20, D30

** Zin Risk Tier represents all Risk Tiers

Accident Factors - 172

** For Coverages BI,PD, COLL, COLL PP, and GOLL TL Driver Age 18 = 18 and younger; 255 = 80 and older. All other Coverages Driver Age 18 = 18 and you

Risk Risk Rated
Group Tier Vehicle Type
B Z PP
B 4 PP
B Z PP
B 4 PP
B z PP
B Z PP
B 4 PP
B Z PP
B 4 PP
B z PP
B Z PP
B 4 PP
B Z PP
B 4 PP
B z PP
B Z PP
B 4 PP
B Z PP
B 4 PP
B z PP
B Z PP
B 4 PP
B Z PP
B 4 PP
B z PP
B Z PP
B 4 PP
B Z PP
B 4 PP
B 4 PP
B 4 PP
B 4 PP
B Z PP
B 4 PP
B 4 PP
B 4 PP
B 4 PP
B Z PP
B 4 PP
B 4 PP
B 4 PP
B 4 PP
B Z PP
B 4 PP
B 4 PP
B 4 PP
B 4 PP
B Z PP
B 4 PP
B 4 PP
B 4 PP
B 4 PP
B Z PP
B 4 PP
B 4 PP

Coverage
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
Bl
=]
Bl
Bl
Bl
Bl
=]
Bl
Bl
=]
Bl
=]
Bl
Bl
Bl
Bl
=]
Bl
Bl
Bl
Bl
=]
Bl
Bl
Bl
Bl
=]
Bl
Bl
Bl
Bl
=]
Bl
Bl

Driver

Age
H
H

el Rl Rl R Rl R R E Il Il Rl il o

Number of Months Months
Chargeable Since Since

Occurrences First Occurrence  Second Occurrence Factor
4 23 35 33112
4 35 35 3.0748
99 11 11 4.8426
le] 11 23 4.5307
le] 11 35 4.3248
89 23 23 3.9644
89 23 35 3.7842
99 35 35 3.5140
0 0 0 1.0000
1 11 0 1.6375
1 23 i} 1.3267
1 35 Q 1.2320
2 11 11 2.2925
2 11 23 2.1014
2 11 35 2.0058
2 23 23 1.6550
2 23 35 1.5797
2 35 35 1.4B69
3 11 1 3.5525
3 11 23 3.2565
3 11 35 3.1083
3 23 23 2.8493
3 23 35 2.7198
3 3s 35 2.5256
4 11 1 4.3248
4 11 23 3.9644
4 11 35 3.7842
4 23 23 3.4689
4 23 35 3.3112
4 3s 35 3.0748
89 11 11 4.8426
89 11 23 4.5307
99 11 a5 4.3248
93 23 23 3.9644
93 23 35 3.7842
89 35 35 3.5140
1] ] Q 1.0000
1 11 0 1.6375
1 23 0 1.3267
1 3s 0 1.2320
2 11 11 2.2925
2 11 23 2.1014
2 11 a5 2.0058
2 23 23 1.6550
2 23 35 1.5797
2 35 35 1.4665
3 11 11 3.5525
3 11 23 3.2565
3 11 35 3.1083
3 23 23 2.8493
3 23 35 2.7198
3 35 35 2.5256
4 11 11 4.3248
4 11 23 3.9644
4 11 35 3.7842

Figure H.8: Tier Factors
Notes: This is an excerpt from an insurer’s rate filing on how tier information is rated.
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Progressive Direct Insurance Company (DI)
Progressive Specialty Insurance Company (AG)
Ohio Private Passenger Automobile Program
Effective Date: January 23, 2015

Usage-based Insurance Factor Table - Initial Discount (DI Experience) Exhibit: 8C
UBI OPERATIONS ACQUISITION
SCORE BI/PD COLL COMP LOAN MED RENT ROADSIDE UMPD ACPE EXPENSE EXPENSE
0 0.56 0.56 0.96 0.96 0.56 0.56 0.96 0D.56 0.96 1.00 1.00
1 0.61 0.61 0.96 0.96 0.61 0.61 0.96 0.61 0.96 1.00 1.00
2 0.65 0.65 0.97 0.97 0.65 0.65 0.97 0.65 0.97 1.00 1.00
3 0.75 0.74 0.97 0.97 0.75 0.74 0.97 0.75 0.97 1.00 1.00
4 0.79 0.79 0.97 0.97 0.79 0.79 0.97 0.79 0.97 1.00 1.00
5 0.83 0.83 0.97 0.97 0.83 0.83 0.97 0.83 0.97 1.00 1.00
6 0.B6 0.87 0.97 0.97 0.86 0.87 0.97 0D.86 0.97 1.00 1.00
7 0.89 0.89 0.97 0.97 0.89 0.89 0.97 0.89 0.97 1.00 1.00
] 0.89 0.90 0.97 0.97 0.89 0.90 0.97 0.89 0.97 1.00 1.00
2 0.89 0.91 0.97 0.97 0.89 0.91 0.97 0.89 0.97 1.00 1.00
10 0.90 0.90 0.97 0.97 0.%0 0.90 0.97 0.90 0.97 1.00 1.00
11 0.90 0.90 0.97 0.97 0.%0 0.90 0.97 0.90 0.97 1.00 1.00
12 0.20 0.90 0.98 0.98 0.%0 0.90 0.%8 0.90 0.98 1.00 1.00
13 0.91 0.89 0.98 0.98 0.81 0.89 0.9%8 0.91 0.98 1.00 1.00
14 0.91 0.88 0.98 0.98 0.81 0.88 0.98 0.91 0.98 1.00 1.00
15 0.91 0.90 0.98 0.98 0.81 0.90 0.%8 0.91 0.9%8 1.00 1.00
16 0.92 0.90 0.98 0.98 0.%2 0.90 0.%8 0.92 0.98 1.00 1.00
17 0.92 0.91 0.98 0.98 0.82 0.91 0.98 0.92 0.98 1.00 1.00
18 0.92 0.91 0.98 0.98 0.%2 0.91 0.9%8 0.92 0.98 1.00 1.00
19 0.92 0.92 0.98 0.98 0.%2 0.92 0.9%8 0.92 0.98 1.00 1.00
20 0.92 0.92 0.98 0.98 0.%2 0.92 0.98 0.92 0.98 1.00 1.00
21 0.92 0.92 0.98 0.98 0.%2 0.92 0.9%8 0.92 0.98 1.00 1.00
22 0.92 0.92 0.98 0.98 0.%2 0.92 0.9%8 0.92 0.98 1.00 1.00
23 0.92 0.92 0.98 0.98 0.%2 0.92 0.98 0.92 0.98 1.00 1.00
24 0.93 0.93 0.98 0.98 0.93 0.93 0.9%8 0.93 0.98 1.00 1.00
25 0.93 0.93 0.98 0.98 0.83 0.93 0.9%8 0.93 0.98 1.00 1.00
26 0.93 0.93 0.98 0.98 0.93 0.93 0.9%8 0.93 0.98 1.00 1.00
27 0.93 0.93 0.9% 0.99 0.83 0.93 0.99 0.93 0.99 1.00 1.00
28 0.93 0.94 0.9% 0.99 0.83 0.94 0.99 0.93 0.9% 1.00 1.00
29 0.93 0.94 0.9% 0.99 0.83 0.94 0.99 0.93 0.9% 1.00 1.00
30 0.94 0.94 0.99 0.99 0.94 0.94 0.99 0.94 0.9% 1.00 1.00
31 0.94 0.94 0.99 0.99 0.94 0.94 0.99 0.94 0.9% 1.00 1.00
32 0.94 0.94 0.99% 0.99 0.%4 0.94 0.99 0.94 0.99 1.00 1.00
33 0.94 0.94 0.99% 0.99 0.%4 0.94 0.99 0.94 0.99 1.00 1.00
34 0.95 0.95 0.9% 0.99 0.85 0.95 0.99 0.95 0.9% 1.00 1.00
35 0.95 0.95 0.9% 0.99 0.85 0.95 0.99 0.95 0.9% 1.00 1.00
36 0.95 0.95 0.99%9 0.99 0.85 0.95 0.99 0.95 0.9% 1.00 1.00
37 0.95 0.95 0.99%9 0.99 0.85 0.95 0.99 0.95 0.9% 1.00 1.00
38 0.95 0.95 0.9% 0.99 0.85 0.95 0.99 0.95 0.99 1.00 1.00
39 0.95 0.96 0.99%9 0.99 0.95 0.96 0.99 0.95 0.9% 1.00 1.00
Note:

-The premium-weighted average factor for the wvehicle is calculated and applied to all coverages for the vehicle as indicated in
the Rate Order of Calculation. This factor cannot be lower than 0.70 or greater thanm 1.0.

-If a vehicle does not participate in the Usage-based Insurance program it is assigned a 1.0 factor.

Figure H.9: Violation Captured in OH
Notes: This is an excerpt from an insurer’s rate filing on how monitoring pricing is filed.
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Progressive Direct Insurance Company (D) & Progressive Specialty Insurance Company (AG)
Private Passenger Automobile Program
Supporting Exhibits for the State of Ohio
Effective Date: September 5, 2014

Coverage: Bl Exhibit 10Y
Limit Factor
Has Prior Incurred Indicated Proposed Current Percent
Experience Insurance Limit Loss Capped Factor Factor Factor Change
AG N $25,000/550,000 243,943,611 1.00 1.00 1.00 0.0%
AG N $50,000/$100,000 102,950,757 1.16 1.08 1.08 0.0%
AG N $100,000 C5L 1,444,950 1.24 111 1.11 0.0%
AG N $100,000/$300,000 70,326,408 1.54 1.29 1.29 0.0%
AG N $300,000 C5L 3,758,408 2.04 1.50 1.50 0.0%
AG N $250,000/$500,000 9,874,286 215 1.68 1.68 0.0%
AG N $500,000 C5L 5,350,267 2.25 1.80 1.80 0.0%
AG ¥ $25,000/550,000 302,253,249 1.00 1.00 1.00 0.0%
AG ¥ $50,000/$100,000 256,452,902 1.21 1.13 1.12 0.9%
AG ¥ $100,000 C5L 7,102,129 1.26 1.19 1.16 2.6%
AG ¥ $100,000/$300,000 188,729,047 1.53 1.37 1.33 3.0%
AG ¥ $300,000 C5L 25,394,374 1.85 1.45 1.46 0.7%
AG ¥ $250,000/$500,000 85,216,412 2.10 1.69 1.80 6.1%
AG ¥ $500,000 C5L 45,591,859 2.15 1.93 1.95 -1.0%
DI N $25,000/550,000 94,310,074 1.00 0.95 0.95 0.0%
DI N $50,000/$100,000 71,807,198 1.16 1.00 1.00 0.0%
Dl N $100,000 C5L 81,354 1.27 111 1.11 0.0%
DI N $100,000/$300,000 45,810,439 1.54 1.28 1.28 0.0%
Dl N $300,000 C5L 254,864 1.56 1.41 1.41 0.0%
DI N $250,000/$500,000 10,296,001 2.00 1.49 1.49 0.0%
Dl N $500,000 C5L 440,458 216 1.59 1.59 0.0%
DI ¥ $25,000/550,000 182,880,315 1.00 1.00 1.00 0.0%
Dl ¥ $50,000/5100,000 199,882,577 1.15 105 1.05 0.0%
DI ¥ $100,000 C5L 1,287,766 1.22 1.17 1.17 0.0%
DI ¥ $100,000/$300,000 286,763,971 1.40 1.33 1.33 0.0%
Dl ¥ $300,000 C5L 4,867,338 1.74 1.39 1.39 0.0%
DI ¥ $250,000/$500,000 53,447,656 1.82 1.47 1.47 0.0%
Dl ¥ $500,000 C5L 5,998,809 213 1.60 1.60 0.0%

Notes: This is an excerpt from an insurer’s rate filing on how limit choices influence pricing.

Figure H.10: Tier Factors
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