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Abstract

I estimate the effect of a concentrated advertising period on con-

tract switching decisions in auto liability insurance and show that con-

sumers’ inattention is a major obstacle to switching service providers.

For identification, I exploit a recent change in Hungarian regulation,

which creates exogenous variation in the salience of the switching op-

portunity for a subset of drivers. Using a micro-level dataset, I find

that the media campaign increases switching rates from 20% to 36%.

I also jointly estimate switching costs and consumer inattention in a

two-stage demand model, showing that 30% of insurees only consider

switching because of the campaign.

1 Introduction

People often stick to expensive utility companies, banks, insurers, or other

service providers when they would be financially better off switching to an

alternative. This inertia can be due to the time or the effort cost of switching,

but psychological factors, such as inattention, procrastination, or fear of new

situations, can also create or heighten barriers to switching. Measuring the
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and especially dr. Gábor Vass and Árpád Antal for their support of the project and their

help with data acquisition.

1



relative importance of these factors is essential for understanding a number

of economic issues, from default effects to firm pricing and contracting, as

well as for informing competition and consumer protection policy.

In this paper, I exploit a change in auto liability insurance regulation in

Hungary to identify the causal effect of a concentrated advertising period

that provides no decision-relevant information to consumers, but increases

the salience of the switching opportunity for a well-defined time period. My

main result is that the campaign almost doubles switching rates from a base-

line of 20 percent to 36 percent. In comparison, the estimated reduced-form

relationship between financial incentives and switching decisions is much

weaker: an additional saving of $35 per year (the median in the sample) is

associated with only 3.5 percentage points higher switching rates.

In order to understand the effects of the media campaign, I build and

estimate a two-stage demand model, in which switching costs and inatten-

tion influence switching decisions through separate channels. My estimates

indicate that inattention to the switching opportunity is widespread. With-

out the campaign, over two-thirds of consumers ignore the decision problem

altogether, whereas during the campaign the implied share of inattentive

people is 40 percent. The estimated mean switching cost is $57, a plausi-

ble number given industry reports. The failure to account for the presence

of inattentive consumers enlarges switching cost estimates by an order of

magnitude.

The essence of the regulatory change that I exploit is the following. Up

to 2009, insurance periods had to coincide with calendar years, and drivers

could only switch insurance providers in November, prompting insurance

companies and intermediaries to concentrate their marketing activity to the

same month as well. In addition, reports on the switching campaign ranked

high among the news, raising people’s awareness to the issue even further.

Yet, the information content of advertisements was severely limited: insur-

ance fee schedules, for example, are much too complex to convey in any type

of media message.

Starting from 2010, people who sign a new contract because they buy a

car are treated differently. Their once-a-year switching periods are no longer

synchronized to November, but remain attached to the anniversaries of their

car purchasing dates. At the same time, the gradual shift to the new regime

ensures that most switching decisions will still be taken in November and
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the campaign will live on for several years after the regulatory change. As

a result, the switching periods of new-regime drivers will overlap with the

campaign if they buy cars close to January 1, but not if they do so in the

middle of the year. Since new-regime drivers are otherwise similar to each

other, the differences in switching rates—conditional on financial savings

and observed individual characteristics—must arise from being close to, or

far from, the campaign period.

From a policy perspective, my results indicate that consumers could

derive considerable benefits from effective information-spreading and market

education campaigns, as well as a market design that makes infrequent, but

economically significant choice situations more salient. In particular, there

are a number of important retail markets with low switching rates and high

consumer inertia (e.g. gas, electricity, banking) in which people could benefit

from an endogenously arising campaign effect if switching opportunities were

restricted to specific times of the year.

A handful of recent empirical papers have tried to measure the impor-

tance of inattention in consumer inertia. Hortaçsu et al. (forthcoming) look

at switching decisions in the Texas residential electricity market using me-

tering data for households. They specify a two-stage discrete choice model to

separate inattention from brand preferences, and conclude that only about

a fifth of the people pay attention to the supplier switching decision in a

year. In the Medicare Part D market, Ho et al. (forthcoming) and Heiss

et al. (2016) both quantify the effect of inattention on switching between

insurance providers using two-stage choice models, the latter also allowing

for unobserved heterogeneity that is correlated across the decision stages.1

In terms of modeling and estimating the effect of inattention on switching

decisions, all three of these papers are closely related to mine. The main

point of this paper, however, is the use of a natural experiment to measure

how much an actually observed policy change can influence consumer deci-

sions, and to show that the mechanism works primarily by decreasing the

share of inattentive people.

Similarly to Handel (2013) and Hortaçsu et al. (forthcoming), the in-

stitutional setting I face allows me to separate unobserved individual het-

erogeneity from state dependence, a confounding problem emphasized by

1Luco (2016) and Honka (2014) also separate certain elements of consumer inertia using
data from pension funds in Chile and auto insurance in the U.S.
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Dubé et al. (2010) and Miravete and Palacios-Huerta (2014). Decision mak-

ers get into my sample by buying a car, an event arguably exogenous to

buying car insurance, and must make their initial choice actively, without

the possibility to resort to a default option. This market feature lets me

pin down the—potentially individual-specific—brand preferences and, by

assuming that preferences are persistent from one year to the next, identify

true state dependence (inattention and switching costs) from the second

decision.

The demand effects of the salience of taxes (Chetty et al. (2009), Finkel-

stein (2009)) and add-on prices (Hossain and Morgan (2006), Einav et al.

(2014)), as well as the effect of limited investor attention on asset price ad-

justments (DellaVigna and Pollet (2009), Hirshleifer et al. (2009)) have been

studied in recent empirical work. My paper complements this literature by

identifying the effect of salience on consumer switching, a recurring decision

problem with non-trivial economic consequences in many markets.

The method I use to separate inattention from the financial costs of

switching may be more generally applicable to other choice situations. There

are a large number of studies that structurally estimate fixed costs associ-

ated with stickiness in labor economics (Artuç et al. (2010)), international

trade (Das et al. (2007)), or monetary macroeconomics (Golosov and Lu-

cas (2007)). Generally, these studies estimate large fixed costs that prevent

agents from choosing better alternatives. It may instead be that true fixed

costs are lower, but the presence of agents who suboptimally ignore the de-

cision problem biases the fixed cost estimates upwards. Using the structural

approach of this paper, the bias could be corrected.

The rest of the paper is organized as follows. Section 2 provides a back-

ground on the vehicle liability insurance market in Hungary. In section 3, I

describe the data and the identification of the campaign effect, and substan-

tiate the comparability of people in the distinct treatment groups. In section

4, I estimate reduced-form specifications for contract switching. Section 5

contains the structural model and estimates, followed by the evaluation of

two policy experiments, the discussion of the paper’s results and concluding

remarks. Details about the preparation of the dataset, the calculation of al-

ternative insurance premia, and robustness checks are left for the appendix.
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2 The vehicle liability insurance market in Hun-

gary

2.1 General rules

Auto liability insurance is mandatory for participation in road traffic. The

insurance covers property damage and bodily injury to third parties only, in

case the driver of an insured vehicle is found to be at fault in an accident.

Coverage is provided by over a dozen insurance companies and one mu-

tual insurance association. The terms of the service are regulated by law,

but companies are free to set their own insurance premia. Prices are set once

for each calendar year and cannot be changed during the year. The deadline

for announcing fees for the upcoming year is at the end of October.2

The usual length of an insurance contract is one year. Upon expiry,

motorists are free to switch insurance companies, but only if they send a

cancellation note to their existing insurer 30 days before the next insurance

period starts. If they fail to provide notice in time, their existing contract

will be automatically renewed for another year at the continuation price set

by the insurer.

Continuation prices are announced to clients two months before the exist-

ing contract runs out. These prices might be different from the price offered

by the same company on a new contract with identical characteristics. Most

insurers allow their existing clients to choose a new contract instead of con-

tinuing the old one (re-contracting), but the same 30-day cancellation rule

applies here as well.

2.2 Contract switching prior to 2010

Before January 1, 2010 (in the synchronized regime), contracts were required

to coincide with the calendar year from the second year onwards. If, for

example, someone bought a car in July 2008, his first insurance period only

ran until December 31 of that year, and the second and subsequent periods

covered the years 2009, 2010, etc. in full.

By the rules of notification, drivers in the synchronized regime had to

cancel their existing contracts by December 1 if they wanted a different

2The once-a-year price setting restriction was removed from the regulation starting
from January 2013. The focus of this paper is on years 2010-2012.
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Figure 1: Time periods for switching were synchronized for all insurees
before 2010

one for the next calendar year. Since prices were announced at the end of

October, people had the month of November to consider changing insurance

contracts. Figure 1 shows the timing of events before 2010.

Insurance companies and intermediaries used this synchronized switch-

ing opportunity to advertise heavily to consumers. According to industry

sources, market players spent over 90 percent of their yearly marketing bud-

gets in November. The switching campaign was also regularly covered in

various media outlets.3

2.3 Contract switching since 2010

Following January 1, 2010 (in the dispersed regime), all new insurance

periods—including the first one—have become one year long. As a re-

sult, if someone bought a car in the middle of May 2010, the first time he

could switch contracts was not in November 2010, but between mid-March

and mid-April in 2011 (see Figure 2). The other elements of the system

(once-a-year price announcements, 30-60 days notification rules) remained

unchanged for the time period that I study.

The move to the dispersed-switching system has been gradual. The new

rules only affect people who acquire a vehicle from 2010 onwards. As a

result, the switching campaign in November was as intense as before for a

3The campaign had directly measurable effects on the salience of the switching oppor-
tunity in consumers’ perception. A survey, commissioned by the Hungarian Competiton
Authority in 2009, found that almost 30 percent of the respondents considered the switch-
ing decision because of hearing about it during the campaign. Another 30 percent claimed
that they would have shopped around with or without the campaign, whereas the rest were
totally ignorant of the switching opportunity (Scale Research (2010)).
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Figure 2: Time periods for switching are individual-specific since 2010

few more years. Prices were still announced at the end of October and most

people were still end-of-year switchers.4

3 Data and identification

I collected data from a mid-sized insurance broker company in Hungary for

the empirical analysis.5 To facilitate contracting between drivers and insur-

ers, the company keeps a record of all personal and vehicle characteristics

relevant to a liability insurance contract, as well as general contract fea-

tures. These records also form the basis of financial settlement between the

intermediary and the insurers.

The client base of the broker company consists of two main sources: on-

line and dealerships. The online interface is the company’s home page, on

which drivers can compare and choose insurance offers, initiate contracting,

and discontinue existing contracts. Clients are also acquired from hundreds

of car dealerships across the country where the company has representatives

to take care of liability insurance right after a vehicle purchase. To com-

pare offers at the dealership, the representatives use the company’s online

interface. In subsequent years, the drivers can use the broker’s online price

comparison tool themselves to switch contracts.

In addition, the company has a number of affiliates scattered across

4The share of synchronized contracts decreases by about 10 percentage points in a
year. Eventually, as most people change vehicles, contracting dates will be dispersed
evenly throughout the year.

5Drivers are free to choose among a number of insurance brokers, as well as contact
the insurers directly. Therefore, my dataset has no claims to representativeness across
the population. In particular, long-time owners who rarely switch insurance contracts are
likely to be under-represented in the sample.
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Figure 3: Identification of the campaign effect relies on the exogenous timing
of individual switching periods

the country and one customer center in a large city, but both of these are

relatively minor sources of new clients.

3.1 Identification

I identify the causal effect of the campaign on switching rates by comparing

the switching decisions of people who are close in time to the campaign with

the decisions of those who are farther away. Figure 3 provides a detailed

example.

The top panel of Figure 3 shows a contract with a starting date of May

12, 2010. The first switching period for this contract is between March 12

and April 12, 2011, which is more than three months after the campaign of

November 2010.

In the bottom panel of the same figure, a contract starts on January 12,

2010. Its first switching period is between November 12 and December 12,

2010, which largely coincides with the campaign at the end of 2010.

My conjecture is that the switching rates at the first anniversaries of

these two contracts will be different and the difference will be attributable
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to the advertising campaign itself.

In identifying the causal effect of the campaign on switching rates, my

main assumption is that the unobserved determinants of switching are mean-

independent of a contract’s starting date once we control for contract prices

and the observable characteristics of drivers. In particular, I assume that

people do not purposefully time their car purchases to January (instead of,

say, June) in order to benefit from the “social reminder” mechanism of the

switching campaign.

There are three arguments why this assumption is a valid one. First,

the financial stakes involved in a car and an insurance buying decision are

about two orders of magnitude apart. A potential 20 percent loss on a

liability insurance that should have been cancelled in time is negligible when

compared to the price of a vehicle.

Second, if people were conscious about liability insurance pricing, they

should shift the date of their car purchasing decision to January 1, since

many insurers explicitly target this group of previously synchronized clients

with extra discounts (worth about 10-15 percent of the baseline price). In

my dataset, only two car buyers have started contracts on January 1, much

fewer than on any other regular day—just as one would normally expect.

Finally, we know that people are often naive about their cognitive limi-

tations, especially when future scenarios are concerned. It is very unlikely

that they would take costly precautions (such as delaying car purchases) to

avoid forgetting a “trivial” decision like shopping around for an insurance

contract years later.

Laying aside the conscious timing of vehicle acquisition, there might also

be other ways in which the identifying assumption can fail. It is possible

that people buying cars at the beginning of the year are somehow different

from people who buy later, and this difference matters for switching. There

might be, for example, unobserved car discounts in January, which attract

a larger proportion of financially savvy consumers.

These objections to the identification assumption can best be countered

by examining Figure 4. In the figure, the horizontal axis is a timeline of con-

tract starting times (as a result of a car purchase) between January 1, 2009

and December 31, 2011, aggregated into months. The vertical axis measures

switching rates. Each dark square in the graph shows the proportion of con-

tracts that were cancelled at the first switching opportunity within all the

9



Figure 4: Switching rates at the end of the first insurance period are con-
sistently higher during campaign periods

contracts started in the given month.6 I only included insurance contracts

that were signed because of a vehicle acquisition.

The shaded area in the figure emphasizes the contracts whose switching

period overlapped with an advertising campaign in November. This includes

all contracts started in the synchronized regime (2009), as well as December

and January contracts in the dispersed regime (2010-2011). The date of

the regulation change (1/1/2010) is marked by a solid vertical line in the

figure. The vertical lines cutting across the mean switching rates depict 95%

confidence intervals.

The identification strategy is supported by the fact that switching rates

of January clients are not systematically higher than those of non-January

clients in the synchronized regime before 2010, when everyone was equally

affected by the campaign.7 If the identification assumption failed (perhaps

6November 2009 is excluded from the data, since it is unclear whether people would
consider the first switching opportunity for these contracts to be in 2009 or in 2010.
For people starting contracts in December 2009, the first opportunity to switch overlaps
perfectly with the campaign in November 2010.

7Switching rates do fall for drivers who bought cars just before the campaign in Novem-
ber 2009. Many of these people were probably reluctant to think about auto insurance
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because January clients were more financially savvy), we should expect to

see some difference in switching among the 2009 contracts as well.

The unconditional switching rates in Figure 4 also show that the cam-

paign did make a large difference after the regime change. Switching rates

for January 2010 contracts are high, whereas the rate declines from February

to November, only to rise again towards the end of the year. The pattern

repeats itself in 2011, proving that we are not witnessing a simple downward

trend in consumers’ willingness to shop around.

3.2 Descriptive statistics

My baseline dataset contains 17,138 contracts, all of which were started fol-

lowing a vehicle acquisition in 2010 or 2011 and were still in effect 365 days

later. I only include contracts for which I can accurately calculate the ob-

served starting insurance premium (within ±1%) to limit the measurement

error introduced by the calculation of unobserved alternative insurance pre-

mia.

I use the following criteria to determine whether a driver is potentially

affected by the switching campaign. If the 30-60 days switching window

overlaps with the campaign period for at least one day, then the contract is

“treated”, otherwise it belongs to the control group. The affected contracts

are therefore (with a slight rounding) the ones starting in January 2010 and

2011.8 For the rest of the paper, I will use the terms Campaign and No

campaign to denote the treatment and the control groups.

Table 1 shows the means and standard errors of the No campaign group

for various observable personal, vehicle, and contract characteristics, as well

as a test for mean differences between the two groups in 2010 and 2011.

Campaign and No campaign drivers have largely similar characteristics

in both years, although there are some differences. The most notable one

from a pricing perspective is that Campaign drivers in 2011 are 1.8 years

older on average with correspondingly more driving experience and have

slightly older and less powerful cars.

for the second time within 40-50 days.
8I exclude contracts started in December 2010 and 2011. Their switching window

overlaps with the next campaign, which makes it hard to tell unequivocally whether they
should belong to the treated or the control group. I leave them out of the main speci-
fications, but include them when investigating for separate monthly effects. The online
appendix provides more details about sample construction.
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Table 1: Sample means and Campaign - No campaign mean differences of
driver, vehicle, and contract characteristics

Contracting year 2010 2011

No campaign ∆Campaign No campaign ∆Campaign

Age
40.942 0.609 40.857 1.788∗∗∗

(0.187) (0.713) (0.141) (0.600)

Female
0.331 -0.011 0.317 0.035∗

(0.006) (0.023) (0.005) (0.021)

Capital resident
0.156 -0.037∗∗ 0.162 -0.001

(0.005) (0.016) (0.004) (0.016)

Years of driving
17.634 0.724 18.406 1.516∗∗∗

(0.167) (0.658) (0.129) (0.546)

Mean bonus grade
2.256 -0.118 2.596 -0.005

(0.047) (0.182) (0.040) (0.167)

Power (kW)
68.599 -1.188 71.049 -2.637∗∗

(0.322) (1.240) (0.279) (1.224)

Vehicle age (years)
9.225 -0.165 9.759 0.611∗∗

(0.062) (0.246) (0.055) (0.241)

Share of premium brands
0.082 -0.006 0.086 0.004

(0.003) (0.013) (0.003) (0.012)

Share of budget brand
0.120 -0.009 0.116 -0.013

(0.004) (0.015) (0.003) (0.013)

Car dealership contracts
0.941 0.018∗ 0.923 0.022∗∗

(0.003) (0.010) (0.003) (0.010)

Payment by postal check
0.958 0.011 0.921 0.001

(0.002) (0.009) (0.003) (0.012)

Quarterly payment
0.953 0.015∗ 0.847 -0.036∗∗

(0.003) (0.009) (0.004) (0.017)

Insurance premium ($)
198.477 -3.947 135.670 -3.916
(1.209) (4.544) (0.645) (2.678)

Switching benefit ($)
70.633 7.093∗ 29.847 3.267∗

(0.680) (3.671) (0.433) (1.872)

Switching rate at Ann. 1
0.237 0.230∗∗∗ 0.167 0.182∗∗∗

(0.005) (0.024) (0.004) (0.020)

Observations 6,498 443 9,626 571

Standard errors are in parentheses.
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Most of the contracts were signed at the car dealership following a vehicle

purchase and the fees were usually paid in quarterly installments in cash at

a post office. The average yearly insurance premium was $198 in 2010 and

$136 in 2011, but there was no significant difference between Campaign and

No campaign drivers within the year.9

The switching benefit is the difference between the cheapest alternative

offer and the continuation price of the existing contract at the first switching

opportunity. On average, drivers could save $71 or $30 by switching to the

cheapest alternative, depending on whether they started their contracts in

2010 or in 2011 (and hence whether their could first switch in 2011 or in

2012). The Campaign group could attain around 10 percent higher savings

by switching (significant at the 10% level). This (unconditional) difference

in potential savings is likely the result of small differences in driver charac-

teristics, since the pricing formulas for Campaign and No campaign groups

are identical within the calendar year.

Despite the similarity in observed characteristics and contract prices,

there are large differences in the switching rates between the treatment and

the control groups. Campaign drivers are twice as likely (23 and 18 per-

centage points difference in 2010 and 2011) to switch contracts at the first

anniversary than No campaign drivers.

4 The campaign effect in reduced-form specifica-

tions

4.1 Baseline estimates

I estimate the probability of switching contracts at the first anniversary,

conditional on not dropping out earlier, using a standard binary logit model.

The average marginal effects of the most influential switching determinants

are shown in Table 2 for four separate specifications. All columns include

separate intercepts and separate campaign effects for contracts started in

2010 and in 2011.

In the first regression, the average marginal effects imply that people are

about 16 percentage points (pp) more likely to switch contracts if they are

9Dollar amounts are calculated from Hungarian Forints using the 2010 average exchange
rate of 208.15 HUF/USD. According to industry sources, the large premium decrease from
2010 to 2011 was largely driven by a falling number of accidents.
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Table 2: Logit average marginal effects on the probability of switching at
the first anniversary of an insurance contract started in 2010 or 2011.

(1) (2) (3) (4)

Campaign in 2010
0.167∗∗∗ 0.164∗∗∗ 0.161∗∗∗ 0.169∗∗∗

(0.016) (0.016) (0.016) (0.019)

Campaign in 2011
0.158∗∗∗ 0.154∗∗∗ 0.153∗∗∗ 0.142∗∗∗

(0.015) (0.014) (0.014) (0.018)

Year fixed effect (2011)
-0.071∗∗∗ -0.027∗∗∗ -0.036∗∗∗ -0.035∗∗∗

(0.006) (0.007) (0.011) (0.011)

Switching benefit [$100]
0.101∗∗∗ 0.105∗∗∗ 0.104∗∗∗

(0.006) (0.009) (0.009)

Online client
0.083∗∗∗ 0.068∗∗∗ 0.065∗∗∗

(0.016) (0.016) (0.016)

Personal & vehicle controls Yes Yes

Contract & insurer controls Yes Yes

Campaign-control interactions Yes

Observations 17,138 17,138 17,138 17,138

Personal controls: age, gender, residence in the capital, risk score with
quadratic term. Vehicle controls: engine power, premium brand, bud-
get brand, fuel, vehicle age. Contract controls: initial premium, payment
method and frequency. Insurer controls: dummy for initially chosen insurer.
Switching benefit and online client status are interacted with the year fixed
effect. Parameter estimates are available in the online appendix.
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affected by a switching campaign. Although switching is 7 pp less likely for

contracts started in 2011, the size of the campaign effect itself is essentially

the same in both years.

In Column 2 of Table 2, I also control for the financial savings from

switching to the cheapest alternative and include a dummy noting whether a

contract was initially started online. Both of these explanatory variables are

allowed to have different effects in 2010 and 2011. The estimated relationship

between financial incentives and switching decisions is relatively weak: $100

of additional yearly savings are associated with only 10 pp higher switching

rates. The decrease in the 2011 year fixed effect from Column 1 to Column

2 shows that more than half of the level difference between 2010 and 2011 is

attributable to lower savings for 2011 contracts. Having initially sought out

the intermediary online (rather than being assisted by its representative at

the car dealership), makes it 8 pp more likely that a driver will shop around

and switch contracts one year later. Being an online client in this setting is

likely a good indicator of a more pro-active consumer attitude.

Columns 3 and 4 of Table 2 add progressively more control variables and

campaign interaction terms to the logit model. Regardless of the specifica-

tion, the effects of the two switching campaigns are large, stable, and highly

significant.

Considering that switching benefits are below $150 for most people in

the sample,10 the estimated marginal effect suggests that financial savings

have little influence on switching behavior. There is, however, an alternative

interpretation. According to survey evidence (Scale Research (2010)), many

people—even during the campaign period—are completely ignorant of the

opportunity to switch contracts. Their presence in the sample would dampen

the price sensitivity estimates.

4.2 Heterogeneity of treatment effects

The specification in Column 4 of Table 2 includes campaign interaction terms

with observable personal, vehicle, and contract characteristics to investigate

how treatment effects differ across people. After fitting the logit model to the

data, I estimate the average marginal effect of the two switching campaigns

in 2010 and in 2011 on various subsamples. Figure 5 provides an overview

10The 95th percentile of the benefit distribution is at $147.
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of the main results.

The top section of the figure shows the point estimates and the 95% confi-

dence intervals of the two campaign effects (“Overall AME”), corresponding

to the first two lines of Column 4 in Table 2. Below that, I partition the

sample into 3-4 parts along three dimensions: age, risk classification, and

the financial benefit to switching. Within each subsample, I calculate the

average marginal effect of the campaign and its standard error in both years

separately, and display the point estimates and the 95% confidence intervals.

As Figure 5 shows, the switching campaigns have largely the same effect

on everyone. Among the drivers who started their contracts in 2010, none of

the subsample point estimates fall outside of the overall effect’s—relatively

narrow—confidence interval. In contrast, there is some statistically signifi-

cant heterogeneity among the 2011 contracts. Older drivers (above 65) and

those with low risk scores seem to be less affected by the switching cam-

paign than the average person. Nevertheless, we can rule out the absence of

a campaign effect in all subsamples.

Regarding the financial benefit to switching, there is a slight tendency

for those who stand to gain more by switching to be more responsive to the

switching campaign, but the heterogeneity is minor—people in the highest

quartile (Q4) of the benefit distribution are only 3-4 pp more responsive

to the campaign than people in the lowest quartile (Q1)—and statistically

non-significant.11

4.3 Primary and secondary effects

The Campaign / No campaign treatment cutoff is not strictly binary. In

this section, I explore the implications of a finer treatment effect structure.

One could think of the January-February difference as the primary effect

of the campaign, in the sense that drivers with contract anniversaries in Jan-

uary are at least partially subjected to the campaign during their switching

window, whereas drivers in February are not.12 If it matters that people can

act on the impulse to shop around right away, then we should see a marked

11Figures A1-A3 in the appendix show the heterogeneity of campaign effects along all
dimensions for which Column 4 in Table 2 contains an interaction effect. They confirm
that the average marginal effects are essentially the same in all other subsamples.

12Arguably, early February drivers could belong to the Campaign group, because some
advertisement is bound to spill over from November to the first days of December. The
results of the switching campaign are also reported in the news in early December.
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Figure 5: Logit average marginal effects in various subsamples on the prob-
ability of switching at the first anniversary
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difference in switching between January and February drivers.

However, the ability to switch contracts during the treatment explains

only part of its influence. Drivers with contract dates in any other month

of the year also live through the advertising period. It is conceivable that

they remember the campaign messages throughout the year to some extent

and act on them later, which we can label the secondary effect. It is also

plausible that the secondary effect would die down over time as people think

about it less and less. Figure 4 supports this intuition graphically.

For a more accurate quantification, I re-ran the logit regressions of the

binary treatment case, but substituted the Campaign dummy with monthly

fixed effects denoting the start of the initial contract (i.e. the time of vehicle

purchase).13 I switched the reference group to February for presentation

purposes. The results are shown in Table 3.

If we take February contracts as the baseline, the primary effect of the

campaign is an increase in switching rates by 7-8 pp (January-February

comparison). The secondary effect accumulates gradually over the next 9

months. By November, the share of switchers is 18-19 pp lower than in

February (and 26 pp lower than in January), but it jumps up again in

December as the next campaign period arrives.

In a different specification, I allow for even more continuity in treatment

effects by defining the primary effect measure as the extent to which a per-

son’s switching window overlaps with a campaign, and the secondary effect

measure as the distance between the last day of the latest campaign and

the first day of a person’s switching window (both measured as fractions of

a month). Taking a February 1 car buyer as the reference point, an addi-

tional week of overlap with the campaign increases switching rates by about

2.5 pp, while an additional month of distance from the campaign decreases

them by about 2 pp (see Table A4 in the appendix).

4.4 Mechanisms

The switching campaign can influence consumer decision making through

multiple channels. It can provide information that decreases the cost of

search for alternatives, modify consumers’ expectations about the costs and

benefits of searching, or draw scarce attention to the decision problem and

13I dropped the insignificant month-benefit interaction terms from the regression and
pooled the month effects across 2010 and 2011.
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Table 3: Logit average marginal effects by month on the probability of
switching at the first anniversary of an insurance contract started in 2010
or 2011.

(1) (2) (3)

January
0.078∗∗∗ 0.074∗∗∗ 0.073∗∗∗

(0.014) (0.014) (0.014)

February

March
-0.029∗∗ -0.028∗∗ -0.027∗∗

(0.014) (0.013) (0.013)

April
-0.040∗∗∗ -0.044∗∗∗ -0.042∗∗∗

(0.014) (0.014) (0.014)

May
-0.050∗∗∗ -0.053∗∗∗ -0.052∗∗∗

(0.014) (0.014) (0.014)

June
-0.060∗∗∗ -0.062∗∗∗ -0.062∗∗∗

(0.014) (0.014) (0.013)

July
-0.077∗∗∗ -0.080∗∗∗ -0.080∗∗∗

(0.014) (0.014) (0.014)

August
-0.105∗∗∗ -0.105∗∗∗ -0.104∗∗∗

(0.014) (0.014) (0.014)

September
-0.134∗∗∗ -0.133∗∗∗ -0.133∗∗∗

(0.015) (0.015) (0.014)

October
-0.132∗∗∗ -0.131∗∗∗ -0.135∗∗∗

(0.015) (0.015) (0.015)

November
-0.184∗∗∗ -0.178∗∗∗ -0.187∗∗∗

(0.015) (0.015) (0.015)

December
-0.093∗∗∗ -0.088∗∗∗ -0.096∗∗∗

(0.014) (0.014) (0.014)

Switching benefit [$100]
0.096∗∗∗ 0.106∗∗∗

(0.005) (0.009)

Online client
0.092∗∗∗ 0.070∗∗∗

(0.015) (0.015)

Personal & vehicle controls Yes

Contract & insurer controls Yes

Observations 18,779 18,779 18,779

Personal controls: age, gender, capital resident, risk classification. Vehicle
controls: power, premium brand, budget brand, diesel, age. Contract con-
trols: initial premium, payment method and frequency. Insurer controls:
dummy for initially chosen insurer.
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the deadlines by making them more salient.

The information channel plays a minor role for several reasons. The

most important decision variables—prices—are impossible to communicate

through marketing. They are non-negotiable by law and highly individual-

specific, require extensive input from drivers, and contain no advertisable

“shortcuts” (such as maximum rates or price-matching guarantees).14 Other

marketing messages are either too generic to contain credible information

(“we have low rates for you”) or are largely irrelevant for consumers (good

customer service, for example, might matter to the damaged party, but not

to the insuree). The campaign does provide information to easier locate

intermediaries, but that is a low hurdle to clear: the most basic online

search brings up insurance intermediaries as the top results at any time of

the year. In addition, all drivers in my sample have chosen their initial

contract through an intermediary, so they must be aware of the existence of

this one company at least.

The reduced-form estimates provide further support to the limited role of

the information channel. The lack of campaign effect heterogeneity across

most dimensions and the substantial treatment effects on even the most

experienced drivers indicate that it is not the reduction in search or switching

costs that makes people switch almost twice as often during campaigns.

The data does not allow for a clean separation of increased choice salience

from heightened expectations, but there is evidence for the primacy of

salience. First, the campaign effect is not diminished for drivers with high

savings or high initial fees. If prior expectations have any positive relation

to actual prices, high savers should not react the same way as low savers

to an increase in expectations since their priors would already make them

more likely to switch.

Second, ten or more years of experience with the market and the cam-

paign seasons should arguably be enough to align people’s expectations

with reality and to make them skeptical of unreasonable advertising claims.

Therefore, the strong effects on even the most experienced drivers are also

an indication that the heightening of expectations is not the main effect

through which the campaign operates.

Third, the month-by-month treatment effect estimates in Table 3 as well

14The online appendix contains a detailed explanation of how insurance premia are
calculated.
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as Figure 4 show that switching rates of December car buyers are signifi-

cantly higher than those in the preceding months. A person who bought a

car on December 10, 2010, for example, must cancel his contract by Novem-

ber 10, 2011, if he wants to get a different insurance. In the first 10 days

of November 2011, he is influenced by the switching campaign, even though

that campaign has absolutely no relevance for his decision since the prices

and conditions he faces were announced one year earlier. The main expla-

nation for the effects on December drivers must be about raising people’s

attention.15

At the same time, the expectations channel cannot be fully discounted

either. The lack of substantial heterogeneity in treatment effects by switch-

ing benefits also means that the campaign causes a lot of switching among

those who have very little to save by doing so. If these people were sim-

ply inattentive with approximately correct expectations, then—after being

prompted to consider the switching opportunity—they would be much less

inclined to shop around than the high savers. Instead, what most likely

happens in practice is that the campaign reaches a group of people who

would not otherwise think about switching and makes even the ones with

low expectations believe that it is worth sinking a one-off search cost into

learning the prices in the market through the comparison sites of intermedi-

aries. Once the prices are known and the sunk cost paid, it only takes about

4-5 clicks to go through with the switching, so at that point the low savers

might as well do it, too.

5 A model of insurance switching with choice salience

The reduced-form results established that the salience of the switching op-

portunity is a strong determinant of switching decisions. What is still un-

clear is whether people act as fully attentive consumers during the campaign

period, or if many of them remain ignorant of switching despite the cam-

paign. In this part of the paper, I estimate a two-stage choice model to

15The upward jump in the switching rates of December contractees relative to the
preceding month is 9 pp, which exceeds the primary effect of the campaign (8 pp), even
though a 10-day overlap with a campaign means two different things to a January and to
a December driver. The first has the overlap in the last 10 days of November, after three
weeks’ chance of observing the campaign, whereas the second has the overlap in the first
10 days of November, without any such “pre-treatment”.
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Figure 6: Switching rates as a function of financial savings

answer this question by separating the effects of switching costs and inat-

tention on consumer inertia. I show that this augmented framework greatly

improves the plausibility of the estimation results and yields new insights

into consumers’ behavior.

Figure 6 motivates the need to build inattention into a standard choice

model. The horizontal axis in the figure shows the financial savings from

switching. On the vertical axis, I plot the average switching rates on new

contracts at the end of the first insurance period, calculated by grouping the

savings variable into $25-wide bins. The graph shows data up to the 99th

percentile of the savings distribution with the associated 95% confidence

intervals around the average switching rates.

As expected from the reduced-form estimates, switching rates rise with

the amount of savings: people do respond to financial incentives. More-

over, during the campaign, when the switching opportunity is more salient,

a larger share of the population decides to switch for the same level of

savings, which is also in line with the reduced-form results. Figure 6 high-

lights another phenomenon as well: many people seem to be unwilling to

switch insurance contracts regardless of how much they can save by doing so.
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Graphically, this shows up in the “flattening” of the switching rate curves

well below 100%.16

It is implausible that these people are fully aware of the potential savings

and the effort involved in switching, and have consciously decided that they

would rather forgo $100 or more than perform a somewhat tedious, but

uncomplicated online price comparison that takes maybe half an hour. More

likely, they do not pay attention to the issue at all and do not learn how

much they could save by acting. This ignorance explains why financial

incentives lose their power well before switching rates approach 100 percent,

and also why a large share of people can be turned into “shoppers” with a

non-informative advertising campaign.

For the purpose of the two-stage modeling, I define attentiveness to a

decision problem as the conscious utility maximizing choice among all avail-

able options. Conversely, inattentiveness means that the decision maker will

fail to examine any of the available alternatives, and therefore his existing

contract will continue for another insurance period by default. I assume

that attention is a random variable, which may depend on the environment,

but is independent of the characteristics of the alternatives. Most notably,

attention does not depend on how much a person could save by being at-

tentive.17

Formally, I construct a two-period random utility model in which people

make multinomial choices among insurance companies as in Hortaçsu et al.

(forthcoming), Ho et al. (forthcoming), or Heiss et al. (2016). In the initial

period (denoted by t = 0), drivers choose an insurance contract without

having a default “do-nothing” option, which is what happens following a

vehicle purchase. Specifically, I assume that driver n receives the following

(indirect) utility by choosing contract j at time 0:

Unj0 = αnXj − pnj0 + ν0εnj0 (1)

pnj0 is the insurance premium that driver n would pay in contract j at time

16Arguably, the flattening is not as clear-cut for campaign drivers because of the wide
confidence intervals. There are too few (only 51) treated drivers with savings above $150
to make more precise statements.

17The definition of inattention here is thus closer to plain forgetfulness than to rational
inattention. In reality, the average person’s attention allocation rule is probably some-
where between these two extremes. Although forgetfulness is not uncommon, it is also
plausible that the expected gains from acting will have at least some influence on what
people decide to pay attention to.
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0, and it affects utility negatively. Xj are insurer dummy variables, hence

αn captures the insurer fixed effects, which might be heterogenous across

individuals.18 The coefficient of the price variable is set to 1, normalizing

the measurement unit of all other coefficients to dollars.

Utility also contains a random term εnj0. For tractability, I restrict εnj0

to be independently and identically distributed across drivers and insurers

following a Type-I extreme value distribution. Since the scale of utility is

set by the price normalization, the variability of the random term is an

estimable parameter, denoted by ν0. The setup in period 0, therefore, is

that of a typical conditional logit model as described by Train (2003), among

others.

In writing the period 0 decision problem, I assume that people are myopic

in their contract choice. They either do not consider future periods at all, or

if they do, they are unable to predict how prices will change in the market in

subsequent years and what their switching costs and attention levels will be.

I find this assumption the most natural one to make, given the information

requirement and the size of the cognitive burden a more rationally forward-

looking decision rule would place on even the most able humans.19

In period 1, I allow consumers to be randomly attentive to the switching

decision in the following way:

j1n =


argmax

j
Unj1 with prob. θn

j0n with prob. 1− θn
(2)

where jtn is the chosen alternative by consumer n at time t, and the proba-

bilistic attention parameter θn is defined by a logistic functional form:

θn = Λ (γWn) =
1

1 + exp (−γWn)
(3)

Stage 1 of the decision problem in period 1 is therefore a “draw of nature”

18In the main specification, I restrict the insurer fixed effects to be homogenous for ease
of estimation. I also run robustness checks with individual-specific, time-invariant insurer
fixed effects as normally distributed random coefficients, uncorrelated across insurers. The
extension makes a negligible difference in the outcomes.

19If multi-period contracts were present in the market, one could plausibly argue that
some people would recognize the invest/harvest incentives of insurers and consider locking
themselves in for a longer time. In the present application, however, the regulation does
not allow for multi-year contracts.
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that determines whether a consumer makes a conscious utility-maximizing

choice (with probability θn), or simply continues his existing contract (with

probability 1− θn). The attention parameter may depend on environmental

characteristics (Wn), such as whether a person was affected by the campaign

or not.

For stage 2 of the decision problem in period 1, attentive drivers have

an option to consciously stick to their previously chosen contract, or to

cancel the contract and sign a new one with any of the insurance companies,

including the previous provider. Utility in period 1 is specified as:

Unj1 = αnXj − pnj1 − βZnj1 + ν1εnj1 (4)

The insurer fixed effects (αn) are time-invariant.20 The price variable pnj1

reflects what the consumer would have to pay in period 1 for contract j,

while the random term εnj1 has the same EV Type-I distribution as its—

independent—period 0 counterpart. The variability of the random utility

component (νt) is allowed to be different in the two time periods.

Znj1 contains the determinants of switching costs interacted with a switch-

ing indicator. In the simplest case, Znj1 is a scalar that takes 0 for the default

alternative of person n and 1 for all of her other alternatives, and β measures

the average cost of switching across the sample.

5.1 Separating inattention from other switching costs

The effects of switching costs and inattention on choices are identified from

the way they influence people’s responsiveness to financial savings. Figure 7

provides a stylized graphical explanation.

The horizontal and vertical axes in Figure 7 depict the financial savings

and the probability of switching, similarly to Figure 6. The logistic-shaped

curves show the reaction to financial savings in a simplified setting, assuming

only two alternatives.

In the top panel of Figure 7, the change in switching costs due to shifters

20For the sake of simplicity, there is a slight abuse of notation at this point, because I
do not explicitly distinguish between contracts and insurers. The one-insurer-one-contract
equivalence breaks down when a driver stays at the same insurer, but signs a new contract.
This is treated as switching, but the insurer fixed effect is the same in both cases. Hence
the number of options available to drivers equals the number of insurers plus one, whereas
the number of insurer fixed effects to estimate equals the number of insurers minus one
(one of the fixed effects must be normalized).
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Figure 7: Stylized effects on switching costs vs attention
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(e.g. age) mostly affects the switching decisions of people with intermedi-

ate savings. Those with very low savings rarely switch, and those with very

high savings almost always switch, so most of the response comes from those

whose savings are on the margin of surpassing the costs of switching. In ge-

ometric terms, changes in switching costs stretch or compress the switching

reaction curve in a horizontal direction, but do not affect its lower or upper

limits.

In the bottom panel of the figure, the shifter variable (e.g. the advertising

period) works through increasing the probability of attentiveness, measured

by the increase in the limit to which the switching reaction curve converges

as financial savings grow (from θ0 to θ1). Geometrically, changes in attention

stretch or compress the switching reaction curve in a vertical direction, and

therefore the percentage point increase in switching rates would be largest

for people with high savings. The identification of the attention parameter

and the effects of attention shifters comes from the upper limit that is fitted

to the curves in Figures 6 and 7.

The reduced-form results and the ancilliary evidence strongly suggest

that the advertising campaign mainly works by increasing the salience of the

decision problem for drivers. Whether someone is affected by the campaign

is therefore the main attention shifter (Wn) of interest in the estimation.

I also include a dummy variable indicating whether the premium on the

existing insurance contract increases from period 0 to period 1. Increasing

fees can potentially serve as a cue to people to start shopping around for

better alternatives.

Although age, location, or other personal, vehicle, or contract character-

istics could also influence attention levels, these variables might be correlated

with the expected costs of switching as well. For example, people who have

chosen their contracts on the online interface of the intermediary in period

0 are probably more accustomed to the price comparison procedure and

would find it less costly to switch in period 1. Therefore, I treat all of these

characteristics as switching cost shifters (Znj1).

5.2 Structural estimation results

Table 4 contains the main results of the structural estimation. The upper

panel of the table shows the coefficient on the switching cost intercept (the

first element of β) and the lower panel the coefficients that affect atten-
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Table 4: Structural choice model estimates.

(1) (2) (3) (4) (5)

Switching cost ($)

Intercept
367.05∗∗∗ 54.77∗∗∗ 49.23∗∗∗ 67.14∗∗∗

(11.17) (5.39) (5.33) (6.02)

Attention

Intercept (2010)
-1.019∗∗∗ -0.789∗∗∗ -0.939∗∗∗ -0.846∗∗∗

(0.028) (0.042) (0.047) (0.049)

Intercept (2011)
-1.303∗∗∗ -0.821∗∗∗ -1.004∗∗∗ -0.940∗∗∗

(0.028) (0.060) (0.067) (0.066)

Campaign in 2010
1.148∗∗∗ 1.218∗∗∗

(0.118) (0.129)

Campaign in 2011
1.194∗∗∗ 1.272∗∗∗

(0.132) (0.143)

Fee increase
0.088∗ 0.139∗∗∗

(0.045) (0.048)

Controls Yes

Log-likelihood -29,321 -29,211 -29,162 -29,061 -28,962

Observations 17,138 17,138 17,138 17,138 17,138

All specifications include insurer fixed effects. Controls include the following
demeaned switching cost variables: age, gender, risk score, residence in cap-
ital, payment method, engine power, premium brand, budget brand, vehicle
fuel and age, contracting channel.

tion rates (γ) through the logistic function in (3). I include year-specific

intercepts and campaign effects on attentiveness. All other coefficients are

restricted to be time-invariant.

In Column 1, I assume that people are fully attentive, which simplifies

to the standard conditional logit model with two choice periods. The result-

ing switching cost estimate is $367, about twice the average yearly insurance

premium, which seems unreasonably high. Conversely, when switching costs

are disregarded, but inattention is not, the estimated overall attention prob-

ability is only 21-27% (Column 2).21 Allowing for both mechanisms results

in an almost seven-fold reduction in switching costs (to $55) with an esti-

mated 31% attention probability (Column 3).

21Λ (−1.019) = 0.265,Λ (−1.303) = 0.214.
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In Columns 4-5, I allow the probability of attention to be shifted by

three dummy variables: the two campaign treatments in 2010 and in 2011,

and a fee increase in the default option at the first anniversary. The baseline

category is composed of car buyers who are not affected by the campaigns

and whose insurance premia did not increase from the first year to the sec-

ond. In Column 5, I also add personal, vehicle, and contract characteristics

as additional control variables to the switching cost specification. The con-

trol variables have been demeaned for presentation purposes, to keep the

coefficient on the intercept relatively close to the average switching cost.

When averaged over the entire sample, estimated switching costs amount

to $57 in the full specification (Column 5). Examining the coefficient esti-

mates on the control variables (not shown), I find that people who initially

picked their contracts online have $33 lower cost of switching. Age increases

switching costs by about $1 per year, and the difference between drivers with

the highest and the lowest risk grades is $14 (experienced low-risk drivers

having higher switching costs). Women do not behave differently from men.

Poeple who have chosen financially more advantageous payment methods in

the first year, or live in the capital, find it less costly to switch subsequently

($28 and $14 difference).22

The estimated effects on attention are more easily interpreted using the

marginal effects derived from Column 5 of Table 4 and shown in Table 5. The

baseline attention probability is 30% in 2010 and 28% in 2011, both of which

are approximately doubled during the advertising campaign. Drivers whose

insurance fee has increased from one year to the next are 3 pp more likely

to consider shopping around. There are no scenarios in which estimated

attention rates would go above 62%.

The estimates are surprisingly well-aligned with the Scale Research (2010)

survey on drivers in the synchronized regime. In that survey, 28% of the re-

22Other empirical auto insurance studies in different countries and time periods have
found search and switching costs of varying magnitudes. Honka (2014) finds the median
value of consumer inertia to be around $400, although she attributes the larger part of this
amount to consumer satisfaction with the current provider and to the costliness of search,
and only about $42 to the actual hassle of switching. Berger et al. (1989) have estimated
insurance switching costs in the $185–381 range, whereas Dahlby and West (1986) have
found search costs between $131 and $570 (both sources were converted to current U.S.
dollars by Honka (2014)). My estimates are generally lower than these earlier results when
I take the possibility of inattentiveness into account. On the other hand, Cummins et al.
(1974) have calculated switching costs to be 20 percent of the insurance premium, which
is only about $32 in my case.
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Table 5: Marginal effects on attention probability

2010 2011

Campaign
0.292∗∗∗ 0.301∗∗∗

(0.031) (0.035)

Fee increase
0.030∗∗∗ 0.029∗∗∗

(0.010) (0.010)

Baseline probability
0.300∗∗∗ 0.281∗∗∗

(0.010) (0.013)

spondents said that they would have paid attention to the switching decision

with or without the campaign (cf. the baseline probabilities in Table 5). An-

other 12% said that they took care of switching only because of the constant

reminders, whereas 17% of people heard about the switching opportunity,

but didn’t do anything. The sum of these latter two numbers is very close

to the share of people who think about switching as a result of the cam-

paign in the estimated two-stage switching model (cf. the campaign effects

in Table 5). Finally, the rest (43%) of the respondents neither heard, nor

cared about switching insurance contracts. This alignment between the be-

havior of 2010-2011 car buyers viewed through the lens of the model and the

corresponding survey responses from the general population gives additional

support to the following claims: (1) the model captures an important aspect

of consumer behavior reasonably well, and (2) the sample used is a passable

representation of all drivers in terms of insurance choice.

All of the results are robust to the inclusion of individual-specific insurer

fixed effects (αn), as well as potential measurement errors in the unobserved

insurance premia (see Tables A5-A8 in the appendix).

6 The value of choice salience

Given the two-stage demand model estimates in Table 4, we can calculate

the decrease in consumer surplus resulting from the disappearance of the

switching campaign, which is the eventual outcome of the regulation change.

Throughout the analysis, I will assume away any supply-side response (either

in pricing or in market presence).

Since inattentiveness has increased dramatically outside the campaign

period, people switch less often, to which insurers are likely to respond by
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raising continuation prices for existing contracts and lowering introductory

fees for new clients. Although attention levels do fluctuate systematically

in my observation period, I do not see a corresponding change in pricing

patterns.23 The likely cause is a combination of price-setting inertia, a rela-

tively low number of campaign clients among the new-regime insurees, and

gradual learning by insurance companies. The following surplus change cal-

culations are therefore best understood as short-run effects. It is, however,

unlikely that average contract prices will decline and drivers become better

off once insurers adjust to a more inert consumer behavior.

I calculate the change in expected consumer surplus using the same pro-

cedure as Hortaçsu et al. (forthcoming), who themselves modify the original

method of Small and Rosen (1981) to allow for inattentive decision makers.

Specifically, the expected surplus change for consumer n is:

∆E (CS)n = ν1

log

 ∑
j∈J1,P

n

e
1
ν1
V Pnj1

− log

 ∑
j∈J1,B

n

e
1
ν1
V Bnj1

 (5)

where B stands for the baseline scenario (switching campaign still in place

for everyone) and P for the policy change (no campaign for anyone, even-

tually). Vnj1 is the deterministic part of utility provided to consumer n by

contract j at t = 1 (that is: Vnj1 = Unj1 − ν1εnj1, where Unj1 is given by

equation (4)), and ν1 is the scaling parameter on the random utility term.

The choice sets deserve additional explanation, since this is where the

surplus calculation with inattentive consumers differs from the original for-

mulation of Small and Rosen (1981). For an attentive person, the choice

set contains all alternatives available at the time of the switching decision,

whereas for an inattentive person, the choice set contains only one alterna-

tive, the contract chosen in the previous period. Whether a person is atten-

tive or inattentive is determined by a random binary draw. With probability

θn, driver n will be able to pick from all contracts in J1, and with probabil-

ity 1− θn, he will only be able to “choose” his default contract, simplifying

expression (5) to:

∆E (CS)n = V P
nj01 − V

B
nj01 (6)

where j0 denotes the contract chosen in period 0 and continued into period

23One would expect different prices for contracts that start early in the year versus
those that start later.
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1. Since utility is measured in dollar terms, the interpretation of the values

for ∆E (CS)n is also in dollars.

The calculation of expected surplus change brings up one additional is-

sue. Since attention is a binary variable that is randomly drawn (with a

known success probability), ∆E (CS)n is essentially a simulated outcome

that differs each time it is calculated. I mitigate the sampling error in the

procedure by calculating the change in expected surplus for 10,000 indepen-

dent draws of the binary attention indicator for each person and averaging

the result.

Given the estimates of the full model specification in Column 5 of Ta-

ble 4, the discontinuation of the synchronized switching policy results in a

consumer surplus decrease of $15.7 per person at the first contract anniver-

sary. Industry reports put the overall advertising expenditures in the 2011

campaign at around $5 per person. From a consumer protection point of

view, synchronized switching is therefore a good value policy.

Welfare changes, on the other hand, paint the dispersed switching pol-

icy in a better light. The consumer loss arising from the disappearance of

the campaign is a transfer to insurance companies, since people are highly

unlikely to stop driving because they are in an insurance policy that is per-

haps 10 percent more costly than what would otherwise be available in the

market.24 Once contract starting times become dispersed throughout the

year, mass advertisements will be less effective in reaching potential switch-

ers, and insurers will likely react by spending less on advertising. Finally,

fewer switchers also mean savings on contract administration fees. There-

fore, as long as people keep driving, the end to synchronized switching will

likely result in higher (unweighted) welfare, but markedly lower consumer

surplus.

7 Discussion

An important empirical question regarding consumer attention is whether its

allocation is optimal across decision problems. Using a natural experiment

created by a change in auto insurance regulation in Hungary, I show that

merely increasing the salience of a decision problem without transmitting

24One could argue that a driver who is attentive enough to consider not driving because
of high insurance fees would also be attentive enough to shop around for lower fees.
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relevant information has a large effect on people’s actions. Therefore, their

“choice” to ignore the problem when it was not salient must have been

suboptimal.25

There are a few caveats regarding the paper’s results. Technically, the

sample does not represent the entire population, or even the average driver.

It only contains people who have acquired a car in 2010 and 2011, and have

used a given insurance broker to choose a liability insurance contract. It is

not clear which way (if at all) the salience effect is distorted in the sample

relative to the whole population. On one hand, insurance brokers tend to

remind their clients of their switching deadlines, which would raise the non-

treated switching rate and mitigate the observed effect of the campaign. On

the other hand, recent car buyers are younger on average, and might be

more easily persuaded by the campaign to shop around.

Second, measurement error in prices could be a potential source of bias.

Although I took precautions to limit the sample to those contracts for which

I could calculate the observed price accurately, I could have still made mis-

takes regarding the prices of the non-chosen alternatives. Calculation errors

could have caused imputed prices to be more dispersed than they were in

reality, and therefore enlarged the estimated costs of switching. Robustness

checks in Tables A7 and A8 in the appendix suggest, however, that this

upward bias is limited; moreover, it does not noticeably affect the campaign

effect estimates.

Third, I only look at switching decisions in the first year of the new

regime. It is plausible that people learn from their mistakes over time and

the salience effect of the campaign will vanish.26 However, there are also

several counterarguments that paint a less optimistic picture. First, many

insurees are long-time participants in the system and should already be

well-informed about the potential gains to switching. Yet, I find minor and

non-systematic differences in the effect of the campaign on more experienced

25In a different context, Miravete and Palacios-Huerta (2014) separate the effect of
endogenous past experience and learning from the effect of pure inertia on tariff plan
switching decisions in a local telephone market in the U.S. The authors argue that while
inertia exists among consumers, it is likely caused by rational inattention to the switching
problem. My results, on the other hand, imply that it is not rational to be inattentive for
a large share of the population I study. If it had been, then simply raising the salience of
the switching opportunity should have had no effect on people’s decisions.

26Ketcham et al. (2012) find, for example, that seniors in Medicare Part D do reduce
overspending on prescription drugs from one year to the next.
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versus less experienced drivers: both benefit from the reminders to a large

extent. Second, many people have other types of insurance products (own

damage and theft for vehicles, home insurance) that work with the same

yearly insurance period structure and require similar 30-day notifications for

cancelling, but have never been synchronized in time. Despite the presence

of insurance brokers and price comparison sites, (unconditional) switching

rates in these markets are much lower than for auto liability insurance, and

insurer margins are higher. The likely implication is that people learn slowly,

if at all, from errors of omission.

The results of the paper suggest ways to think about policies to improve

consumers’ decision making in similar retail markets. Helping people judge

the expected benefits better by making an (unrequested) rough price calcu-

lation for all alternatives could be useful, for example. The coordination of

all switching activity into a single month in the synchronized regime is also

an effective idea, as the campaign effect estimates confirm. Requiring people

to start paying at least the first installment of next year’s insurance policy

before the switching window closes could help them concentrate on the deci-

sion problem.27 This policy suggestion is supported by Finkelstein’s (2009)

study, who found less tolerance for highway toll raises whenever drivers had

to pay by cash on the spot. Finally, a requirement to send a regulator-

designed information leaflet on contract switching along with the insurers’

announcement of next year’s continuation prices could make a difference as

well.28

8 Conclusions

I exploited a change in auto liability insurance regulation in Hungary to mea-

sure the causal effect of an advertising campaign on drivers’ propensity to

switch contracts. I showed that the campaign provides no decision-relevant

information to consumers, but increases the salience of the switching oppor-

tunity, which only matters if people are suboptimally inattentive to decision

making. My main result is that the media campaign has a large causal effect,

27Under current rules, the first installment is only due three months after the switching
deadline.

28In a field experiment, Adams et al. (2016) vary the amount of information and the
cost of switching to alternative savings accounts in the U.K. and also look at the effect of
reminders. They find a 3-9 pp increase in switching from a baseline of 3%.
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increasing switching rates by around 16 percentage points from a baseline

of 20 percent. The campaign’s effects are largely homogenous across drivers

and robust to a variety of specifications.

I also estimated a two-stage choice model on consumer switching, in

which switching costs and inattention influence switching decisions through

separate channels. I found that inattention to the switching opportunity

is widespread. 70 percent of people routinely ignore the decision problem,

while the campaign decreases the share of inattentive people to 40 percent.

Estimated mean switching costs are around $57, but the failure to account

for inattention would bias these estimates upwards by an order of magnitude.

Counterfactual simulations suggest that the salience-increasing effect of the

campaign is valued by consumers at $15 per person, while it costs firms

$5 per person in advertising expenses (and another $15 per capita in lost

profits).

The paper provides evidence that boundedly rational elements in deci-

sion making have a strong influence on consumer behavior, even in relatively

simple settings. The main cognitive requirement in the market the paper

considers is to provide basic information online for about 20-25 minutes,

pick the best deal from a list of otherwise homogenous offers, and not to

miss a deadline for doing all of this. Yet, a significant proportion of people

still pass up the opportunity to change contracts—unless they are strongly

reminded to do so—and leave sizeable financial gains on the table.
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A Additional estimation results and descriptive

statistics (for online publication)
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Table A1: Logit parameter estimates for the probability of switching at the
first anniversary of an insurance contract started in 2010 or 2011.

(1) (2) (3) (4)

Campaign in 2010
1.038∗∗∗ 1.047∗∗∗ 1.040∗∗∗ 1.337∗∗

(0.100) (0.102) (0.103) (0.677)

Campaign in 2011
0.985∗∗∗ 0.983∗∗∗ 0.992∗∗∗ 0.714

(0.092) (0.093) (0.094) (0.653)

Year fixed effect (2011)
-0.441∗∗∗ -0.151∗∗ -0.171∗∗ -0.159∗

(0.040) (0.060) (0.087) (0.088)

Switching benefit [$100]
0.655∗∗∗ 0.728∗∗∗ 0.741∗∗∗

(0.049) (0.069) (0.071)

Online client
0.739∗∗∗ 0.643∗∗∗ 0.672∗∗∗

(0.148) (0.152) (0.155)

2011ÖSw. ben. [$100]
-0.014 -0.085 -0.092

(0.073) (0.085) (0.087)

2011ÖOnline cl.
-0.390∗ -0.383∗ -0.389∗

(0.202) (0.206) (0.211)

Camp. 2010ÖSw. ben. [$100]
-0.073

(0.248)

Camp. 2010ÖOnline cl.
-0.624

(0.753)

Camp. 2011ÖSw. ben. [$100]
-0.285

(0.316)

Camp. 2011ÖOnline cl.
-0.371

(0.592)

Intercept
-1.169∗∗∗ -1.688∗∗∗ -1.260∗∗∗ -1.266∗∗∗

(0.029) (0.049) (0.147) (0.153)

Personal & vehicle controls Yes Yes

Contract & insurer controls Yes Yes

Campaign-control interactions Yes

Observations 17,138 17,138 17,138 17,138

Personal controls: age, gender, residence in the capital, risk score with
quadratic term. Vehicle controls: engine power, premium brand, bud-
get brand, fuel, vehicle age. Contract controls: initial premium, payment
method and frequency. Insurer controls: dummy for initially chosen insurer.
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Table A2: Logit average marginal effects on the probability of switching
at the first anniversary of an insurance contract started in 2010 or 2011.
(Sample with ±5% fee calculation error.)

(1) (2) (3) (4)

Campaign in 2010
0.169∗∗∗ 0.167∗∗∗ 0.163∗∗∗ 0.167∗∗∗

(0.015) (0.015) (0.015) (0.018)

Campaign in 2011
0.148∗∗∗ 0.145∗∗∗ 0.141∗∗∗ 0.129∗∗∗

(0.013) (0.013) (0.013) (0.015)

Year fixed effect (2011)
-0.047∗∗∗ -0.006 -0.019∗∗ -0.017∗

(0.006) (0.006) (0.009) (0.009)

Switching benefit [$100]
0.104∗∗∗ 0.098∗∗∗ 0.097∗∗∗

(0.005) (0.008) (0.008)

Online client
0.089∗∗∗ 0.072∗∗∗ 0.068∗∗∗

(0.014) (0.014) (0.014)

Personal & vehicle controls Yes Yes

Contract & insurer controls Yes Yes

Campaign-control interactions Yes

Observations 21,932 21,932 21,932 21,932

Personal controls: age, gender, residence in the capital, risk score with
quadratic term. Vehicle controls: engine power, premium brand, bud-
get brand, fuel, vehicle age. Contract controls: initial premium, payment
method and frequency. Insurer controls: dummy for initially chosen insurer.
Switching benefit and online client status are interacted with the year fixed
effect. Parameter estimates are available in the online appendix.
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Table A3: Logit average marginal effects on the probability of switching
at the first anniversary of an insurance contract started in 2010 or 2011.
(Sample with ±50% fee calculation error.)

(1) (2) (3) (4)

Campaign in 2010
0.170∗∗∗ 0.167∗∗∗ 0.165∗∗∗ 0.161∗∗∗

(0.011) (0.011) (0.011) (0.012)

Campaign in 2011
0.139∗∗∗ 0.134∗∗∗ 0.125∗∗∗ 0.121∗∗∗

(0.010) (0.010) (0.010) (0.012)

Year fixed effect (2011)
-0.037∗∗∗ -0.000 -0.016∗∗ -0.015∗∗

(0.005) (0.005) (0.006) (0.006)

Switching benefit [$100]
0.098∗∗∗ 0.086∗∗∗ 0.085∗∗∗

(0.004) (0.006) (0.006)

Online client
0.093∗∗∗ 0.075∗∗∗ 0.074∗∗∗

(0.010) (0.010) (0.010)

Personal & vehicle controls Yes Yes

Contract & insurer controls Yes Yes

Campaign-control interactions Yes

Observations 34,278 34,278 34,278 34,278

Personal controls: age, gender, residence in the capital, risk score with
quadratic term. Vehicle controls: engine power, premium brand, bud-
get brand, fuel, vehicle age. Contract controls: initial premium, payment
method and frequency. Insurer controls: dummy for initially chosen insurer.
Switching benefit and online client status are interacted with the year fixed
effect. Parameter estimates are available in the online appendix.
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Table A4: Logit average marginal effects with continuous treatment mea-
sures on the probability of switching at the first anniversary of an insurance
contract started in 2010 or 2011.

(1) (2) (3)

Overlap
0.110∗∗∗ 0.107∗∗∗ 0.103∗∗∗

(0.021) (0.021) (0.021)

Distance
-0.019∗∗∗ -0.019∗∗∗ -0.019∗∗∗

(0.001) (0.001) (0.001)

Switching benefit [$100]
0.098∗∗∗ 0.105∗∗∗

(0.006) (0.009)

Online client
0.089∗∗∗ 0.067∗∗∗

(0.016) (0.016)

Personal & vehicle controls Yes

Contract & insurer controls Yes

Observations 17,138 17,138 17,138

Personal controls: age, gender, capital resident, risk classification. Vehicle
controls: power, premium brand, budget brand, diesel, age. Contract con-
trols: initial premium, payment method and frequency. Insurer controls:
dummy for initially chosen insurer. Overlap is the fraction of a month for
which a switching window coincides with a campaign. Distance is the num-
ber of months between the end of a campaign and the start of a switching
window.
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Figure A1: Logit average marginal effects on switching insurance contracts
at the first anniversary, broken down by personal characteristics
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Figure A2: Logit average marginal effects on switching insurance contracts
at the first anniversary, broken down by vehicle characteristics
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Figure A3: Logit average marginal effects on switching insurance contracts
at the first anniversary, broken down by contract characteristics

43



Table A5: Structural choice model estimates with heterogenous insurer fixed
effects.

(1) (2) (3) (4) (5)

Switching cost ($)

Intercept
357.71∗∗∗ 51.55∗∗∗ 45.83∗∗∗ 64.83∗∗∗

(10.98) (5.41) (5.32) (6.05)

Attention

Intercept (2010)
-1.018∗∗∗ -0.795∗∗∗ -0.927∗∗∗ -0.829∗∗∗

(0.028) (0.043) (0.047) (0.050)

Intercept (2011)
-1.266∗∗∗ -0.785∗∗∗ -0.937∗∗∗ -0.869∗∗∗

(0.028) (0.063) (0.072) (0.071)

Campaign in 2010
1.147∗∗∗ 1.218∗∗∗

(0.118) (0.129)

Campaign in 2011
1.211∗∗∗ 1.302∗∗∗

(0.137) (0.150)

Fee increase
0.043 0.095∗

(0.046) (0.049)

Controls Yes

Log-likelihood -29,158 -29,076 -29,026 -28,894 -28,824

Observations 17,138 17,138 17,138 17,138 17,138

All specifications include individual-specific insurer fixed effects drawn from
uncorrelated normal distributions. The estimation was performed according
to the mixed logit procedure in Train (2003) with 25 random draws. Controls
include the following demeaned switching cost variables: age, gender, risk
score, residence in capital, payment method, engine power, premium brand,
budget brand, vehicle fuel and age, contracting channel.
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Table A6: Marginal effects on attention probability with heterogenous in-
surer fixed effects

2010 2011

Campaign
0.292∗∗∗ 0.311∗∗∗

(0.031) (0.036)

Fee increase
0.020∗ 0.020∗∗

(0.011) (0.010)

Baseline probability
0.304∗∗∗ 0.296∗∗∗

(0.011) (0.015)
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Table A7: Structural choice model estimates. (Sample with ±5% fee calcu-
lation error.)

(1) (2) (3) (4) (5)

Switching cost ($)

Intercept
353.74∗∗∗ 50.09∗∗∗ 49.06∗∗∗ 63.30∗∗∗

(9.62) (3.68) (3.70) (4.26)

Attention

Intercept (2010)
-1.040∗∗∗ -0.798∗∗∗ -0.872∗∗∗ -0.787∗∗∗

(0.026) (0.036) (0.042) (0.044)

Intercept (2011)
-1.214∗∗∗ -0.723∗∗∗ -0.788∗∗∗ -0.734∗∗∗

(0.023) (0.049) (0.056) (0.055)

Campaign in 2010
1.146∗∗∗ 1.199∗∗∗

(0.110) (0.117)

Campaign in 2011
1.091∗∗∗ 1.142∗∗∗

(0.113) (0.120)

Fee increase
-0.046 -0.012

(0.041) (0.042)

Controls Yes

Log-likelihood -40,520 -40,340 -40,262 -40,147 -40,028

Observations 21,932 21,932 21,932 21,932 21,932

All specifications include insurer fixed effects. Controls include the following
demeaned switching cost variables: age, gender, risk score, residence in cap-
ital, payment method, engine power, premium brand, budget brand, vehicle
fuel and age, contracting channel.
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Table A8: Structural choice model estimates. (Sample with ±50% fee cal-
culation error.)

(1) (2) (3) (4) (5)

Switching cost ($)

Intercept
367.06∗∗∗ 52.56∗∗∗ 50.54∗∗∗ 63.38∗∗∗

(6.68) (2.73) (2.73) (3.18)

Attention

Intercept (2010)
-1.058∗∗∗ -0.740∗∗∗ -0.842∗∗∗ -0.776∗∗∗

(0.019) (0.029) (0.034) (0.034)

Intercept (2011)
-1.207∗∗∗ -0.693∗∗∗ -0.799∗∗∗ -0.779∗∗∗

(0.020) (0.038) (0.042) (0.041)

Campaign in 2010
1.164∗∗∗ 1.196∗∗∗

(0.084) (0.088)

Campaign in 2011
0.939∗∗∗ 0.962∗∗∗

(0.084) (0.086)

Fee increase
0.002 0.034

(0.031) (0.032)

Controls Yes

Log-likelihood -66,837 -66,543 -66,381 -66,205 -66,007

Observations 34,278 34,278 34,278 34,278 34,278

All specifications include insurer fixed effects. Controls include the following
demeaned switching cost variables: age, gender, risk score, residence in cap-
ital, payment method, engine power, premium brand, budget brand, vehicle
fuel and age, contracting channel.
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Table A9: Sample means and Campaign - No campaign mean differences of
driver, vehicle, and contract characteristics (Sample with ±5% fee calcula-
tion error.)

Contracting year 2010 2011

No campaign ∆Campaign No campaign ∆Campaign

Age
40.848 0.613 40.217 2.015∗∗∗

(0.163) (0.624) (0.121) (0.513)

Female
0.336 -0.008 0.327 0.015

(0.005) (0.021) (0.004) (0.018)

Capital resident
0.146 -0.031∗∗ 0.150 0.005

(0.004) (0.014) (0.003) (0.013)

Years of driving
17.615 0.849 17.850 1.683∗∗∗

(0.145) (0.579) (0.111) (0.466)

Mean bonus grade
2.173 -0.050 2.432 0.080

(0.042) (0.162) (0.034) (0.142)

Power (kW)
67.868 -0.628 70.179 -1.661
(0.285) (1.128) (0.238) (1.027)

Vehicle age (years)
9.281 0.012 9.761 0.453∗∗

(0.057) (0.228) (0.047) (0.201)

Share of premium brands
0.077 0.003 0.082 0.011

(0.003) (0.012) (0.002) (0.011)

Share of budget brand
0.119 0.001 0.115 0.000

(0.004) (0.015) (0.003) (0.012)

Car dealership contracts
0.934 0.025∗∗∗ 0.924 0.010

(0.003) (0.009) (0.002) (0.009)

Payment by postal check
0.949 0.009 0.921 0.001

(0.002) (0.009) (0.002) (0.010)

Quarterly payment
0.946 0.017∗ 0.841 -0.044∗∗∗

(0.003) (0.009) (0.003) (0.015)

Insurance premium ($)
194.014 -1.315 137.463 -2.503
(1.079) (4.041) (0.562) (2.292)

Switching benefit ($)
68.254 6.779∗∗ 31.597 3.133∗∗

(0.605) (3.128) (0.362) (1.539)

Switching rate at Ann. 1
0.232 0.224∗∗∗ 0.185 0.172∗∗∗

(0.005) (0.022) (0.003) (0.018)

Observations 7,991 538 12,627 776

Standard errors are in parentheses.
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Table A10: Sample means and Campaign - No campaign mean differences
of driver, vehicle, and contract characteristics (Sample with ±50% fee cal-
culation error.)

Contracting year 2010 2011

No campaign ∆Campaign No campaign ∆Campaign

Age
40.763 -0.267 40.414 1.205∗∗∗

(0.105) (0.401) (0.101) (0.385)

Female
0.346 -0.008 0.335 0.011

(0.004) (0.015) (0.004) (0.014)

Capital resident
0.130 -0.029∗∗∗ 0.141 -0.009

(0.003) (0.010) (0.003) (0.010)

Years of driving
17.970 0.232 18.200 0.935∗∗∗

(0.095) (0.374) (0.092) (0.349)

Mean bonus grade
2.506 -0.213∗ 2.506 0.019

(0.031) (0.119) (0.030) (0.112)

Power (kW)
67.929 -0.198 70.094 -2.367∗∗∗

(0.200) (0.828) (0.202) (0.771)

Vehicle age (years)
9.076 0.222 9.475 0.490∗∗∗

(0.041) (0.161) (0.040) (0.153)

Share of premium brands
0.068 0.013 0.079 0.004

(0.002) (0.009) (0.002) (0.008)

Share of budget brand
0.113 0.003 0.113 0.010

(0.003) (0.010) (0.002) (0.010)

Car dealership contracts
0.927 -0.010 0.925 0.004

(0.002) (0.009) (0.002) (0.008)

Payment by postal check
0.935 0.013∗ 0.915 0.002

(0.002) (0.007) (0.002) (0.008)

Quarterly payment
0.942 0.008 0.839 -0.029∗∗

(0.002) (0.007) (0.003) (0.011)

Insurance premium ($)
171.190 0.041 136.011 -4.363∗∗

(0.727) (2.743) (0.478) (1.724)

Switching benefit ($)
68.024 4.559∗∗ 33.778 4.229∗∗∗

(0.487) (1.994) (0.307) (1.176)

Switching rate at Ann. 1
0.225 0.218∗∗∗ 0.190 0.158∗∗∗

(0.003) (0.016) (0.003) (0.014)

Observations 15,266 1,023 16,733 1,256

Standard errors are in parentheses.
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A.1 Insurer market shares

Table A11 shows the share of insurers in the baseline sample, broken down

by years and treatment categories. The Campaign and the No campaign

insurees are very similar to one another, with two caveats.

First, some insurers were relatively more successful in acquiring clients

from one of the two groups in the entire sample (that is, without the ±1%

restriction on price predictability, see Table A12).29

Second, the sample restriction based on insurance fee predictability changed

the market shares of insurers simply because some insurers’ fee structures

were more predictable than others’. Although most of the market share

changes were neutral across the Campaign / No campaign boundary, some

were not. In particular, the market share differences for Aegon, Allianz, and

MKB are an artifact of sample construction, rather than a sign of under-

lying differences in consumer choice. At the same time, the unequal price

predictability across insurers did not noticeably affect the campaign effect

estimates.

29The case of one insurer, Waberer, is somewhat special. The company was forbidden
by the regulator to acquire new clients between January 1 and April 15 in 2010 for failing
to comply with administrative regulations. Hence its 0% market share in the Campaign
group.
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Table A11: Market shares of insurance companies among car buyers in the
data

Contracting year 2010 2011

No campaign ∆Campaign No campaign ∆Campaign

Aegon
0.227 0.005 0.037 -0.030∗∗∗

(0.005) (0.021) (0.002) (0.004)

Allianz
0.036 0.009 0.295 0.092∗∗∗

(0.002) (0.010) (0.005) (0.021)

Generali
0.010 0.010 0.010 0.006

(0.001) (0.007) (0.001) (0.005)

Genertel
0.119 0.001 0.009 -0.001

(0.004) (0.016) (0.001) (0.004)

Groupama
0.129 0.052∗∗∗ 0.015 0.006

(0.004) (0.019) (0.001) (0.006)

K&H
0.070 -0.054∗∗∗ 0.114 0.006

(0.003) (0.007) (0.003) (0.014)

KOBE
0.011 0.021∗∗ 0.010 0.009

(0.001) (0.008) (0.001) (0.006)

MKB
0.000 -0.000 0.021 -0.018∗∗∗

(0.000) (0.000) (0.001) (0.003)

Posta
0.173 0.024 0.018 -0.000

(0.005) (0.019) (0.001) (0.006)

Signal
0.008 0.006 0.001 0.004

(0.001) (0.006) (0.000) (0.003)

Union
0.085 -0.031∗∗∗ 0.007 -0.002

(0.003) (0.011) (0.001) (0.003)

Uniqa
0.097 -0.007 0.007 0.008

(0.004) (0.014) (0.001) (0.005)

Waberer
0.035 -0.035∗∗∗ 0.004 -0.000

(0.002) (0.002) (0.001) (0.003)

Observations 6,498 443 9,626 571

Standard errors are in parentheses.
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Table A12: Market shares of insurance companies among car buyers in the
data (Sample with ±50% fee calculation error.)

Contracting year 2010 2011

No campaign ∆Campaign No campaign ∆Campaign

Aegon
0.454 -0.021 0.147 -0.021∗∗

(0.004) (0.016) (0.003) (0.010)

Allianz
0.038 0.005 0.184 0.002

(0.002) (0.007) (0.003) (0.011)

Generali
0.013 -0.001 0.008 0.001

(0.001) (0.004) (0.001) (0.003)

Genertel
0.061 0.007 0.007 -0.001

(0.002) (0.008) (0.001) (0.002)

Groupama
0.118 0.019∗ 0.018 0.004

(0.003) (0.011) (0.001) (0.004)

K&H
0.044 -0.034∗∗∗ 0.201 0.065∗∗∗

(0.002) (0.004) (0.003) (0.013)

KOBE
0.019 0.036∗∗∗ 0.032 0.034∗∗∗

(0.001) (0.007) (0.001) (0.007)

MKB
0.008 -0.000 0.069 -0.023∗∗∗

(0.001) (0.003) (0.002) (0.006)

Posta
0.108 0.018∗ 0.019 0.001

(0.003) (0.011) (0.001) (0.004)

Signal
0.011 0.000 0.012 0.023∗∗∗

(0.001) (0.003) (0.001) (0.005)

Union
0.047 -0.006 0.006 -0.001

(0.002) (0.006) (0.001) (0.002)

Uniqa
0.054 0.001 0.022 0.006

(0.002) (0.007) (0.001) (0.005)

Waberer
0.025 -0.025∗∗∗ 0.004 -0.001

(0.001) (0.001) (0.001) (0.002)

Observations 15,266 1,023 16,733 1,256

Standard errors are in parentheses.
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B Structural choice model with inattentive con-

sumers (for online publication)

B.1 Censoring

There is one complication in the estimation procedure, which results from

limitations in the data. Although I observe whether people switch insurance

contracts at the first anniversary, for the majority (∼ 88%) of switchers I

do not know which company they have switched to. This censoring is a

result of how the data is generated,30 and it can reasonably be assumed to

be independent of the (unobserved) choices themselves. As a result, the fact

that an observation is censored yields no additional information about which

non-default alternative was chosen, compared to what I already observe

about the alternatives.

The censoring slightly modifies the choice probability for a switching

decision, because I have to add up the probabilities of all the unobserved

choices. For a censored observation, I can only apply one of two choice

probabilities (switching or not), whereas for a non-censored observation, I

can pick from as many probabilities as there are alternatives to choose from.

Censoring is not an issue in the period 0 decision.

B.2 Aggregate choice probabilities

The probability of person n choosing contract j ∈ J0 at t = 0 is:

Pnj0 =
exp

(
αn
ν0
Xj − 1

ν0
pnj0

)
∑

i∈J0 exp
(
αn
ν0
Xi − 1

ν0
pni0

) (7)

where J0 denotes the set of all available contracting alternatives in the initial

period.

Putting together the observations from the two periods, we get the fol-

lowing expression for the aggregate choice probability:

Pn = Pnj00 · Pnj11 (8)

30People are free to choose among insurance brokers to conduct the administrative
process of switching on their behalf. When a person uses a different broker, I know that
she is switching contracts, but the new contract (and hence the identity of the insurer)
will not be in my dataset.
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where Pnj00 is given by equation (7) for the actual choice j = j0, and

Pnj11 = θn ·
exp

(
αn
ν1
Xj1 − 1

ν1
pnj11 − β

ν1
Znj11

)
∑

i∈J1 exp
(
αn
ν1
Xi − 1

ν1
pni1 − β

ν1
Zni1

) + (1− θn) · dn (9)

when an observation in period 1 is not censored, and

Pnj11 = θn ·

1−
exp

(
αn
ν1
Xj0 − 1

ν1
pnj01 − β

ν1
Znj01

)
∑

i∈J1 exp
(
αn
ν1
Xi − 1

ν1
pni1 − β

ν1
Zni1

)
 (10)

when an observation is censored. In the second case, all we know is that the

original contract was not chosen. In both equations, dn denotes whether a

person has chosen his default option, or not (dn = 1 for non-switchers, and 0

for switchers). Censoring automatically implies that a person has switched

contracts.

Taking the logarithm of expression (8) and summing over the individuals

yields the objective function of the maximum likelihood estimation proce-

dure. The log-likelihood function has a closed form and can be maximized

using standard optimization procedures.

C Data appendix (for online publication)

C.1 Data description

I received access to the contract level database of a mid-sized insurance bro-

ker in Hungary. In this section, I describe the cleaning and transformation

procedures I performed to arrive at my estimation sample.

Originally, the database contained around 360 thousand contracts, started

between 2007 and early 2013. For reasons detailed in the main text, my

identification procedure only uses contracts started in 2010 and 2011.

The data contained a fair amount of miscoding (e.g. of birthdates, vehi-

cle characteristics, etc.) Wherever these could be unambiguously corrected,

I did so. The rest of the records were dropped.

I further restricted my sample to contain personal vehicles (i.e. cars)

only, insured for personal use (and not as taxi or a rental vehicle, for ex-

ample). I dropped all drivers who had more than one vehicle insured to

their name via the insurance intermediary. Arguably, these people had dif-
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ferent incentives for choosing insurers and tracking contracts than everyday

drivers.

For partly similar reasons, I dropped contracts with the insurance com-

pany AIM. AIM was a successor of a troubled insurer (TIR) that went out

of business by 2010. However, one year later AIM ceased its operations as

well, forcing its customers to switch insurers whether they wanted to or not.

Since the market share of AIM in the sample is tiny (well below 1 percent),

its exclusion is not noticeable on the results.

I also excluded contracts in the M1–M4 risk categories. These drivers

had been found at fault in recent accidents. Since I have no information on

the date of the damage claims, the estimation of the alternative insurance

premia would contain considerable inaccuracy and hence worsen the quality

of the estimates.

One of the main discriminating factors in contract pricing is the power

of the vehicle’s engine, therefore I took special care to exclude potentially

miscoded values (beyond simply checking for numerical correctness). The

main source of confusion was that both the cylinder volume and the power

were recorded, measured in ccm and kW, respectively. In a non-trivial

number of cases, people mixed up the two, or only recorded one, but in the

wrong place. Some values were also suspiciously low or high. In the end,

I opted for excluding all cylinder volumes below 500 ccm and above 5,000

ccm.

In addition, I checked that vehicle power (in general mainly determined

by cylinder volume) is not an outlier given the size of the engine. Figure A4

plots the volume-power relationship seen in the data. I chose to exclude all

records that fell outside the red triangle.31

I further restricted the sample to contracts that were signed because

of a vehicle purchase. In theory, inheritance, re-introduction into traffic,

or operator change might also be exogenously-timed contracting reasons,

but they are of minor importance. I chose to exclude them to keep the

identification argument cleaner.

Finally, I dropped all contracts that had a deletion date of 9/24/2012

in the insurance broker’s database. An unusually large number of con-

tracts have been deleted on this—otherwise not particularly important—day.

31Note that the scale of the vertical axis hides most of the data points for which the
volume is incorrectly recorded twice (for the second time as power).
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Figure A4: Valid and excluded vehicle engine characteristics

There is a practical explanation: the broker company cleaned its database

of all contracts that became inactive at some earlier time without being

registered as such. Since the contract deletion date is the only information

that lets me observe switching and these contracts have uncertain deletion

dates, I excluded them.

Overall, the data cleaning resulted in 49,507 contracts starting in 2010 or

2011 as a result of a car purchase. As described in the robustness section of

the Appendix, I used various parts of this sample for my estimations, based

on the accuracy with which I could predict the observed initial insurance

premium of a given contract. I had three different samples: one with ±1%,

one with ±5%, and one with ±50% prediction errors. The sample sizes were

24,466, 31,220, and 47,867, respectively, including the contracts that were

discontinued before the date of the first anniversary. Excluding the first

year dropouts and the December contracts (for reasons detailed in the main

text), I had 17,138, 21,932, and 34,278 observations in each sample, the first

of which was used for all of my baseline estimations.
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C.2 Establishing contract switching

In the insurance broker’s database, contracts refering to the same person and

vehicle are not linked over time. However, drivers have unique identifiers

and I see detailed information about vehicles, which would enable me—in

theory—to track the contracts of a person over time and hence identify when

and to which insurer switching occured.

Although this method is somewhat imperfect in itself (similar cars might

be mistaken to be the same car), where it really breaks down is the high

dropout rate from the sample on switching. Since it is relatively costless to

switch to a new broker, or even to bypass them if one has already chosen an

insurer, people often switch contracts with the help of a different broker’s

online interface. In this case, the only feedback the initial broker receives is

a message from the driver’s insurance company that the contract has been

terminated. The termination date (as reported by the insurer) is recorded,

but the reason for termination is not.

In theory, contract termination might occur on any day. Contracts are

closed down when a vehicle is sold or taken out of traffic, or payments are

late by more than 60 days, for example. On the other hand, termination by

regular contract switching can only be dated exactly one year (or two, three,

etc. years) after the starting date of the contract. Since I observe both the

start and the end dates, I can conclude with relative certainty whether the

contract was closed down because of switching, or for some other reason.

Specifically, I examine the distribution of the recorded contract lengths,

defined as the termination minus the starting date, and look for bunching

around 365 days.32 Figure A5 illustrates the method for contracts started

in 2010 and 2011.

As the figure shows, the contract length distribution is relatively uniform,

save for the region around 365 days.33 The days on which contract ending

spikes are 363–366. I denoted these contracts as being terminated because

of switching. If a contract is shorter than 363 days, I consider it a “before-

anniversary dropout”. If it is longer, the person is a “non-switcher” at the

first contract anniversary.

I realize that this method is imperfect. It is possible that some switched

32I allow for some leeway in the recording of the termination date.
33There is also some bunching at whole months within the year (hidden by the scale of

the horizontal axis), which is most likely an artifact of some insurers’ reporting frequencies.
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Figure A5: Contract length distributions around 365 days for contracts
started in 2010 and 2011

contracts had a length of 368 days, for example, or that some cars were sold

on the 365th day of ownership. There are two reasons, however, why the

error is unlikely to matter. First, the number of misclassified contracts is

relatively small: if the scale of the vertical axis on Figure A5 were enlarged

to show all switchers, the number of non-switchers would be barely distin-

guishable from the horizontal axis. Second, the misclassification is likely to

affect January and non-January contracts the same way, and hence cancel

out in the comparison of the two groups.

C.3 Structure and calculation of the insurance premia

C.3.1 Risk categorization

People’s driving histories are recorded according to a regulated classifica-

tion method, called the bonus-malus system. For passenger vehicles, the

system contains 15 categories: M4–M1, A0, and B1–B10, in increasing or-

der. Everyone starts in A0. Driving for one year without causing an accident

increases one’s rating by 1 (from A0 to B1, say), and causing an accident

decreases it by 2 (from A0 to M2, for example).
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Ratings above B10, or below M4, are not allowed. If a person has been

uninsured for at least 2 years, or already has an insurance on another vehicle,

his rating can only be A0. Ratings characterize the drivers, not the vehicles,

and as such they are transferable across cars and across insurance companies.

Although price structures are complex, risk ratings generally enter the

pricing formulae as multiplicative terms. Drivers in B10 can expect to pay

about half as much as those in A0, whereas the penalty factors in M4 raise

insurance premia by 100-300% relative to A0.

C.3.2 Other pricing factors

Insurance companies use a host of criteria to set insurance fees. The most

common are the age and home address of the driver, the power and usage

of the vehicle, and the frequency and method of payment.

These pricing factors are complemented by several other discounts or

penalties, the use of which varies widely across companies. For example,

people might have a different insurance premium if they are a returning

clients, accept electronic communication means, have children (but not of

driving age), have been driving for a longer time, buy other types of insur-

ance products from the same company, and so on.

Insurance companies also employ a number of different methods to cal-

culate the final premium. Some insurers have tables with basic fees, which

are multiplied by the applicable discount factors and the risk rating. Others

have a score-system in which one first calculates the applicable discount or

penalty scores, adds them together, then looks up the corresponding basic

fees from scoring tables. Still others combine additive and multiplicative

discounts, use sets of discounts of which only one can be chosen, or put caps

on the overall discount relative to the basic fee.

C.3.3 Availability of price information

Insurers are required to announce their pricing rules and tables publicly at

least 60 days before they take effect. Before 2013, price setting was restricted

to calendar years by law, and hence the announcements were made on the

last day of October in the form of coordinated advertisements in two national

newspapers. In addition, own price tables and methodology are available on

each company’s website.
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The price publicity itself does not count for much, however, since it

would take an exceedingly long time for anyone to calculate their insurance

premia at all the companies on the market, due to the complexity and vari-

ability of the price setting methods. Even then, there would be considerable

uncertainty left whether one has applied all the pricing rules correctly.34

There are two alternative routes for shopping around. The first one

is to visit the local offices (or websites) of insurers, provide the necessary

information for price setting, and let the company staff (or server) carry out

the calculations. Since there are over a dozen companies on the market, this

is still a very time-consuming approach.

The second route involves the use of insurance brokers, many of whom

have both online and offline presence. They operate free price comparison

engines, so that one only needs to provide information once to see all quotes

on one page. If authorized, the brokers will also take care of all administra-

tive tasks, including the cancellation of existing contracts and the signing of

the new ones. For this service, they earn a percentage cut from the insur-

ance premia, paid by the insurers. The use of insurance brokers, therefore,

provides car owners with a relatively cheap way of shopping around. All

drivers in my dataset used an insurance broker when they originally signed

their contracts.

C.4 Insurance fee calculation

My dataset only includes the insurance fee in the first year of an insurance

contract. I do not know about the pricing of alternative offers that have

not been chosen, and neither do I have information on the actual fees in

subsequent years. Therefore I do not observe the monetary benefit (loss) of

a (non-)switching decision directly.

To estimate switching costs from observed choices, I need a good predic-

tor of financial savings from switching. I use the publicly available pricing ta-

bles of insurance companies, together with observed driver- and car-specific

information, to make a best guess of what the unobserved prices might be.

In this part of the data appendix, I explain my estimation algorithm in

detail.

34For some insurers, the public announcement of price setting rules is reminiscent of the
small print of legal contracts, as if the company did not actually expect consumers to use
the announcement itself to calculate prices.
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Table A13: Input data for insurance pricing algorithms

Status in data Usage Examples

Observed Common Driver age, residence, risk category; vehicle
power; contract start date, payment method
and frequency

Rare Year of driver’s license, retirement status; ve-
hicle age, fuel, brand

Unobserved Common Fault history, driver has young children
Fairly com-
mon

Driver is public servant, communication
means (email, mobile)

Company-
specific

Other insurance-contract with same com-
pany, special coupons, employment

Price setting algorithms are complex, partly relying on personal informa-

tion that is missing from my database. These missing pieces of data usually

refer to eligibility for special discounts, many of which are company-specific

and some of which are common across several companies.

Table A13 provides an overview of the type and availability of data used

for the determination of the insurance premia. As a rule, discounts might

run up to 20-30 percent of the baseline price, but often in a non-monotonic

manner. For example, there might be several discount categories worth 5-

15 percent of the baseline price, but the overall discount is capped at 30

percent. Similarly, penalties for recent faulty driving might increase the

baseline price by 30-50 percent.

This pricing structure makes it impossible to “reverse-engineer” the ap-

plied discounts even from observed fees in most cases. For example, a com-

pany might offer a 10 percent discount to both those with young children,

and to those who are public servants. Observing a 10 percent discount with

such a company does not allow me to infer whether a different company that

only recognizes young children, but not public servants, would offer a dis-

count to the driver. Moreover, caps might further mask the type of applied

discounts.

C.4.1 Calculation procedure

I estimated insurance fees for all drivers and all insurance companies in

three years: 2010, 2011, and 2012. Technically, the estimation involved
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the programming of insurance price calculators similar to those used by

online insurance brokers.35 To arrive at price estimates, I used all available

information in my database, and made “educated guesses” about what I did

not observe.

Specifically, I assumed that drivers took advantage of discounts applied

to communication means, which amounted to 2-10 percent of the baseline

price. Essentially, this means that they were willing to provide their email

addresses and mobile phone numbers to the insurance companies. I also as-

sumed that no penalties were applied based on recent driving history (usually

the past 3-5 years).

All other—mostly company-specific—discounts were set to zero during

the price calculation procedure.

C.4.2 Validation of calculated fees

Since have information on the initial insurance premia at the chosen insurer,

I can compare the result of my price calculation to actual data to get a partial

idea about the measurement error inherent in the process.

For each contract in the sample, I calculated the proportional estimation

error as the difference between the estimated and the actual insurance fee

divided by the actual insurance fee. Table A14 shows every 5th percentile

the distribution of these errors for various subsamples.

Each row in the table corresponds to the values of the given distribution

percentile in the different samples. A value of -0.08 at the top of the All

column means, for example, that my price calculation procedure made an

underprediction of 8 percent or more for 5 percent of all contracts. The

distribution in the All column is also shown graphically in Figure A6 in

more detail. The spike in the middle represents the baseline sample for the

campaign effect estimations.

Two observations about Table A14 stand out. First, about half of the

contracts’ fees are precisely calculated. Allowing for ±5 percent (about

±$6) error, almost two-thirds of the contracts have reasonably accurate

price estimates.

Second, the error distributions are essentially the same across all sub-

samples, most importantly across switchers and non-switchers. (The fees of

35Considering that the calculations involved historic insurance fees, I had no opportunity
to use currently operating price calculators.
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Figure A6: The distribution of proportional calculation errors in the initial
insurance fee

January contracts are calculated with slightly higher errors.) This fact is

important for my argument that restricting the estimation sample to those

people whose initial insurance premia are accurately calculated removes a

large part of the measurement error in the switching benefit variable without

biasing the estimation.
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