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I. Introduction

Does greater transparency in economic transactions enhance firm performance or does it hurt
incentives of workers and management due to increased tax payments and, as a result, adversely
affect performance of a company? The answer seems to depend on the institutional context. The
Russian economy since the start of the transition to a market economy has attracted a lot of
attention in the literature as a case in point, because it is a large and relatively sophisticated
“second-world” economy which, however, has been plagued by “third-world” government
inefficiencies and corruption. Another advantage of studying the Russian case is availability of
unique data, described in detail below, which allows researchers to obtain measures of the degree
of (non-)transparency of various economic transactions not readily available elsewhere.

In this paper, we analyze the relation between firm-level transparency and performance
by utilizing unique administrative data on earnings paid by the universe of Moscow employers to
their employees, matched to the market values of cars owned by the same employees.'

The identification strategy is based on the idea that in an economy characterized by wide-
spread hiding, earnings could easily be misreported but car values provide a good proxy for actual
earnings. We compare reported earnings to earnings estimated from car values for the same
individuals in a given company and construct “transparency scores” for all employers in our data
in a given year. We then employ firm fixed-effects to control for company-level heterogeneity,
which may be caused by company-specific preferences for cars (e.g., show-off consumption) or
other factors (ownership structure, sector of economic activity, etc). Thus, we utilize within-

company changes in transparency scores over time to examine how this affects reported

' While not all workers own cars, car owners tend to generally belong to the upper tail of overall earnings
distribution and thus disproportionately represent the most educated and productive part of the overall
workforce.



compensation of company employees versus actual take-home pay, which we proxy by values of
cars belonging to those employees.

We find that as a company becomes more transparent, car values of its employees tend to
go down even as reported earnings go up. Increased transparency thus seems to be associated
with actual wage losses for the employees of the companies that become more transparent and
vice versa. The estimated effects are large in magnitude; one standard deviation increase in
transparency is associated with more than doubling of reported incomes of company employees
but with a 15 percent decline in their car values at the same time.

To avoid a mechanical correlation of individual car values and reported earnings with
company-level transparency scores, which themselves are constructed from the data for car
owners in a given firm, we employ the split sample approach where we randomly split
observations for employees at each employer-year in two halves, and use one half to construct
company transparency score and analyze how that measure affects car values and incomes paid to
the employees from the other half of the sample.*”

We next examine if transparency changes differentially affect individual employees
depending on their position in the firm chain of command. We find that in large and medium
companies, employees positioned lower in the firm’s hierarchy carry most of the burden of
increased transparency; their car values decline more and reported incomes increase more (thus
creating higher tax obligations) when the transparency of their employer increases. At the same
time, we observe the opposite pattern in smaller companies. It thus appears that top management
in larger companies might have access to some means of protecting themselves from the negative

impact of increased transparency passing it through to lower-level employees.

* Similar split sample approaches are widely utilized in labor economics where individual level data are
more readily available: see e.g. Angrist and Krueger (1995), Currie and Yelowitz (2000). To the best of our
knowledge this is the first paper to apply similar methodology in the context of financial economics.

} Using such split sample approach we implicitly assume that there are no peer effects in demand for cars
for employees in the same company. In a robustness section we show that our results are robust to potential
presence of peer effects in demand for cars.



We also look at worker turnover. As a company becomes more transparent, exit rates of
its employees go up while the rate of new hires declines and those that are still being made tend
to be of “lower” quality; that is, new hires tend to have lower market values of cars, and are likely
to be positioned lower in the firm hierarchy of earnings. Thus, consistent with changes in actual
earnings of remaining employees, firms experiencing increases in transparency appear to have
trouble retaining existing and attracting new human capital, especially human capital of higher
quality.

We perform a number of robustness checks, including allowing for a flexible income-car
value relationship, limiting the sample to male car owners only, removing top tier of
management, allowing for peer effects in demand for cars, and so on and confirm that the results
remain qualitatively and quantitatively the same. We also check our findings by employing an
alternative firm-level transparency measure proposed by Mironov (2013) in lieu of our own, and
find similar results.

This paper is closely related to a growing literature on the role of tax evasion and/or tax
avoidance in firm performance and value. Lower tax obligations may improve incentives,
especially for those with high-level human capital, which could lead to higher productivity. More
recently, the literature has focused on the agency aspect of this issue by recognizing that lower
transparency could also lead to managerial diversion (Desai and Dharmapala, 2006; Desai, Dyck
and Zingales, 2007). Desai and Dharmapala (2009) find that the effect of hiding on firm
performance is a function of firm governance — better governed firms appear to benefit from
avoiding taxes but in poorly governed firms managerial diversion tends to more than offset the
effect of saving on tax payments. In a related paper, Mironov (2015) constructs a measure of
corruption of firm executives and finds that more corrupt executives tend to deliver better
financial performance for their firms using the data reported by companies located in Moscow.

In our data, we also find that on average all companies tend to gain in terms of being able

to offer higher actual earnings to their employees (while reducing their reported earnings at the



same time) when transparency decreases. Moreover, using our individual-level dataset, we can
take the investigation one step further by looking also at the distribution of costs of higher
transparency within the company, and also what happens to inflows and outflows of human
capital in response to transparency changes. We find that in large companies, rank-and-file
workers bear a disproportionate burden of positive changes in transparency and that, most
critically, firms can attract better human capital by becoming less transparent. This insight is
closely related to Shleifer (2004) who argues that under certain institutional conditions,
competition destroys ethical behavior (incentives to be transparent in our case). Our empirical
findings also resonate well with findings using data from other countries with similar institutional
environments, for instance China (Cai and Liu, 2009).

Past literature often relied on survey data to investigate whether lower taxes result simply
in higher transparency of reported incomes or also lead to higher work incentives and higher real
incomes (e.g., Ivanova et al., 2004; Gorodnichenko et al. 2009). In contrast, in our study we use
administratively recorded micro-data, allowing us to avoid potential problems with survey
respondents (see e.g., Hurst et al, 2013) as well as focus on specific employer-employee
relationships. As a result, we find more conclusive evidence than was possible before, that
lowering tax obligations may have a positive impact on workers’ incentives and actual earnings.

This paper also adds to the literature on the relationship between hiding and firm
performance more broadly (see, e.g., Djankov et al., 2003, Johnson et al., 2005). Other things
equal, hiding increases resources at the disposal of private agents and should lead to higher
private incomes and profits. But other things may not be equal. Just as the agency problem at the
firm level, large-scale hiding reduces the tax base and may cause deteriorating law and order
(Acemoglu, 2005). Non-transparent contracts are also difficult to enforce leading to penetration
of ordinary economic transactions by organized crime (e.g., Braguinsky, 1999). In many
institutional contexts economic activities are hidden for a reason, however; the benefits of using

the formal system might be very low, government behavior might be extremely predatory, and



conducting economic activity in the open would lead to even bigger losses (Frye and Shleifer,
1997; Shliefer and Vishny, 2002). Our data allow us to quantify the afore-mentioned relationship
by utilizing a direct measure of hiding, something that is rarely available to an econometrician.
The rest of the paper is organized as follows: Section II provides the description of the
data and outlines empirical methodology. Results are presented in section III. Section IV contains

robustness checks. Section V concludes.

I1. Data Description and Empirical Approach

2.1. Data

In our analysis we use employer-employee matched dataset on reported earnings and car
values of all Moscow residents, which was compiled from the following two sources.”

The first data source is administrative databases containing the universe of reported
incomes filed by all officially registered employers and other income-generating sources in the
Russian capital city of Moscow for five years, from 1999-2003. These databases became
available around 2004 as a result of a historical episode, which placed them in the public domain,
accidentally or through a leak is not quite clear. In any event, today, more than 10 years after
these data first appeared in the public domain, they clearly possess only historical and research
value, and have been widely used in this capacity by academic researchers (see e.g., Guriev and
Rachinsky, 2008; Mironov, 2015; Braguinsky and Mityakov, 2015).” No government agency has
admitted that the data were leaked, but Russian government officials are aware of the usage of

these data by researchers and journalists and have publicly discussed policy-relevant conclusions

* This is the same dataset as used in Braguinsky and Mityakov (2015) so the following description is based
on their paper.

> The data are still available in the public domain (e.g., as we wrote this paper, a Russian web site
http://www.rusbd.com that had been up and running for many years offered these data on 3 DVDs for a
symbolic price. See also http://www.rusbd.com). We do not use the 2004 dataset, which is also available,
because the spread of consumer credit in Moscow that started that year could interfere with our
identification strategy.




of the analyses based on such data (see Mironov and Zhuravskaya (2016, pp. 5-6) for more
details).

Even though the data were procured from the public domain and are historical, in the
sample used for the purposes of this paper, we have removed all individual- and employer-
identifying information after using it to match the earnings data to car ownership and to retrieve
information from open sources about employer’s sector of economic activity and the type of
ownership. These data (with individual- and employer-identifying information removed) as well
as program codes are available to anyone who might want to replicate our findings, while the data

bases themselves can be purchased from the above-mentioned web site www.mos-inform.com

We used individual-identifying information contained in the data to match the same
individuals across income databases in different years. The on-line Appendix 1 explains the
matching procedure and also provides more details about the number of individuals matched
across various years. Braguinsky and Mityakov (2015) and Braguinsky et al (2014), who use the
same dataset, discuss the validity and representativeness of the sample in more detail. They
compared summary statistics on reported incomes in different sectors of economic activity to
official Moscow labor statistics as published by the Russian government statistical agency Rosstat
(www.gks.ru). The match was quite close. We repeat their results from this comparison in Table
A10.1 in Appendix A10.

The second data source is the 2005 auto registration database, also available in the public
domain, which contains full vehicle histories, including retrospective data on past owners. We
used the vehicle identification number (VIN) to trace its history of owners. We eliminated all
vehicles owned not by individuals, as well as large trucks, mini-buses, motorcycles, and other
non-passenger cars (even if registered in the names of individual owners). We then used make,
model, and year information to impute the market value of the car in a given year, according to a

standardized procedure described in the on-line Appendix 2.



Individual-identifying information contained in the auto registration database was used to
match car owners to their income and tax records in the income databases described above. In the
main analysis, we drop the bottom 20 percent of observations with the lowest market value of the
cars (about $1,200 or less) out of concern that such old and highly depreciated cars could not
serve as a proxy for true earnings for the period in our data. We conducted robustness checks that
did not impose this cutoff and the estimation results were similar (or, in fact, stronger).

Even though we are thus reasonably confident that the remaining data include, for the
most part, legitimate companies and sources of income, in the statistical analyses below we take
some extra steps to eliminate potential problems from including car owners with income sources
unrelated to legitimate employment. First, we exclude observations on earnings that were below
the official minimum wage in any given year (5-7 percent of observations, depending on the
year). We also exclude car owners whose reported earnings exceeded the equivalent of $100,000
in any given year (less than 0.3 percent of observations) out of concern that the link between
earnings and car values may be problematic in such cases. Our sense is that in the vast majority of
the remaining cases we are looking at regular (middle class) car owners whose main source of
income is legitimate employment (although possibly with a large fraction of unreported wages).

Summary statistics for all individual level variables used in the analysis are reported in Table 1.

2.2 Measuring Transparency.

As already mentioned, our approach to measure transparency at the individual level starts
from the observation that it is relatively easy to misreport earnings, but it is costly to drive an
unregistered vehicle.® This difference is the key to our identification strategy, which employs
matched administrative data on wages and car values to measure hidden earnings. We assume

that employers pay a certain fraction of true economic earnings of their employees in “black

® Moscow police routinely conduct traffic stops to check the paperwork. Unregistered vehicles may be
impounded and can be recovered only after paying a fine and producing the registration document.



wages,” either explicitly (in envelopes) or implicitly (as in cases of employee theft or side jobs
using workplace facilities and working time).

Specifically, let employee i’s earnings at time t working in firm j be reported in the

amount of Eﬁ =" E”

i» Where E*; are true economic earnings and !j; is the fraction
reported. The index j=j(i,t) denotes the firm for which individual i worked in period t. To simplify
notation, we suppress the dependence of firm identificator j on the arguments (i,t) where this does
not cause confusion. The fraction !;j; may depend on a range of individual-specific

W

i1» as well as firm-level

characteristics, such as age, gender, position in the firm’s hierarchy X

(time-varying) transparency, which we denote Tj;. Finally, there might be time effects in reported
earnings caused, for example, by institutional changes in the whole economy: "i(t). Thus, we
consider the following specification for reported earnings:

INES =INE*,, +T;, +gX) + #(1) + u) 0

it
Firm-level transparency scores Tj; will be the main explanatory variable in our analysis.
We want to analyze how changes in this measure translate into changes in firm performance.
Obviously one cannot use regression (1) to estimate transparency scores, Tj; since actual earnings
E* are not observed.
In order to measure transparency at the firm level we bring additional information in the
form of car values of employees. Namely, we consider the following log-linear relation between

car values C and actual incomes E*:
2 ©)) 2)
InC,, = fj +AlnE* +0,X{ + ¢, (D) + Uy (2)
This formulation assumes that the demand for cars depends on actual income E* with a

constant income elasticity of demand #’ We also allow the demand for cars to depend on

7 We relax the assumption of constant elasticity in robustness section 4.1.



individual-level observables X (age, gender) and time fixed effects ",(t). More importantly, we
allow the demand for cars to differ at the firm level by including firm-level fixed effects fj.

These fixed effects absorb all differences in car ownership stemming from the factors that
are constant for a given company: ownership, sector of economic activity, etc. In particular, this
formulation allows for car tastes (due, e.g., to differences in the show-off culture) to be different
across different firms.® What we assume is that such tastes do not change from year to year for
employees who are continuously employed by the same firm. Thus, our identification comes from
the fact that the fraction of reported earnings depends on changes in transparency T;; over time
for a given company, but the demand for cars by the employees who stay with the firm, while
potentially different for different companies, is not (immediately) affected by changes in
transparency.’

In order to calculate employer-level transparency scores Tj;, we use equation (2) to

substitute for unobserved actual earnings E*;; :
rR_1 %) 3
In E =;InCi’t +Tlet + 05X +¢5(t) + Uy, 3)

where X(/i) is the union of individual level characteristics X?%t) and X?‘Zt) from income
underreporting and car demand equations (1) and (2) respectively, gi=g-(1/#)g,, "3(1)= "3(1)-

(1/#) "), Uy =ul " (/AU and £ = /",

Unfortunately, in general estimation of equation (3) is likely to produce biased estimates
since car values are correlated with part of the error term. For the same reasons a reverse
regression with reported income as an explanatory variable will produce inconsistent estimates as

well. However, if the value of income elasticity of demand # is known, we can estimate the

¥ In a robustness check when we include individual X employer fixed effects we effectively control for
individual specific preference for cars. Identifying assumption in that case is that individual demand for
cars does not change in the timeframe of our analysis (5 years).

? Car demand is still allowed to change over time responding to general economy wide shocks "(t).
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transparency of earnings score Tj; for employer j in year t by using the following regression

equation'’
1
In EiF,i _zlnci,t =f,+T,, +g X, +o(t) +u,. 4)

In the empirical analysis below we employ the value of #<0.35 as estimated in
Braguinsky and Mityakov (2015). There the authors used a subsample of employees of foreign
multinationals from Western countries assuming that in those cases earnings are unlikely to be
falsified and estimated # from equation (2). We also conduct robustness checks with respect to
different values of elasticity and consider more flexible specification where income elasticity is
allowed to vary over income range in robustness Section 4.1.

To sum up, we estimate transparency score T;; as employer j X year t fixed effect from
regression (4). Note that firm-level fixed effects fj and year fixed effects "(t) are absorbed
(spanned) by firm-year fixed effects Tj;, so some normalization is required. Namely, we estimate
regression (4) with firm x year fixed effects and individual level controls X. We then calculate Tj;

as the mean income-car gap net of contribution of individual level controls:

-1 D (ln ER ——InC ~§X,, (5)

J t (i,1)€]
where the sum is taken over all employees i of company j in year t, N;; is number of employees in

company j in year t, and  is the estimate of g’.11

% In this and later regression equations we will be omitting superscripts for disturbance terms u, fixed
effects fj and "(t), coefficients g, characteristics X, etc to simplify notation.

11 A simpler (though less theoretically motivated) approach would be to use average by company-year
income-car gap as a measure of transparency (i.e. set g=0 in equation (5) above). This amounts to assuming
no effect of changes in composition of workforce of a given company on demand for cars. Given that car
preferences might differ by gender and age, the changes in gender and age structure of the company’s
workforce would result in automatic changes in thus defined transparency measure. Still we performed
estimation with this alternative transparency measure and found similar results. See Appendix 6.1.

11



2.3. Estimation framework and the split sample approach.
We turn now to examining the relation between different individual level outcome

measures Yj; and transparency measure Tjy.

Y = fj +U AT HEX +$, (6)

Since transparency measure Tj; calculated in (5) would contain both time fixed effects
“(t) and firm fixed effects f;, we always include year fixed effects to partial out the impact of
aggregate time shocks. We also include firm-level fixed effects to control for constant firm-level
factors. Thus, our identifying variation comes from the variation in Tj; within companies over the
years and our coefficient of interest, $, can be interpreted as the change in outcome measure Y
when a given company transparency Tj; changes by one unit.

In the results section below we analyze the impact of transparency on reported earnings
of employees of a company. We also go beyond the reported measures and look at the impact of
transparency on individual-level outcomes from our employee-employer matched dataset, which,
we argue, could be more appropriate measures of actual take-home pay received by employees
and their productivity: car values of employees. We also study the impact of transparency on
human capital flows in and out of companies as well as the differential effect of transparency
depending on individual position within the company.

A potential problem with implementing direct estimation of equation (6) for car values
(and reported incomes)'? is that instead of actual transparency Tj; we use transparency measure

'pj’t, which is constructed on the basis of car values and reported incomes data according to (5).

Hence, 'pj’t will be correlated with the individual disturbance term from car demand equation

(2)". People experiencing positive car demand idiosyncratic shocks ui(’f) would have a negative

2 Here we focus the discussion on car values since this measure of actual take-home pay is of primary
interest to us. Similar estimation issues arising in the case of reported earnings can be also solved by the
split sample approach discussed below.

P In its simplest form (when g=0), our estimate of T from equation (4) could be thought as average

12



contribution to their company measured transparency P ., which would automatically impose a

e
negative correlation between thus computed transparency scores and car values. Such correlation

will be smaller the larger the company is (since individual contribution will be diluted by

contributions from other employees) but could still bias the results.
In order to avoid such automatic correlation between constructed transparency score 'pj’t

and car values we use the following split sample OLS (SS OLS) approach.'* Specifically, we split

the sample of employees at each company randomly in two halves (Sample 0 and Sample 1) and
calculate two transparency measures for each company in each year YA’J(.? and f"flt) based on

Samples 0 and 1, respectively, according to equations (4) and (5).
Namely, let S(i)%{0,1} denote the sample to which individual i is randomly assigned (we

keep assignment constant for each given individual, so sample assignment i) does not change

over time for a given individual i) and define 'q't() for K=0,1 as

L %nEfft "i'”Cm " g“’xmz, K =01. (7)

where the sum is taken over individuals i working for firm j in year t who happen to be assigned

to sample K, N®) is number of such individuals, and §) is estimate from regression equation
p it g q

(4) on sample K only.

income-car gap [N Eili =1/"InC,

RE
Bo= T oM +@WN; ) Yul.

(ILDE]
' Similar split sample methods are widely utilized in labor economics fields, partly because of availability
of individual level datasets (see e.g. Angrist and Krueger (1995), Currie and Yelowitz (2000)). Our
employee-employer matched dataset allows us to apply the similar methodology here.
1% Since car is a durable good, for the same individual car values (and disturbance term) might be correlated
over time, hence we randomize an individual between the subsamples only when he first appears in the
company and keep him in the same subsample after that.

for a given company | in a given year t. Hence,
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We then regress car values of people in sample K, K=0,1 on transparency scores
computed from car values (and reported incomes and individual characteristics) of individuals
assigned to sample 1-K, K=0,1:

INC, = f, + ST +089X;, + %t) +u,,i & SampleK, K =01. (8)

Thus, we analyze how changes in transparency (measured as individual characteristics
adjusted income car gap) of one half of a company’s employees affect changes in car values of
the other half of the same company employees. The identifying assumption behind such split
sample approach is that idiosyncratic shocks hitting car demand of different employees in the
company are uncorrelated. Since we include firm-level fixed effects (and in some specifications
even individual x firm fixed effects), we control for firm-level unobservables that might affect
both car values of one half of company employees and transparency measured from the other half
(e.g., proximity of the office to public transportation, company-level culture of showing off in
terms of buying fancy cars, or a technological need for cars if those are required on the job,
etc.).'

One can also combine regressions (9) for both samples and improve estimation efficiency

by imposing the restrictions that $’s are the same in both samples. Namely, consider

.
- :éﬁt,l # sample0 o
j.t 0) :
&PY,i # samplel

and then use it as a transparency measure in the regressions for car values and reported incomes.
— " (1#(i))
INC, = f; + "o B +oK +9%6t) +u,. (10)
Such split sample OLS approach avoids correlation between disturbance in the car

demand equation and constructed transparency score. However, these estimates might still be

'® Such baseline formulation effectively assumes that there are no peer effects in demand for cars. In
robustness section 4.3 we relax this assumption by allowing for individual i car values to depend on car
values of his/her co-workers.

14



affected by (finite sample) measurement error contained in the transparency scores 'pj’t, which

could lead to attenuation of the estimated effects.'’

To correct for such measurement error, we use the following split sample instrumental

variables approach (SS IV). We use 'q't() as explanatory variable for car values in sample K but

instrument it with transparency computed in the other sample 'IA'j(lt AR
INC, = f, +"(IT + X, +$(t) +u, i %SampleK, K =01, (11)

it
where T](lt *)is used as an instrument for ﬁf)

Again we can use combined estimation of regression (11) by considering 'F{?(i» as an

. . . . . . . -ﬁl (i) 18
explanatory variable in the regression and instrumenting it with F} (see (9) above):
— w (S(0)

InC, =f, +", T, +0K, +$(t) +u,,, (12)
where P 5D is ysed as an instrument for 'Fx-s(i», which is given by:

)it J,t g Yy

150 _gﬁfi’,i " sample0
g samplel |

(13)

We use split sample OLS and IV approaches in our estimation of the impact of
transparency on car values in results section 3.1 below to avoid correlation between individual

. . . 19 . .
disturbance term in car demand equation and computed transparency score. ~ This correlation

"7 Such measurement error and the resulting attenuation bias are likely to be most severe for smaller
companies, which have also less car owners. Hence, we also reestimated split sample OLS specifications
(9) and (11) omitting smaller companies and confirmed that indeed point estimates went up as a result by a
factor of 3.

'8 Alternative approach to split sample would be to compute transparency score for each individual by
looking at car values and incomes of all other employees in the company except him. The results of such
estimation are similar to the ones presented. This approach, however, does not allow to correct for
measurement error as we do in split sample IV regressions.

19 Split sample approach cannot correct for firm-level measurement errors in incomes and cars. However,
our car values data come from DMV records, which are completely unrelated to individual employment
records. Hence, measurement error in car values is unlikely to be correlated across individuals within the
same company. Our data on employee incomes comes from tax authority data, so any systematic
“mistakes” in reporting of incomes at the company level is likely to represent tax evasion. Any
mismeasurements in individual employee incomes (e.g. due to genuine mistakes by the company

15



does not pose a problem, and thus split sample correction is not necessary, in job turnover
outcomes results presented in section 3.2 below. Measurement error might still lead to attenuation
bias in those specifications, so together with regular (i.e. non split sample) OLS we discuss split

sample IV results as well.

I11. Results

3.1. Transparency and actual performance

In order to assess the real impact of transparency on performance of companies we need
some measure, indicative of firm actual performance, which is unlikely to be misreported. When
discussing our identifying assumptions, we argued that while incomes maybe misreported, car
values are likely to be reported truthfully. Indeed, the costs of not properly registering a vehicle
are fines or bribes that have to be paid to traffic police officers, which routinely stop vehicles
even in the absence of traffic violations. On the other hand, benefits of not properly registering a
vehicle are likely to be close to zero, as tax collectors at that time did not use ownership of
expensive vehicles as a flag for an audit.”® Hence, one can assess changes in actual firm
performance by evaluating changes in well-being of company employees as proxied by changes
in their car values.

To analyze this, assume that actual incomes E* depend on transparency T:
INE* =1, +".T, +g#, + () +u,. (14)
Here we continue to include company (f}) as well as time ("(t)) fixed effects. If one were to

estimate a regression for the impact of transparency on any reported performance measure (such

accountant or tax office representatives) are likely to be idiosyncratic and as such will be corrected by the
split sample approach. I would like to thank an anonymous referee for pointing this out.

%% Such attempts are only (very slowly) being introduced now and target primarily high-ranked government
bureaucrats.
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as reported incomes of employees or company revenues) one would confound the effect of real
performance change due to increased transparency with better reporting effect (see equation (1)).

To disentangle better income reporting from real performance effect we consider car
demand equation (2), which depends on actual rather than reported income. Substituting (14) into
(2) yields:

INC,, = f, +"AT,  +0%; + %) +u,,. (15)
Thus, in order to assess the effect of change in transparency on actually received incomes one can
regress car values on company level transparency scores Tj.

As we discussed in empirical approach Section 2.3, transparency score '.pj’t, which is
calculated from car values (see (5)), will be automatically correlated with the individual
disturbance term Uj;. In order to avoid such automatic correlation, we follow split sample
approaches outlined in empirical approach section 2.3 above.

Table 2 presents split sample OLS (equations (8) and (10)) and IV (equations (11) and
(12)) estimates in columns 1-3 and 4-6 respectively. We perform estimation for samples 0 and 1
separately: equations (8) and (11) in columns 1, 2, 4 and 5; as well as use combined estimation:
equations (10) and (12) in columns 3 and 6.

We restrict the sample to individuals who remained employed with the given company
from the previous year to avoid measuring the effects of changes in the composition of workforce
(which may bring in different car preferences in particular). We call such people “stayers.” We
look at the sample of people moving between employers in later sections.

Results presented in Table 2 indicate that an increase in transparency of a given company
is associated with a decline in car values of its employees. Hence, employees in companies
becoming more transparent seem to be actually worse off in terms of actual take-home pay as

their employers start reporting their wages more transparently. OLS estimates suggest somewhat

moderate effects: 2-3 percent decline in car values (which translates into 6-9 percent drop in
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actual incomes given the baseline value of income elasticity of demand).”' Consistent with
measurement error story IV estimates are considerably (around 8 times) larger suggesting more
than a 15 percent decline in car values for a one standard deviation increase in transparency (by
1.79).

Note also that estimated effects we get from each of the split samples are quite close to
each other and to the effects estimated in combined specifications. Thus, for the remainder of the
paper we report the results for such combined split sample specifications.

To contrast the effects of transparency on car values vs. reported incomes we also
consider similar split sample OLS and IV specifications for reported incomes in Table 3. Note
that while coefficients in car values regression reflect (income elasticity adjusted) effect on actual
incomes, coefficients in reported incomes regressions would combine the effect of change in
actual wages due to transparency together with the effect of better income reporting. Indeed, our
results for reported incomes suggest that as transparency of the company increases incomes of
employees tend to go up considerably. OLS specification suggests 17(=1.79*0.9) percent increase
in reported incomes, while IV effects are again 7-8 times larger.

We thus document a novel pattern, which seems to be absent from previous literature on
corporate finance. As transparency of a company increases, actual incomes of its employees seem
to be going down (as indicated by the decrease in their car values), while reported incomes tend

to go up at the same time.”**’

! We present effects for different values of income elasticity of demand as well as for more flexible
piecewise log linear specification in Robustness Section 4.1.

22 We also re-estimated both OLS and IV specifications by including more stringent individual X employer
fixed effects to control for possible variation over time in individual level heterogeneity across companies
and found similar results with somewhat smaller magnitudes. Again we find that for a given individual who
stays employed in a company reported income increase while car values decrease when the company
becomes more transparent. Estimates are relegated to Appendix 7.

> At the suggestion of an anonymous referee we also conducted estimation while including sector of
economic activity X year fixed effects to account for sector specific shocks that might affect both
productivity and transparency at the same time. The results were qualitatively similar and even somewhat
larger in magnitudes. See Appendix 9.
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These patterns seem to suggest that as the company is forced to become more transparent
(e.g. due to an audit by the tax authorities) it has to increase the reported incomes of its
employees. However, actual incomes decline due to higher tax obligations on such higher

reportedincomes, which is pronounced in lower car values.

3.2. Distribution of transparency costs within the company

In the previous section, we argued that as a company’s transparency increases, its
employees on average lose in terms of actual incomes they receive. In this section, we dig deeper
into the issues governing the distribution of those losses across different categories of employees
within the company. Do all employees equally share the burden of having more of their earnings
officially reported or does the burden disproportionately fall on lower-level or on higher-level
employees?

Our data allow us to make these comparisons because we have a measure of individual
positions in the firm hierarchy of earnings. This measure is based on the following simple idea.
While reported earnings are often falsified, their relative magnitudes for a given company still for
most part correctly reflect individual positions within the firm’s chain of command. In other
words, it is highly unlikely that a top manager will have a reported salary less than a rank-and-file
worker (in particular, this would be a red flag that might trigger an audit). Hence, even we may
not know their true absolute earnings, we can still identify workers’ placement in firm hierarchy
by their relative percentile in the within-firm earnings distribution. Therefore, we can estimate
whether the effect of changes in transparency is different for top management versus rank-and-
file workers. We present the estimation results of the following regression using the split-sample

IV specification in Table 4.

InC, = f, + /J’Tj(.f”” +yPct,, x T;f”” +6Pct,, +gX,, + (1) +u,,, (16)
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where Pcf; is the individual percentile in employers earnings distribution in year t and Tj(i_s(i))

and Pct " Tj(’lt#s(i)) are used as instruments for Tj(f(i)) and Pct " Tj(f(i».

Looking first at all companies, the coefficient on the interaction term between
transparency and the individual position within the company is negative for car values regression,
and positive in reported income regression. This indicates that as transparency goes up, people
positioned higher in the chain of command experience higher increase in reported incomes while
they see larger declines in their car values. These patterns, however, mask interesting
heterogeneity of the effects by firm size. In columns 3-8 of Table 4 we estimate the impacts
separately for small (<200 employees), medium (>200 but less than 2000 employees) and large
(>2000 employees) firms.

We find that in smaller companies individuals positioned higher in the firm’s chain of
command are indeed hurt more in terms of car values than lower-level employees, while at the
same time reported incomes in the former category increase relatively more than in the latter
category. However, those patterns are completely reversed for medium and larger companies.
Workers positioned higher in the chain of command of larger companies seem to be losing less
(in terms of their car values) than lower-level employees when transparency goes up. In contrast,
their reported incomes go up less in percentage terms than incomes of lower-level employees.

We conjecture that in larger companies, top management have access to some means of
shielding themselves from the undesirable effects of increased transparency and pass through
these effects to lower-level employees, while in smaller companies higher-level employees seem

to be the ones who bear most of the cost of higher transparency.

3.3. Evidence from Movers

In our analysis of the relation between firm transparency, on the one hand, and earnings
and car values, on the other hand, we have so far limited the sample to workers who continued

their employment with a given company from one year to the next year. This was designed to
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capture effects of changes in firm-level transparency on the same pool of workers, not
confounded by any changes in the composition of the workforce.

The question of how the composition of the workforce in a given firm changes as it
becomes more or less transparent, however, is an important question in its own right. We saw that
transparency changes appear to have systematic effects on actual take-home pay of a fixed pool
of workers in a predictable way. In this section, we look at whether we can find similar patterns in

the types of workers who tend to join and leave firms as they experience changes in transparency.

3.3.1. Movers out of the company

We saw that increased transparency was associated with lower real incomes (as measured
by car values) of workers who stayed with a given company and vice versa. This may lead at least
some employees to consider leaving the company and seeking employment elsewhere. To test
this hypothesis, we consider the subsample of workers who stayed employed in a given company
from (at least) the previous year and construct a dummy equal to 1 if the worker no longer works
for this company in the next year and 0 otherwise. We then estimate the linear probability model
of whether a given stayer is more likely to move out of the company as the company transparency
changes:

FMover, = f; +T, +g'X;, +#(t) +u,,. (17)

The coefficient on the transparency score Tj; in the regression above captures the effect of
transparency changes on the probability of any given worker leaving the company, controlling for
firm and year fixed effects and individual characteristics, including position in the firm hierarchy.

Table 5 presents the estimation results in several specifications. We first calculate
transparency scores Tj; using the totality of all workers in the company because there is no
automatic correlation between individual transparency and a decision to move or not. The results
are presented in columns 1 and 2 for all firms and for firms with more than 30 employees. We

then repeat the same estimations using our split-sample approach from the previous section to
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completely eliminate any possible impact of individual transparency on the calculation of firm-

level transparency scores (that is, we use Tfi_s(i)) from (9)). The results of these estimates are

presented in columns 3 and 4, once again for all firms and for firms with more than 30
employees. Finally, since firm transparency score is a constructed measure, it might be subject to
measurement error and lead to attenuation bias. Hence, we use the split sample IV approach
where we randomly split employees of a given company in a given year into two halves and use

(1-(i))
it

transparency score computed for one half (TJ, from (9)) as an instrument for transparency

score computed from the other half (Tj(f(i)) from (13)). As before, we always include employer

fixed effects to control for firm level heterogeneity. The results of these estimations are presented
in columns 5-8 in Table 5 for all firms and separately for small, medium, and large firms.

Inspecting the findings presented in Table 5, we can see that there is no effect of changes
in transparency on the probability of workers to leave firms in the whole sample but this, once
again, masks important differences between smaller and larger firms. In particular, when we limit
the sample to companies over the size of 30 employees, an increase in transparency is associated
with a considerably higher propensity of workers to quit in both OLS and SS OLS specifications.
The estimated effects are also significant in economic terms. An increase in transparency by one
standard deviation (1.79) translates into 0.044 (=0.025*1.79) higher probability to move in the SS
OLS specification which represents around 25 percent increase in terms of the baseline mean
probability to move which is around 0.17. The effect in this case is even larger for ordinary (non-
split sample) least squares specification.**

In columns 6-8 we present the results of split sample IV separately by firm size and find

that for medium and large companies (>200 employees) transparency has statistically significant

** The lack of effect on all companies (and on smaller companies in column (6)) is most likely due to the
attenuating effect of measurement error discussed earlier. Alternatively, higher propensity to leave by
employees of larger companies can be due to the fact, noted previously, that rank-and-file employees are
disproportionately negatively affected in terms of their real incomes as a result of increased transparency in
such companies (see Table 4 above).
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and economically large effect on the probability to quit the given employer (0.08 for a one
standard deviation increase in transparency), the effect which can also be seen to be increasing
with firm size.

It is also instructive to examine whether there is a heterogeneity of response with respect
to individual characteristics, i.e. what kind of employees are more likely to be leaving the
company as it becomes more transparent.

To address this issue we interact the measure of company transparency with several
individual characteristics. The results of split sample IV (with employer FE) estimation are
presented in Table 6. We also conducted OLS and split sample OLS (with employer FE)
estimates and the results were similar.

First, we interact a measure of individual-level transparency (income car gap for a given
worker) with company transparency measure; the results are presented in columns 1 and 2. We
see that individuals who have relatively less transparent contracts (compared to their peers) are
more likely to leave the company as it becomes more transparent. The effects are even larger in
medium and large companies (results available upon request). Thus, as the company transparency
increases the least transparent employees are more likely to leave. This, of course, is what one
would expect to see.

Second, we interact our firm-level transparency measure with car values and reported
incomes. The results presented in Table 6 indicate that as a firm becomes more transparent, it is
not just less transparent workers, but workers with higher-valued cars who are more likely to
leave. At the same time people with higher reported incomes are more likely to stay. To avoid
transitory shocks which might induce people to move we re-estimated the same specifications

with lagged car values and incomes and found similar patterns (columns 5 and 6 in Table 6).

25 . . . C g . ..
We instrument interaction between individual level characteristic X and company transparency measure

Tj(f(i)) with the interaction term between individual-level characteristic X and Tj(’lt_s(i)) .
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Thus, workers with higher take-home pay (as measured by higher car values) are more likely to

quit when the company becomes more transparent.

3.3.2. Transparency and new hires into the company

We next examine what kind of workers move into a company that has become more
transparent. Specifically, we focus here on individuals who had just moved to their respective
employers. In particular, we examine how the reported incomes and car values of new hires
compare to reported incomes and car values of workers who stayed in the company from the
previous year and also on how transparent the companies are from which those new hires are
made. We also look at within-firm positions of the newly hired employees, and how hiring
intensity is affected when the absorbing employer becomes more transparent.

To address these issues, we construct a subsample of workers who moved into their
current employer from some other employer in the current year (hereafter, “movers”) and
estimate the relation between transparency of their present employer and their car values
(contemporaneous and lagged one period), transparency of their previous employer, and their
percentile in the current employer earnings distribution. As before, we use split sample IV
approach to correct for measurement error in transparency score’’. We also continue to include
employer-specific fixed effects, so the estimated coefficients show how the pool of movers into
the company changes as the company’s transparency improves.

The estimation results are presented in Table 7 and they show some stark patterns. As the
company’s transparency increases, its new hires tend to be recruited from the pool of individuals
owning significantly less pricey cars (including car values measured with a lag, that is, before the
move took place). The effects are not only statistically significant but also suggest economic
effects of considerable magnitudes. An increase in transparency of an absorbing employer by one

standard deviation is associated with hiring workers with 16 (=1.79*0.092) percent lower (lagged,

*% The results are similar if we do not use split sample approach and compute transparency scores for the
whole company and use OLS with firm level fixed effects. See Table A8.2 in Appendix 8.
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i.e., prior to the move) car values; the effect on contemporaneous car values is even larger.
Moreover, those new hires are likely to be positioned much lower in the absorbing firm hierarchy
of earnings; new hires tend to be positioned 7 percentage points (=1.79*0.041) lower in employer
earnings distribution after such an increase in transparency. It is also worth noting that as a
company becomes more transparent it is more likely to hire employees from more transparent
companies.

To analyze the impact of transparency on the intensity of new hires we consider the
whole sample (both “stayers” and “movers”) and estimate a linear probability model (again using
split sample IV approach and including company fixed effects) that a randomly picked person
from a company is a mover (that is, just moved to this company from some other company). We
find that as the company becomes more transparent it makes fewer new hires (Table 7 column 5).
The probability for a randomly picked person in this company to be a mover declines by 0.046
(=1.79*0.026) when transparency goes up by one standard deviation (note that above we found
that at the same time existing employees (“stayers”) are more likely to leave). This is
considerable effect given that on average fraction of movers in the companies is around seventeen
percent (0.17).

Thus, increased transparency is associated with the firm (a) hiring less and losing more
workers, (b) hiring workers with less pricey cars and losing workers with more pricey cars, (c)
hiring workers to occupy lower-paid positions within the absorbing company, and coming from
more transparent previous employers. Overall, it seems that an increase in transparency comes at
the cost of losing employees, especially higher-paid (and also less transparent) employees, while
partially replacing them by more transparent but lower-paid workers. These results also appear to
be consistent with the results we found regarding the effect of increased transparency on the pool

of staying workers.
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IV. Extensions and Robustness

4.1. Different values of income elasticity and income varying elasticity

In our analysis above we consider a log-linear demand for cars with constant elasticity
A =0.35. This elasticity value was estimated in prior work (see Braguinsky, Mityakov (2015))
from the subsample of employees of foreign-owned companies, for whom reported incomes
closely reflect their true earnings. In this section we consider to what extent our results are robust
to variation in income elasticity A.

Firstly, we continue to use constant elasticity framework but consider a range of elasticity
values. For each alternative elasticity # value we reestimate firm-year transparency T;; scores

from a specification similar to (4).

1
log E} —A—logCiyt =T, +& X +o()+U,. (18)

K
We then use split sample IV approach to estimate the relation between changes in firm
transparency and reported incomes and car values of its employees. The results are presented in
Table 8.

In all specifications we find that increases in transparency in a given company (we
continue to include firm level fixed effects to absorb firm-level heterogeneity) are associated with
declines in car values and increases in reported incomes at the same time. For ease of
interpretation we also report implied responses in incomes and car values to a one standard
deviation change in transparency scores Tj;. We see that in all cases coefficients are not only
statistically significant but also suggest quite large effects.”’

Secondly, we relax the assumption of constant income elasticity of demand for cars by

allowing it to vary with income level. We again use employees of foreign-owned companies (for

" We also did estimation even for a wider range of values of income elasticity # than presented in Table 8:
we set # as low as 0.2 and as high as 1. While the estimated impact naturally varies considerably with the
assumed value of lambda (from 20% to 5% decline in car values for a one standard deviation increase in
transparency), even the lowest estimates that we find are still significant both in statistical and economic
sense.
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whom we assume incomes are reported truthfully) to estimate a more flexible piece-wise linear
specification. We then use this estimated model and car values and incomes of domestic
establishments to calculate implied firm-year transparency scores Tj; (We present the details of
this demand estimation in Appendix 4). Finally, we estimate the impact of those transparency
scores (using split sample IV) on reported car values and incomes, in the last column of Table 8.
We again find that increases in transparency of companies result in considerable decreases in car

values and increases in reported incomes as well.

4.2. Alternative transparency measure.

Above we considered a transparency measure based on the discrepancy between reported
incomes and car values and employed split sample approach to avoid automatic relation between
our transparency measure and car values and incomes. In this section we consider an alternative
transparency measure derived from a different dataset.

Namely, we utilize a measure of tunneling of funds developed by Mironov (2013). This
measure is constructed from companies’ banking transactions data. Mironov’s idea to measure
tunneling is based on a widespread in Russia scheme of corporate fraud, under which
management of regular companies creates paper/shell companies to buy goods and services from
at inflated prices, while those shell companies do not produce these goods and services
themselves but rather subcontract them from other regular companies at market prices. Shell
companies quickly amass profits, which are transferred to offshore bank accounts of their real
owners, who remain hidden, and are liquidated to avoid paying any taxes. Mironov’s measure of
tunneling is constructed as net amount of financial flows to shell companies, where shell
companies are identified by several criteria: they usually have short life spans, zero (or close to
zero) assets, small employment, etc.

This non-transparency measure is calculated from entirely different approach than ours

and utilizes completely different firm-level banking transactions dataset. Nevertheless, it can be
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argued that both measures capture different sides of essentially the same phenomenon. Thus, it is
instructive to see whether the relation between transparency and car values and reported incomes
we documented above would hold for this alternative measure of tunneling, which measures lack
of transparency.*®

Namely, we consider the following specification:

logC,, = fj + By TU,  + B TT  +g X + (D) + U, (19)

Here TUj; is (log of) of funds tunneled to shell companies of company j in year % As
before we include employer fixed effects fj so estimated coefficients would show how car values
and reported incomes would change when tunneling of a particular company changes. Table 9
presents estimation results.

We see that increase in tunneling is associated with decline in reported incomes for both
all and especially large (>2000 employees) companies (columns 2 and 4). The impact on car
values is positive for all companies but is, again, especially pronounced in large companies
(columns 1 and 3). A one standard deviation increase in tunneling (by 2.8) is associated with an
increase in car values of 4 percent. In columns 5-8 we repeat the similar exercise using individual
X employer fixed effects and find the similar patterns though the implied effects on car values are
smaller.

Thus, as a given company becomes less transparent (by tunneling more funds to shell
companies) its existing employees see decreases in their reported incomes but at the same time

their car values seem to be going up.

4.3. Robustness to peer effects
We have found that controlling for firm-level fixed effects, firm-level increased

transparency is strongly associated with higher reported incomes but lower car values of its

* We would like to thank Maxim Mironov for generously sharing his data with us.
* We also include (log of) total funds transferred through banking system TT;j; to control for overall
utilization of the banking system by a company.
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employees and vice versa. Since transparency scores are constructed based on the car values —
income gap for all employees in a given firm, a possible alternative explanation for this finding is
that there might be unobserved peer effects in the demand for cars. For example, suppose that a
decision to purchase an expensive car by one employee affects decisions to purchase expensive
cars by other employees, or that the firm announces a new policy which disapproves of
employees driving expensive foreign cars (as some Russian government agencies indeed tried to
do from time to time). In cases like this, values of cars of all employees in a given firm will tend
to move in the same direction, invalidating our identifying assumption that (controlling for firm
or even individual fixed effects) changes in individual-level demand for cars are uncorrelated
across different employees. In this section we take a look whether we can find any evidence of
peer effects driving some of our previous estimation results.

One way to account for possible presence of peer effects in our split sample approach is
to include the control for mean car values of employees from one subsample (“control
subsample” hereafter) in the regression which uses car values of their co-workers from the other
subsample (“focus subsample” hereafter) as the explanatory variable. Since transparency scores T
are mean car values — income gaps (adjusted by individual level characteristics), we also include
a control for mean reported incomes of a given employee’s co-workers in the control subsample.
Namely, we consider the following estimation equation:

InC; = fj + "o sMIn E(jlfs(i)) + %M |nC(jlny(i)) +0%;, + &) +u,, (20)
where MIn Cglt S and MIn E(jl’: SO are respectively mean car values and reported incomes of

individual i’s co-workers assigned to control subsample (1-(i)). Since including car values of co-
workers means including a form of a spatial lag in the regression, to avoid potential endogeneity

problem, we follow the standard approach in the literature® and use averages over control

% See e.g. Kelejian and Prucha (1998)
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subsample (1-S(i)) of individual level characteristics X, which might affect demand for cars

(namely age, age-squared, and gender), as instruments for M In C(Jlt S,

Column 1 in Table 10 presents the estimation results for specification (20). Controlling
for mean income of co-workers assigned to the control sample, their car values do not seem to
have any effect on car values of employees in the focus sample. Thus, we can see little evidence
that peer effects in the demand for cars might contaminate our results.

An alternative way to test for the presence of peer effects is to look at car values of
workers who have just moved to a given company (“movers”). Such approach also allows us to
avoid the potential endogeneity of mean car values within a given firm because we can consider
lagged car values of movers, that is, their car values before they move to their current employer.31
The estimation results are presented in column 2 of Table 10. We again see that having new
employees with higher or lower car values has no effect on car purchasing decisions of incumbent
employees, hence, no evidence of peer effects. In column 3 we further consider both mean car
values of movers and stayers (instrumented as above) and again find no evidence of peer effects.

There may just be too few movers into a given company to have a sizeable peer effect on
everybody else’s car values. To probe this hypothesis in estimation results presented in column 4
of Table 10 we include the interaction term between the fraction of movers and their (one period
lagged) car values. The coefficient on this term will capture the increase in the impact of the peer
effects as the fraction of new workers moving into the company increases. The sign of the
coefficient on this interaction term turns out to be negative, hence, if anything, higher intensity of
hiring decreases the sensitivity of car demand of existing workers to mean car values of movers.
Finally, in column 5 we do a “kitchen sink” regression including all of the controls used above

(again instrumenting for special lags in car values of stayers) and get similar results. Overall we

*! The implicit assumption we are making is that people do not select new companies to work for on the
basis of car values of their employees.
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conclude that there does not seem to be much evidence of peer effects in demand for cars

affecting our results in the main text.

4.4. Transparency measure based on the flow of car services.

In the main text we calculate transparency measure on the basis of the gap between
reported incomes and car values. One potential concern with car values is that reported incomes
are a flow variable and car value is a stock of a durable good that provide services over several
periods. Of course, value of a car is likely to proxy for annual ownership costs but as a robustness
check we decided to construct an alternative company transparency measure where we use the
annual cost of car ownership instead of car values of employees.

Namely, for each individual we calculated the annual flow of expenditures on cars as the
sum of annual depreciation of all cars belonging to a given individual plus expected
maintenance/repair and fuel costs.*> We used driver logs data from social networking website for

car-owners http://www.drivernotes.net to impute gasoline consumption, annual mileage, and

expected repairs and maintenance costs. We then calculated transparency of a given company on
the basis of the discrepancy between reported incomes and flow of employees’ expenditures on
cars instead of car values. See Appendix A3 for more technical details of the construction of this
transparency measure.

We then applied split sample approach to estimate the relation between transparency and
reported vs actual incomes as in Tables 2 and 3 in the Section 3.1 above and obtained the similar
negative relationship between transparency and actual incomes that we proxy by employee

expenditures on cars. See Tables A3.1 in Appendix 3 for more details. We also reestimated other

*% One also needs to include insurance and government title fees costs. But those fees were pretty small in
the late 1990s early 2000s compared to the car prices, so we ignore those in our calculations. Car insurance
market in Russia was still in its infancy, first government mandated liability insurance law came into effect
only in the middle of 2003. Collision and comprehensive insurance came into wide use only after the
development of auto-loans in late 2000’s where banks started requiring such insurance for financed
vehicles. Government vehicle fees were pretty low as well: annual fees were assessed on vehicle
horsepower and amounted at around SRUB (~$0.15) per horse power below 100hp and 10RUB (~$0.3) for
all additional hp above 100hp.
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tables from the paper using this new measure of flow of car expenditures and got similar patterns

as in the main text (those results are available upon request.)

4.5. Robustness to randomization

In our split sample approach, we randomly divide people into two subsamples. Thus,
estimation results would naturally be different for different runs of random number generator (in
our main Stata program we fix the initial state of random number generator to make sure we
obtain the same estimates every time we run the program). A natural question in this regard is
how sensitive our estimates to different random assignments of people to samples 0 and 1.

To analyze this, we randomly selected five hundred initial states for random number
generator, performed the split sample random assignment, and then for each run estimated the
implied effects of transparency on car values and reported incomes in split sample OLS and IV
approaches (similar to the results presented in Tables 2 and 3).

We report summary statistics for the coefficient on transparency ($ from equations (8),
(10), (11), and (12)) in Table 11. We also report which effect from Tables 2 and 3 each row in
Table 11 refers too. We do not report summaries for t-statistics from different runs but in all runs
estimated effects of transparency were statistically significant (i.e. all t-stats were larger than 2 in
absolute value).

From Table 11 we see that the effects presented in Tables 2 and 3 are quite generic and
are not specific to a particular randomization seed, which we happen to chose as a baseline. If
anything, the effects presented in Tables 2 and 3 for our baseline present smaller magnitudes (in

absolute value) than the average randomization.

4.5. Other Robustness Checks
We performed a battery of other robustness checks. We considered transparency measure
defined as mean income car gap without using adjustment by individual characteristics as in (4).

We alternatively computed transparency as transparency of all employees in the company except
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a given individual and found that such transparency measure still has negative effect on his/hers
car values and positive impact on reported income. See Appendix A6 for details.

We also experimented with different sample cutoffs and fixed effects specifications. To
control for possibility of company provided cars we conducted estimation dropping employees
above 95™ percentile in reported incomes and found similar patterns; considered males only
sample; considered individuals present in income databases in all five years, etc (See Appendix
AS5). To control for possibility of industry specific shocks (e.g. overall profitability of the
industry, demand shocks to certain sectors etc) we included sector of economic activity X year
fixed effects (See Appendix A9). In all cases we observe a pretty robust pattern: increases in

transparency seem to lead to lower car values but higher reported incomes.

V. Conclusion

We investigate the relationship between changes in transparency and firm performance,
using unique administrative data from Russia. The data, where we match firms recorded earnings
and other reported performance to car values of employees as a measure of their true earnings,
allow us to construct firm-level transparency ‘“scores” based on direct evidence, rather than
survey data. Analysis based on reported measures of firm performance appears to show that those
measures improve as the firm transparency improves, but in fact we find that increased
transparency is associated with a significant decline in true performance, as indicated by the
decline in employees’ car values. Our findings thus confirm the insights from the recent literature
that show the relationship between transparency (or tax evasion, including managerial diversion)
and performance being theoretically ambiguous, and empirically strongly influenced by the
institutional environment, such as overall corruption or corporate governance.

We also take a step beyond examining the overall effect of transparency changes on firm

performance by using the employer-employee matched features of our data set. In particular, we
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look at the distribution of changes in car values in response to changes in transparency across the
hierarchy of earnings within a given company, and find that in medium-size and especially large
companies, increased transparency disproportionately hurts lower-level employees, while top
managers lose less in terms of their car values and shoulder relatively less tax obligations through
higher reported incomes at the same time.

We further examine the effects of transparency changes on labor mobility, especially on
what types of workers tend to leave firms when transparency increases and what types of workers
tend to replace them. We find that as a given company becomes more transparent, its overall job
separation rate increases, and those who leave are on average individuals with more expensive
cars and having less transparent contracts. To the extent that higher car values reflect higher
actual take-home pay, it could be argued that companies experiencing increases in transparency
are actually losing their better employees. At the same time, the amount and quality of new hires
of such firms go down; not only do newcomers have less expensive cars than the hires made in
periods when the company was less transparent, but also newly hired workers are also positioned
lower in the overall firm hierarchy. Thus, companies experiencing increases in transparency have
trouble retaining existing and attracting new human capital.

In a highly influential paper, La Porta et al. (2000) argued that leaving financial markets
alone may not be a good way to promote their proper functioning because of entrenched
economic interests that do not provide adequate investor protection. Shleifer (2004) took this
argument one step further by pointing out that in environments where important markets are
missing or not functioning properly, unfettered competition may even lead to the selection of
behaviors that are privately beneficial but socially detrimental. This is exactly what we find in our
data. If improving transparency and fighting back against the culture of wide-spread hiding is the
ultimate goal of a policy-maker, it is not enough to simply crack down on instances of tax evasion
and generally “tighten the screws” of law enforcement. Without improvements in the functioning

of other elements of the institutional system (such as radical changes in the legal structure or in
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corporate culture, for example, through fostering legal and regulatory environment favorable to
foreign direct investment — see Braguinsky and Mityakov, 2015), forcing higher transparency on
some firms would only lower their actual (as opposed to reported) performance, and make them

lose, without adequate replacement, some of their best workers.
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Tables

Tablel: Summary statistics

Variable Obs Mean Std. Dev. Min Max

Reported income, USD 423100 2157.07 4178.63 24.78 60210.82
Car value, USD 423100 5363 8611 1200 1628972
Age 423100 40.88 10.26 18.00 64.00
Sex 422578 1.27 0.45 1.00 2.00
Percentile in EED 423100 0.74 0.24 0.00 1.00
Log car value 423100 8.17 0.80 7.09 14.30
Log reported income 423100 6.81 1.28 3.21 11.01
log # employees 423100 5.33 2.61 0.00 12.97
#employees 423100 8006 44517 1 430353
Individual transparency 423100 -16.53 258 -35.01 -9.39
Company transparency 422895 -18.19 1.79 -37.18 -11.88
Mover dummy 220271 0.17 0.38 0.00 1.00

Notes:Data are from Moscow online databases on incomes andatags for 1992003. Sample is limited to employees of compamie have carsvith
incomes above minimal wage and less than $100,000 peagedibetween 185, whocontinue their employment with the present employer from previoud yea



Table2: Transparency and car values and incomes of stayerss&pigle OLS
1) 2 3 4) 5) (6)

VARIABLES Dependent variable log car values
OLS v
OLS Sample 0 OLS Sample 1 Combined IV Sample 0 IV Sample 1 Combined
Transparency -0.012%** -0.013*** -0.012%** -0.093*** -0.098*** -0.095***
(0.003) (0.003) (0.002) (0.020) (0.020) (0.014)
Percentile 0.235*** 0.223*** 0.229*** 0.230*** 0.216*** 0.223***
(0.010) (0.010) (0.007) (0.010) (0.010) (0.007)
Log firm size 0.025*** 0.019** 0.022*** -0.007 -0.013 -0.010
(0.008) (0.008) (0.006) (0.0112) (0.010) (0.007)
Age 0.013*** 0.013*** 0.013*** 0.013*** 0.013*** 0.013***
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender 0.008 0.007 0.008* 0.008 0.006 0.007*
(0.006) (0.006) (0.004) (0.005) (0.005) (0.004)
Observations 161,899 161,547 323,446 150,671 150,542 301,213
R-squared 0.322 0.325 0.323 0.056 0.057 0.056
EmployerFE Yes Yes Yes Yes Yes Yes
Weak identification stat 792.8 807.6 1599
P value 0 0 0

Notes: Data are from Moscow online databases on individual incomes and car values 200®99ample is limited to employees of companies with incomes
aboveminimal wage and less than $100,000 per year, continuing employment with the given company from the previous year. dranspaneated from
individual income car gaps using split sample procedure (see equation (8)). Employees in each compaaydspiitinto two samples (Sample 0 and Sample

1). Transparency in Split Sample OLS specificationg(g))s computed over the subsample of employees of a given company to which a given individual was
not assignedT* " from equation (9)). Specificaths (1)(3) are estimated by OLS. Specifications (&) are estimated using Split Sample IV where explanatory
variable Transparency is computed over the subsample of employees to which particular individual was @§9gneu gquation (12)) and is instrumented by
transparency score computed over the other subsafpf@from equation (9)). Specifications (1) and (4) ((2) and (5)) are estimated over Subsample 0 (1)
respectively. Specifications (3) and (6) use comibstimation using both subsamples. All specifications include employer and time fixed Bfédetst standard

errors are reported in parentheses. *** ** And * indicate significance at 1%, 5%, and 10% levels, respectively.



Table3: Transparency and caalues and incomes of stayers. Split Sample IV approach.

D 2 3 (4) ©) (6)

VARIABLES Dependent variable log reported incomes
OoLS v

OLS Sample 0 OLS Sample 1 Combined IV Sample 0 IV Sample 1 Combined
Transparency 0.091*** 0.091*** 0.091*** 0.714*** 0.702*** 0.708***

(0.002) (0.002) (0.002) (0.026) (0.025) (0.018)
Percentile 2.838*** 2.828*** 2.833*** 2.876*** 2.879*** 2.878***

(0.008) (0.008) (0.006) (0.009) (0.009) (0.006)
Log firm size  -0.170*** -0.160%*** -0.165*** 0.079*** 0.070*** 0.075***

(0.008) (0.008) (0.006) (0.013) (0.013) (0.009)
Age 0.008*** 0.011*** 0.009*** 0.009*** 0.011*** 0.010***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender -0.005 -0.009** -0.007*** -0.002 -0.002 -0.002

(0.004) (0.004) (0.003) (0.004) (0.004) (0.003)
Observations 161,899 161,547 323,446 150,671 150,542 301,213
R-squared 0.889 0.889 0.889 0.444 0.443 0.443
EmployerFE Yes Yes Yes Yes Yes Yes
Weak identification stat 792.8 807.6 1599
P value 0 0 0

Notes: Same as Tabkeabove



Table4: Effect of transparency over firm hierarchy by firm size. Split sample IV.
1) 2 ©) (4) ©) (6) () )

VARIABLES Log car Logincome Log car Log income Log car Logincome Log car Log income
All All Small Small Medium Medium Large Large
Transparency X -0.049*** 0.118*** -0.051*** 0.196*** -0.012 -0.104*** 0.192*** -0.308***
Percentile (0.009) (0.010) (0.019) (0.021) (0.017) (0.017) (0.018) (0.014)
Transparency -0.057*** 0.617*** -0.066* 0.597*** -0.086*** 0.850*** -0.253*** 0.849***
(0.017) (0.020) (0.037) (0.053) (0.030) (0.034) (0.023) (0.021)
Percentile -0.647*** 4.986*** -0.532 6.064*** -0.044 1.169*** 3.486*** -2.250%**
(0.165) (0.171) (0.352) (0.393) (0.303) (0.305) (0.317) (0.254)
Log firm size -0.011 0.077*** -0.037*** -0.036* -0.019 -0.013 0.001 0.088***
(0.007) (0.009) (0.013) (0.020) (0.016) (0.017) (0.013) (0.0112)
Observations 301,213 301,213 106,542 106,542 109,062 109,062 84,692 84,692
Underidentification LM stat 1596 1596 259.0 259.0 653.6 653.6 4559 4559
p-value 0 0 0 0 0 0 0 0
Employer FE Yes Yes Yes Yes Yes Yes Yes Yes
Employer X Individual FE No No No No No No No No

Notes: Data are from Moscow online databases on individual incomes and car values 200®99ample is limited to employees of companies with incomes
above minimal wage and less than $100,000 per year, continuing employment with the given compémy frewvious year. Transparency is computed from
individual income car gaps using split sample procedure (see equation (8)). All equations are estimated using Split 8dredrihsparency as an explanatory
variable is computed over the same subsaraptompany employees to which individual was assigh€ from equation (12)). Transparency and its interaction
with individual percentile in firmOs earnings distribution are treated as endogenous variables. Transparency compatsdbmaenphef company employees

to which a given individual was not assign@d & from equation (9)) and its interaction with individual percentile in employer earnings distribution are used as
instruments. Specifications (1) and (2) include all companies.ffagions (3) and (4) are estimated for Small companies (<200 employees); specifications (5)
and (6) for Medium (>200 but less than 200 employees), and specifications (7) and (8) for large companies (>2000 entidpged)ations include employer

and time fixed effects. Age aggguared and gender are included but not repoRebust standard errors are reported in parentheses. *** ** And * indicate
significance at 1%, 5%, and 10% levels, respectively.



Table5: Probability to move out of the ogpany and changes in transparency.
1) 2) 3 4) (5) (6) () )

VARIABLES Dependent variable is an indicator for whether a given individual would be moving out of his current employer

All >30 car owners All >30 car owners All Small Medium Large
Transparency -0.000 0.025*** 0.000 0.022*** 0.002 -0.042** 0.047** 0.053***
(0.001) (0.005) (0.001) (0.004) (0.010) (0.020) (0.020) (0.015)
Percentile -0.234*** -0.191*** -0.223*** -0.192%** -0.223*** -0.263*** -0.221 %+ -0.190%**
(0.005) (0.006) (0.005) (0.006) (0.005) (0.010) (0.008) (0.009)
Log firm size  0.029*** 0.027*** 0.030*** 0.026*** 0.030*** 0.036*** 0.006 0.061***
(0.004) (0.005) (0.004) (0.005) (0.005) (0.0112) (0.013) (0.009)
Age -0.004*** -0.005*** -0.004*** -0.005*** -0.004*** -0.004** -0.003*** -0.007***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001)
Age-sq 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 0.000** 0.000** 0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Sex -0.024*** -0.025%*** -0.026*** -0.026*** -0.026*** -0.018*** -0.028*** -0.028***
(0.002) (0.003) (0.002) (0.003) (0.002) (0.005) (0.003) (0.003)
Employer FE  Yes Yes Yes Yes Yes Yes Yes Yes
Estimation OLS OLS SS OLS SS OLS SS IV SS IV SS IV SS IV
Split Sample  No No Yes Yes Yes Yes Yes Yes
Observations 220,053 77,472 171,051 77,458 154,283 53,534 57,762 42,451
R-squared 0.548 0.367 0.538 0.379
Underidentification LM stat 813.3 171.4 353.0 1097
p-value 0 0 0 0

Notes: Data are from Moscow online databases on incomes and car values f@0099%ample is limited to employees of companies with incomes above
minimal wage and less than $100,000 per year, eemtinue their employment with the present employer fpoavious year, and are also present in the income
database (i.e. observed employed) next.\y@apendent variable is a dummy variable for whether given individual is observed working for a different employer in
the next periodTransparency in columns (1) and (2) is computed from individual level income car gaps as described in equation (5)ntydnspeeifications
(3)-(8) is computed using Split Sample approach, where employees in each company are randomly splisuisatwples. Split Sample OLS specifications (3)
and (4) use transparency measure computed over the subsample to which individual was not assigned as an explana(tbﬁ’jﬁ%ﬂiaMeequation (9)). Split
Sample IV specifications (§B) use transpancy measure computed over the subsample to which individual was assiffiettdm equation (12)) but use
transparency from the other subsamfe X" from equation (9)) as an instrument. Specifications (1), (3), and (5) use all companiesc&jmtfi2) and (4)
restrict attention only to companies with at least 30 car owners. Specifications (7), (8), and (9) use OSmallO (<26, édipéissO (>200 but less than 2000
employees), and OLargeO (>2000 employees) respectively. All speciicatioie employer and time fixed effecRobust standard errors are reported in
parentheses. *** ** And * indicate significance at 1%, 5%, and 10% levels, respectively.



Table6: Individual characteristics and decision to move out of the companys8piple I1V. All companies.

) 2 3 4 ®) (6) 7 8

VARIABLES Dependent variable is an indicator for whether a given individual would be moving out of his current employer
IncomeCarGap X -0.001***
Transparency (0.000)
IncomeCarGap{1) X -0.001**
Transparency (0.000)
Log car value X 0.004*** 0.002
Transparency (0.001) (0.002)
Log income X -0.001 -0.001
Transparency (0.002) (0.002)
Log car valuefl) X 0.002 0.002*
Transparency (0.001) (0.001)
Log income(tl) X -0.006*** -0.006***
Transparency (0.002) (0.002)
Transparency -0.018 -0.008 -0.032* 0.036** -0.005 0.038** 0.022 0.019

(0.016) (0.015) (0.019) (0.016) (0.018) (0.015) (0.025) (0.020)
Observations 154,283 103,722 154,283 154,283 103,722 103,722 154,283 103,722
Employer FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Data are from Moscow online databases on incomes and car values f@0099%ample is limited to employees of companies with incomes above
minimal wage and less than $100,000 per ywehg continue their employment with the present employer froemious year, and are also present in the income
database (i.e. observed employed) next.yAlrspecifications are estimated using split sam‘g)le IV approach, where transparency in explanatory variables is
computed over the same subsample of companysmes to which individual was assignd®™{(” from equation (12)). Transparency and its interactions with
individual level variables are treated as endogenous variables. Transparency computed over the subsample of compantp evhptbyegs/en indidual was

not assignedT™" from equation (9)) and its interactions with particular individual level variable(s) are used as instruments. All spesifiwitide employer

and time fixed effects. In addition all specifications include but not tepdividual level variable with which transparency is interacted in a given regression
specification. Age, agequared, and gender are included in all specifications as well. Robust standard errors are reported in parenthesisd *indicate
significance at 1%, 5%, and 10% levels, respectively.



Table7: Changes in transparency and characteristics of pool of new hires into the company

) 2 ©) 4 ®)
Mover
VARIABLES Log car Log car(t1) Percentile Transparency{l) Dummy
All All All All All
Transparency -0.097*** -0.092 -0.041%** 0.420*** -0.026***
of current employer  (0.026) (0.056) (0.009) (0.142) (0.004)
Log firm size 0.005 -0.030 0.042%** 0.099** 0.038***
(0.012) (0.023) (0.004) (0.045) (0.002)
Observations 68,615 19,430 68,615 18,663 553,726
Employer FE Yes Yes Yes Yes Yes
Weak Ildentification
stat: 391.6 123.6 391.6 120.3 3988
P-value 0 0 0 0 0

Notes: Data are from Moscow online databases on individual incomes and car values 200399amplés limited to employees of companies with incomes
above minimal wage and less than $100,000 per Yyeapecifications (1}4) the sample is further limited to OmoversO, i.e. individuals, who just started their
employment with the given company in the remt yearTransparency of current employer is computed from individual income car gaps using split sample
procedure (see equation (8)). All equations are estimated using Split Sample IV, where transparency as an explanatmgeamiaided over thersa subsample

of company employees to which individual was assigiéd’(from equation (12)) and is treated as endogenous variable. Transparency computed over the
subsample of company employees to which a given individual was not assigh@d from equation (9)) is used as an instrument. Transparehpygt
transparency of a previous year employer for a given mover computed from individual income car gaps using the wholeessaemqméda (5)). All specifications
include employer and timéxed effects. Age agequared and gender are included but not repoRedust standard errors are reported in parentheses. ***, **,
And * indicate significance at 1%, 5%, and 10% levels, respectively.



Table8: Robustness w.r.t. car demand form. Sgdinple IV.
1) 2 3 4) ©) (6) () )

VARIABLES Log car Log income Log car Log income Log car Log income Log car Log income
Elasticity .25 .25 .50 .50 .75 .75 varying varying
Transparency -0.112%** 0.573*** -0.081*** 0.831*** -0.058*** 0.909*** -0.099*** 0.644***
(0.015) (0.022) (0.013) (0.014) (0.0112) (0.009) (0.017) (0.026)
Percentile 0.206*** 2.868*** 0.207*** 2.888*** 0.208*** 2.895*** 0.206*** 2.871***
(0.007) (0.007) (0.007) (0.006) (0.007) (0.005) (0.007) (0.007)
Log firm size -0.018** 0.025** 0.000 0.069*** 0.009 0.073*** -0.013 0.057***
(0.008) (0.0112) (0.007) (0.007) (0.006) (0.005) (0.008) (0.013)
Observations 300,592 300,592 300,592 300,592 300,592 300,592 300,592 300,592
Employer FE Yes Yes Yes Yes Yes Yes Yes Yes
Split Sample Yes Yes Yes Yes Yes Yes Yes Yes
Response -23.46% 119.99% -11.21% 115.57% -7.04% 110.82% -19.73% 128.20%

Notes: Data are from Moscow online databases on individual incomes and car values 200®99ample is limited to employees of companies with incomes
above minimal wage and less than $100,000 per year, continuing employment with the given compémy frewvious year. Transparency is computed from
individual income car gaps using split sample procedure (see equation (8)) using particular value of income elastieityddbdears. Specifications (11) and
(12) use income varying model for incomesgiity of demand as described in AppendliAll equations are estimated using Split Sample 1V, where transparency
as an explanatory variable is computed over the same subsample of company employees to which individual wa3@¥<igmea:quation (12)) and is treated

as endogenous variable. Transparency computed over the subsample of company employees to which a given individuaignes &t 48$rom equation

(9)) is used as an instrument. All specifications include eneplagd time fixed effects. Age agquared and gender are included but not repdReblust standard
errors are reported in parentheses. *** ** And * indicate significance at 1%, 5%, and 10% levels, respectively.



Table9: Alternative transparency measure. Corporate theft (tunneling) from Mironov (2013)
1) 2 3 4) (5) (6) (7) (8

VARIABLES Log car Log Income Log car Log Income Logcar LogIncome Log car Log Income
All All Large Large All All Large Large
Tunneling -0.000 -0.003** 0.014** -0.007 0.001 -0.002 0.002 -0.021***
(0.002) (0.001) (0.007) (0.005) (0.002) (0.002) (0.007) (0.004)
Total amount of  0.010 0.162*** 0.000 0.162*** 0.007 0.150%** 0.008 0.121%**
bank transactions (0.006) (0.004) (0.017) (0.012) (0.007) (0.006) (0.018) (0.012)
Percentile in EED 0.353*** 2 755%** 0.216%** 3.174%** 0.046**  2.128*** 0.071 2.790%**
(0.010) (0.008) (0.021) (0.017) (0.021) (0.030) (0.048) (0.069)
Log firm size -0.019**  -0.218*** 0.014 -0.272%** 0.030***  -0.148*** 0.007 -0.234%**
(0.009) (0.008) (0.015) (0.014) (0.011) (0.011) (0.021) (0.019)
Observations 174,487 174,487 30,212 30,212 174,647 174,647 30,229 30,229
Individual X
Employer FE No No No No Yes Yes Yes Yes
Employer FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Data are from Moscow online databases on individual incomes and car values 200®99ample is limited to employees of companies with incomes
above minimal wage and less than $100,000 per year, continuing employment with the given comp#reygremious year. Specifications (2), (4), (6), and (8)
further restrict the sample to Large companies (>2000 employees). Tunneling is computed as log of amount of funds lutwargiedée i companies as identified

in Mironov (2013). All specificatiors include employer and time fixed effects. Age-ageared and gender are included but not repoRebust standard errors
are reported in parentheses. ***, ** And * indicate significance at 1%, 5%, and 10% levels, respectively.



Table10: Robustness tpeer effects in demand for cars

) 2 ©) 4 ©)
VARIABLES Dependent variable: log car valu# stayers
Mean income coworkers -0.012*** -0.025*** -0.023***
(other sample) (0.003) (0.004) (0.005)
Mean car values coworkers  0.052
(othersample) (0.055)
Mean income coworkers -0.020*** -0.020***
(stayers other sample) (0.005) (0.005)
Mean car values of coworkers 0.026 0.019
(stayers other sample) (0.093) (0.093)
Mean income (movers) -0.009*** -0.009***
(0.003) (0.003)
Mean car values (movers) -0.001 0.000 -0.003 -0.004
(0.004) (0.004) (0.005) (0.006)
Movers fraction -0.089 -0.199
(0.223) (0.239)
Mean car service of movers X 0.016 0.035
movers fraction (0.030) (0.032)
Observations 316,839 158,509 156,647 158,509 156,647
R-squared 0.019 0.017 0.017 0.017 0.017
Underidentification LM stat 323.3 NA 219.4 NA 220.2
p-value 0 NA 0 NA 0.367
Weak Instrument stat 109.4 NA 74.23 NA 74.50
Estimation 2SLS OLS 2SLS OLS 2SLS

Notes: Data are from Moscow online databases on individual incomes and car values 200®99ample is limited to employees of companies with incomes
above minimal wage and less than $100,000 per year, continuing employment with the given comp#rey gremious yeaMean car value and income of-co
workersare computed over the subsample of employees of a given company to whiclmangiédual was not assigned (see equat2®),((23). Meancar

values of ceworkers (in specifications (1) and (3je treated as endogenous and (following Keleijan and Prucha (1998)) are instrumented by average age and
gender of sample of those-emrkers. Specifications (2) and (4) are estimated by @llSpecifications include employer and time fixed effeétge agesquared

and gendeas well as log company size (# employesg) included but not reporteBobust standard errors are reported in parentheses. *** ** ' And * indicate
significance at 1%, 5%, and 10% levels, respectively.



Table 1: Robustness dfansparency effect t@ndomization

Dependent variable Mean 5% 95% Method Column in Tables 2 or 3
Log car values -0.014 -0.017 -0.01 SS OLS, Sample 0 Table 2, column 1
Log car values -0.014 -0.017 -0.01 SSOLS, Sample 1 Table 2, column 2
Log car values -0.014 -0.016 -0.011 SS OLS, Combined Table 2, column 3
Log reported incomes 0.094 0.09 0.098 SS OLS, Sample 0 Table 2, column 4
Log reported incomes 0.094 0.09 0.098 SS OLS, Sample 1 Table 2, column 5
Log reported incomes 0.094 0.092 0.096 SS OLS, Combined Table 2, column 6
Log car values -0.099 -0.12 -0.078 SS 1V, Sample 0 Table 3, column 1
Log car values -0.099 -0.118 -0.076 SS IV, Sample 1 Table 3, column 2
Log car values -0.099 -0.113 -0.084 SS IV, Combined Table 3, column 3
Log reported incomes 0.685 0.638 0.73 SS IV, Sample 0 Table 3, column 4
Log reported incomes 0.686 0.644 0.732 SS IV, Sample 1 Table 3, column 5
Log reported incomes 0.685 0.653 0.722 SS IV, Combined Table 3, column 6

Notes: This presents summary of 5@@lication runs of Tables 2 and 3 (effects on car values and reported incomes) for different 50@GHacdtons of people
to samples 0 and, With randomly selected initial state for random numbers generator. All effects are the effects of trapgparespective dependent variable.
All other controls from Tables 2 and 3 were included but not reported. Estimation method and respective column in Tallesi@dicated in the last column.
All calculations were made on Palmetto Cluster at Clenibunersity.



Online Appendix

1. Details About the Data and Sample Construction

Data sources
We employed two separate sets of data.

Vehicle Registration Database, 20@ontains the list of all recorded instances of vehicle
registrations in Moscow as of April 2005, along with the corresponding list of owners.
The former provides the detailed description of vehicle characteristics including model,
make, year of manufacing, license plate number, unique Vehicle ldentifying Number
(VIN), and the date of registration. The latter contains data on each ownerOs full name,
date of birth, residential address and passport number. Each entry in the vehicle database
represents amstance of registration. Repeated registrations of the same vehicle are
recorded as separate entries. We therefore define continuous periods of ownership for
each car as intervals between its consecutive registrations by distinct owners. And to find
all relevant entries that correspond to a given car we use its VIN number. The total
number of raw entries is 8,308,881 vehicle registrations and 8,141,122 owners.

Administrative Databases of Income, 1B2903: This is a collection of five separate
databases #d by all registered employers (sources of income) in Moscow for their
employees (recipients of income). Each database covers one year betwe@00399
Individual records in all of the five files provide full names, dates of birth, personal tax
IDs, pasport numbers, residential addresses, annual gross and taxable incomes,
employersO names and employersGissae registration IDs. The total number of raw
entries in each database is as follows: 8,711,103 (1999); 10,361,320 (2000); 10,019,144
(2001); 7029,376 (2002); 9,355,493 (2003).

Data issues
All datasets above appear to have originated from manually digitized ipaget records
and that leads to the following common problems:

Errors and missing dataA substantial number of entries contain acdis of manual

input: violations of the format, misspellings, typos, idiosyncratic abbreviations, missing
data in certain fields, etc. This poses a challenge for matching entries across databases, as
it reduces the amount and reliability of identifyingamhation. As a result, we were not

able to positively identify all legitimate matches, however, due to the random nature of
imperfections in the data, we do not expect these missing matches to cause any
systematic bias in our estimates.

Duplicate entriesWe found that approximately 10 percent of all entries in our datasets
are in fact virtual duplicates of some other entries contained in the same files. Some of
them are fully identical to (and are thus indistinguishable from) the originals; the rest
have #ight modifications compared to the originals, caused usually by typos or partially
missing dataWe decided to use only those individuals for whom we had only one entry
in each of the income databases, thus eliminating all individuals with duplicats€agi



well as those with multiple sources of income in any year).

Detailed sample construction procedure

We first used combinations of full name, date of birth and address to provisionally match
individuals in income databases for different years ankeio ¥ehicle ownership records.

We then used additional identifying information (personal tax ID, passport number, etc.)
available in those matched records to find other matches that were not identified before.
Finally, in our working sample we kept onlyetindividuals that had at most one entry in
any of the five income databases.

In more detail, the selection procedure was as follows:

Step 1:We started by eliminating poor quality data from all databases to increase the
efficiency of subsequent matchin§pecifically, we left out all entries that either had
inconsistencies in full names (abbreviations, obvious typos calptrabetic characters),

or lacked information on the date of birth, or address.

Step 2:We then used the five income databases ¢aterlinking tables that established
connections between the same individuals within each database and between each pair of
them. This process relied on the iterative matching procedure that leveraged all individual
identifying information found in precedy iterations when searching for other possible
matches in subsequent iterations.

Step 3:Based on the linking tables obtained in the previous step, we created five cross
sections of OsinglentryO individuals, separately for each of the five years fi@898- 1

2003. More precisely, an individual was left in the sample if (1) he or she was present
exactly one time in the database for a given year (no other related entries in that year) and
(2) he or she had at most one related entry in each of the remainmgatabases. This
sample, consisting of about 26.9 million observations (about 60 percent of all initial raw
entries in all 5 income databases), was used to calculate various ergplegidc
variables, such as the multinational fraction, used in th@a&sons in the main text.

Step 4:.The auto registry database was used to match owners to all of their vehicles. If an
individual owned multiple vehicles, the market values of all such vehicles (assigned as
explained in Appendix 2 below) were added togethVe then matched car owners with
OsingleentryO individuals in each of the five income databases obtained in the previous
step. This produced 2,913,359 matched observations on individuals who owned at least
one car in at least one of the five years frb®32003 and were present in at least one

of the OsinglentryO income databases as explained in the previous step. From this
sample of all car owners matched to their income records we constructed the sample used
for estimation purposes by eliminatingrs with missing VINs for which we could not
determine the exact time period during which an individual owned a given car.

Research variables

For each individual in our sample we were able to directly obtain the following
information about research variables used in estimation: age (from the information about
the date of birth), name and stidsued registration ID of the employer (income serc

for 19992003; the amount of income earned (received) from the employer (income
source); make, model and year of all owned cars (if any); estimated market value of all
owned cars (if any) as imputed using the procedure explained in Appendix 2.



In addition, we created the following research variables from the available data:

Gender:Imputed from gendespecific endings of middle names, which are characteristic
of the Russian language.

Sector classification and type of ownershiWe classified 4,000 distinct primary
employers in our sample into 19 sectors and also assigned each of them to one of the
three types of ownership (see Appendix 3 for more details). Namely, we checked the
presence of sect@pecific keywords (such as bank, insurancetofg, police, etc.) in
employersO names to do the initial automatic sector assignment and then manually
assigned sectors to the employers that were left out by the script. Similarly, we used
another list of keywords to infer the type of ownership (eS§:.,td, State, etc.) and we

used the websitenhttp://querycom.ru/which provided ownership information for
companies using their statsued registration IDs we have in our data. We then
manually resolved all the remang undetermined cases and also manually checked all
companies provisionally classified as foremguned to determine whether it was owned

by a western corporation or was an offshore controlled by Russian capital.

Employer SizeThis was obtained by coung the total number of individuals who
received payments from a given employer (income source) in a given year.

Percentile in Employer Earnings Distribution (EEDO)his was obtained as the percentile
of an individualOs income in the overall earningsilbligton of his/her employer in a
given year.

Even though all the data used by us came from the public domain, to ensure privacy we
have purged all the individual identifying information (hames, addresses, id numbers)
after wefinished the construction of the sample. All the data used in the paper (without
individual identifying information) and our estimation codes will be available for the
purposes of replicating our results. We can also provide the scripts used to cleata the d
and to conduct the selection/matching process described in sfeplsalre, which can be
employed to replicate our sample construction procedure using the original databases.



2. Imputation of car values (from Braguinsky, et al 2015)

We develop a procede to assign prices to the vehicles owned by individuals in
our sample. For each car, our data contain the carOs make, model and the year it was
produced. For example: OMake: Hyundai; Model: Avant; Production year: 1999,0 or
OMake: Jaguar; Model: XJ6; Buztion year: 1993.0 No information on the presence of
optional features or the vehicleOs condition is available. Hence, we could only assign
prices to vehicles based on the median market value of cars of the same make, model and
year of production. The thls of the procedure used to impute prices are described
below.

Determining used/new status

New cars sell at a substantial premium over used cars, so accurately assigning a
price to a vehicle requires determining whether it was purchased new or uskzsdo
we used Vehicle Identification Numbers (VINS) to search the Vehicle Registration
Database and determine the carOs date of first registry. We dropped vehicles lacking a
valid VIN, but this affected only a relatively small number of older-l@le \ehicles.

We designated a car OnewO if it was first registered in the year it was produced
and in the name of the current owner. We considered a car OusedO if the database showed
prior registrations by different owners. We also considered a car Ousetiér:if(#iit
was produced two or more years prior to the date of the first recorded purchase, or (ii) the
first recorded purchase occurred after Jurfe@ahe year following the production year.

This (somewhat arbitrary) rule applied to less than S5gmeraf cars in our sample (these

cars also all proved to be relatively dated and therefore heavily depreciated by the time of
our analysis). The results are also not sensitive to dropping these cars (and their owners)
from the sample.

Obtaining prices

Russia lacks an authoritative source of car price information analogous to the
OBlue BookO in the United States. Instead, we relied upon prices listed on the two large
autotrading websites that were operating in Moscow during 2005 and 2006.

The first website(www.autonet.ry contained online sales advertisements from
various private owners and usear dealers in Moscow and provided information on a
large variety of makes, models and years of production. For the majbers in our
sample we were able to find multiple matching offers (often more than 10), and we took
the median asking price as the market value of the vehicle as of 2005. We also referred to
the second websitevivw.automosk.ruwhich is no longer operating) to collect pricing
data on the new vehicles in our sample. Whenever we could not find a price for a given
combination of make, model, and production year, we used the most similar model
available. For example, for0R3 Mercedes models 200 and 200E, we used the price of
the 2003 Mercedes model 200D.

We use these data to estimate an exponential depreciation rate, as well as
categoryspecific newcar premiums for seven classes of vehicles: 1) Luxury models, 2)
German ad Swedish cars, 3) Japanese cars, 4) American cars 5) other European (non
German or Swedish) cars, 6) Russian cars, and 7) Korean and Chinese cars (the full
inventory of models and category assignments is available upon request).




To estimate categofgpectic new car premiums and the annual depreciation rate
we employed the universe of about 1,043 car make/model/year prices we gathered from
the online sites above, which contained information for the same make/model for
different years.

Formally, letX;>'denote the price of a used car of makedeli, produced in year
s, observed in yedr We assume that this price is given by

X=X exp{l I (t! 9! /) +1)
where X, is the price of a new car of make model is the new car premium for the
category into which makmodeli falls, ! denotes the depreciation rate, iz"lis the
error term. Taking logs, we obtain the regression model:

INXS =InX ! /(t! §)! "y +# (%)

We have information for the same car make/madet different years, denote
t*(i) the most recent year of observation for car make/modenoten*(i) indicator for
whether the pric X" """ we observed in this most recent year was forew car (this
impliest*(i)=sand no new car premium subtracted from the price).

Subtracting  InX*"® =InX !/, (1! D(n* (i)=1)! "(t*(i)! s)+#,,; from
equation (*) above we get:

INXE 1 INXEO =17 (! t*(i)! "y (D(n* (i) =1) +#*,
which we estimate by ordinary least squares. The depreciation ratataegadryspecific
new car premiums estimates are presented in TaBlé. AVe also experimented with
categoryspecific depreciation rates, but the results were very similar.

TableA3.1. Estimated new car premium and depreciation coefficients for
different @tegories of cars

Variable Coefficient  Std. Err. t-value P>t

New car premium
Luxury 0.353 0.019 18.69 0.000
Russian 0.097 0.022 4.36 0.000
German 0.182 0.031 5.87 0.000
Japanese 0.111 0.024 4.59 0.000
American 0.076 0.046 1.66 0.098
Korean/Chinese 0.026 0.037 0.69 0.489
European 0.180 0.039 4.64 0.000

Depreciation for

Each additional year 0.123 0.002 72.94 0.000

R-squared: 0.929, Number of observations: 1,043
For each car make/model in our data we find baseline price using car auction
websites above. Then we use estimated depreciation rates and new car premiums
estimated above to compute the estimated price of all make-model-year
combinations in our data, taking into account also if the car was purchased new or
used.



3. Transparency on the basis of the flow of car services instead of car values stock.

In the main text we calculated transparency for each company in a given year on the basis of the gap between reported incomes
and car values of its employees. The idea being that incomes might be misreported and car values, in this regard, could be a more
reliable proxy for employee’s income. The deficiency of this approach is that car is a durable good consumed over several periods.
This might be not a serious concern since annual individual expenditures on cars might be proportional to the total value of the car.
Yet this approach ignores other annual costs of owning a car: fuel costs, maintenance/repair costs, etc. In this section we fill this gap to
see whether our results in the main text are sensitive to this omission.

We construct the value of annual expenditures on cars for a given employee as the sum of depreciation of all cars in his/her
possession plus expected fuel expenditures and repairs/maintenance costs.' Consistent with our analysis of car values in Appendix 2
we use common depreciation rate of 12% to proxy expected decline in car values per year. We use social networking site for auto-
owners http://www.drivernotes.net, which contains statistics from driver logs the users post, to impute car annual fuel consumption
and maintenance/repair costs. We then use such annual car expenditures measure in place of car values in our analysis. Namely for
each company j in year t we calculate its transparency on the basis car expenditures Ci; vs reported incomes E; gaps of all of its

employees similar to equation (5) in the main text:
. 1 $ .1 W
Be=y - T gnEL" ,InC, X (A3.1)
IAN(AY
In the main text we used ! =0.35 that was estimated in the regression of car values on incomes of employees of foreign-owned
companies. To find an appropriate value of such income elasticity for the flow of annual car services we run a regression of annual car

"' We do not include in our calculations insurance costs since those markets were virtually non-existent in Russia back in those years.
For example, mandatory liability insurance was instituted only in the second half of 2003. Collision and comprehensive insurance
products did not gain popularity until several years later with the development of auto-loans market when the bank started requiring
the purchase of this type of insurance for the vehicles they financed. We also ignore government title fees as those were very
negligible compared to other costs: e.g. state vehicle tax was levied on the basis of engine horsepower output and amounted to SRUB
(~$0.15) per horse power below 100hp and 10RUB (~$0.3) for all additional hp above 100hp. See
https://ru.wikipedia.org/wiki/!"#$%&" ($)*  $#+', for vehicle tax figures and
https://ru.wikipedia.org/wiki/-./0#(1+2$'1 % ("#3'4#$51,"#67#3$%8™ '(41(%(41$3$'%(5 4+#71+2914"#$%&"($)3 _%"17% (dor
insurance information. (Note both links are in Russian).




expenditures on reported incomes for employees of foreign owned companies and found value of ! =0.2 which we used in our
analysis. Finally we applied split sample technique in computation of transparency measures described in equation (7) in the main
text. Table A3.1 replicates our results about the relationship between car expenditures and reported incomes vs transparency scores

T, using split sample OLS and IV techniques described in equations (9), (10) and (12), (13).

Jit 2

Table A3.1: Transparency and car values and incomes of stayers. Split-sample OLS and IV.

1) o)) (3) @)
VARIABLES Log car services Log reported incomes
Transparency -0.007%**x* -0.086%*** 0.044 % 0.543%**
(0.001) (0.012) (0.001) (0.022)
Percentile 0.169%** 0.163%** 2.831%** 2.866%**
(0.006) (0.006) (0.006) (0.007)
Log firm size 0.015%** -0.018%** -0.182%** 0.029**
(0.005) (0.007) (0.006) (0.011)
Age 0.019%** 0.019%** 0.009%** 0.011%**
(0.001) (0.001) (0.001) (0.001)
Age-sq -0.000%** -0.000%** -0.000%** -0.000%**
(0.000) (0.000) (0.000) (0.000)
Gender -0.058%** -0.059%** -0.008*** -0.005%*
(0.003) (0.003) (0.003) (0.003)
Observations 323,322 301,101 323,413 301,172
R-squared 0.340 0.094 0.895 0.349
Employer FE Yes Yes Yes Yes
Estimation SSOLS SSIV SSOLS SSIV
Weak identification stat 658.0 658.6
P value 0 0

Notes: Same as Tables 2 and 3 in the main text. Flow of annual car expenditures is used instead of car values.



As in the main text we find the similar negative relationship between transparency and annual employee expenditures on cars, while
we see a positive connection between transparency and reported earnings. The effects are not only statistically significant but are also
sizeable in magnitudes. For example an increase in transparency by one standard deviation (by 2.4) is associated with
20%(=0.086*2.4) decline in car expenditures according to SSIV estimates.
We also rerun Table 5 from the main text about the relation between transparency increases and propensity of move out of the
company. As before we find that increases in transparency lead to higher propensity of employees to leave the company.
Table A3.2: Probability to move out of the company and changes in transparency.

(1) ) 3) “4) (%) (6) (7 (®)
VARIABLES  Dependent variable is an indicator for whether a given individual would be moving out of his current employer
All >30 car owners  All >30 car owners  All Small Medium Large
Transparency  -0.000 0.025%** 0.000 0.022%** 0.002 -0.042%* 0.047** 0.053%**
(0.001) (0.005) (0.001) (0.004) (0.010) (0.020) (0.020) (0.015)
Percentile -0.234%** -0.191%** -0.223%** -0.192%** -0.223%** -0.263%** -0.221%** -0.190%**
(0.005) (0.006) (0.005) (0.006) (0.005) (0.010) (0.008) (0.009)
Log firm size 0.029%** 0.027%** 0.030%** 0.026%** 0.030%** 0.036%** 0.006 0.061%**
(0.004) (0.005) (0.004) (0.005) (0.005) (0.011) (0.013) (0.009)
Age -0.004%** -0.005%** -0.004%** -0.005%** -0.004%** -0.004** -0.003*** -0.007%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001)
Age-sq 0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Sex -0.024%** -0.025%** -0.026%** -0.026%** -0.026%** -0.018%** -0.028%** -0.028%**
(0.002) (0.003) (0.002) (0.003) (0.002) (0.005) (0.003) (0.003)
Employer FE Yes Yes Yes Yes Yes Yes Yes Yes
Estimation OLS OLS SS OLS SS OLS SS 1V SS 1V SS1V SS1V
Split Sample No No Yes Yes Yes Yes Yes Yes
Observations 220,053 77,472 171,051 77,458 154,283 53,534 57,762 42,451
R-squared 0.548 0.367 0.538 0.379
Underidentification LM stat 813.3 171.4 353.0 1097
p-value 0 0 0 0

Notes: Same as Table 5 in the main text. Annual car expenditures are used instead of car values.
We also replicated other tables in the paper using this new flow measure of car expenditures and transparency scores
calculated on its basis and got similar results. Those tables are available upon request.



4. Varying income elasticity of the demand for cars
In the empirical specifications above, we assumed that income elasticity of the

demand for the stock of cars is constant throughout the relevant income range. We now
relax thisassumption. We assume that foregmned companies report earnings of their
employees truthfully and use this subsample to estimate the demand for the stock of cars
with varying income elasticity using the following demand equation:

logC;, = a(k)+ A(k)logl,, +yX,, +@(t) +¢,,. (A4.1)

Here,k is an indicator for a particular income category. To make this demand function
continuous, we impose the following linear restrictions:

a(k) + A(k)logI(k) = a(k +1)+ A(k +1)logI(k), for allk, (A4.2)
wherel(K) is a cutoff dividing th&™ andk+1" income categories.

TableA4.1 presents the rels of estimating Eq.A4.1) with restrictions as in Eq.
(A4.2), where earnings are divided into three groups: $1E0E® 999, $6,000$16,999,
and $17,00$99,999. The cutoffs were chosen so that there are approximately the same
number of observatioria each grougf. The estimated coefficients in Tabd.1 indicate
that income elasticity might indeed be different across different income groups.

In order to calculate transparency of a company j in year t we need to construct a
measure of incomear gap in the case when values of income elasticity is varying with
income. Since earnings are misreported in our main sample, we use our estimates of car
demand equation (Eq. (2)) to match observations to different income elasticities using
observed car valgevia the following procedure.

For each income bik and vector of individuaspecific characteristicX, we
compute an implied cutoff in car values:

log C(k,X) = a(k)+ A(k)log I(k) + yX + ¢(1) . (A4.3)

We then assign a particular value of income elasticity of demahdfor a given
individual with observed characteristids by comparing his/her car valu@ to these

cutoffs. Finally, using such assignment we computed a new transparency measure, the

incomecar gap with varying income elasticity of demangz,, —(logC,, ~a(*,))/2(,)),

2 We also tried several other specifications with different cutoffs and more than three income groups. The
results were similar and are available upon request.



wherek;; indicates a group to which individuais assigned in periotlaccording to his
or her car value.

We then consider specification similar to (4) in the main text:
1, —(logC,, —ak,)) /Atk,) =T, +8 X, + (1) +&,,. (A4.5)
and take firmyear fixed effectdj; as transparency scores of fiyim year t

Table A4.1
Varying income elasticity of demand for cars.

@) )

Dependent variable: Log of car value

Log incomd income binl 0.199*** 0.167***
(0.051) (0.051)
Log incomd income bin2 0.315%** 0.255%**
(0.062) (0.063)
Log incomd income bin3 0.426*** 0.336***
(0.102) (0.102)
Age -0.033* -0.021
(0.018) (0.018)
Age-squared 0.000 0.000
(0.000) (0.000)
gender 0.162*** 0.102**
(0.042) (0.043)
Income binl 2.097** 1.556
(1.069) (1.066)
Income bin2 1.088 0.794
(1.405) (1.392)
Constant 4.679%** 5.527***
(1.066) (1.062)
Sector of Economic Activity FE No Yes
Observations 5564 5,564

Notes:Dependent variable is log of total market value of cars for a given individual. Data are
from authors® estimates using Moscow income candregistry databases for 19892003.
Sample is limited to employees of foreigwned companies with annual incomes above $1,000.
Incomes categories are $100D $6,000; $6,000D $17,000 and $17,00® $100,000.
Specifications (2) and (4) include sectofseoonomic activity dummies. Robust standard errors
are reported in parentheses. ***, ** And * indicate significance at 1%, 5%, and 10% levels,
respectively.
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5. Different Subsamples
In this section we present estimates of our main result in Tables2fandifferent

subsamples.

1. Controlling for company cars
It could be argued that top managers in companies might receive car services as non

monetary benefit. To account for such possibility we reestimate Tables 2 and 3 dropping
top 5 percent of emplogsin employer earnings distribution (EED)

TableAb.1: Replication of Table 2 in the main téat employees <95 percentile in EED.

(1) () ®3) (4) ©) (6)
VARIABLES Dependent variable log car values

OLS Sample OLS Sample OLS v

0 1 Combined IV Sample 0 IV Sample 1 Combined
Transparency -0.011*** -0.013*** -0.012%** -0.090*** -0.101*** -0.095***

(0.003) (0.003) (0.002) (0.023) (0.022) (0.016)
Percentile 0.027** 0.025** 0.026*** 0.026** 0.020* 0.023***

(0.0112) (0.012) (0.008) (0.0112) (0.0112) (0.008)
Log firm size  0.039*** 0.032*** 0.036*** 0.012 0.004 0.008

(0.010) (0.010) (0.007) (0.012) (0.0112) (0.008)
Age 0.012*** 0.011*** 0.012*** 0.012*** 0.011*** 0.012***

(0.002) (0.002) (0.001) (0.002) (0.002) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender 0.034*** 0.027*** 0.030*** 0.033*** 0.026*** 0.029***

(0.006) (0.006) (0.004) (0.006) (0.006) (0.004)
Observations 130,942 130,499 261,441 120,526 120,261 240,787
R-squared 0.319 0.323 0.321 0.049 0.052 0.051
Employer FE  Yes Yes Yes Yes Yes Yes
Weak identification stat 605.3 657.1 1260
P value 0 0 0

Notes: same as Table 2. Sample further restricted to employees below 95th percentile in

EED.

11



TableAb.2: Replication of Table 3 in the main téat employees <95 percentile in EED.

(1) () 3) (4) (5) (6)
VARIABLES Dependent variable log reported incomes

OLS Sample OLS Sample OLS v
0 1 Combined IV Sample 0 IV Sample 1 Combined
Transparency 0.108*** 0.108*** 0.108*** 0.890*** 0.866*** 0.879***
(0.002) (0.003) (0.002) (0.035) (0.032) (0.024)
Percentile 2.626*** 2.618*** 2.622*** 2.644*** 2.659*** 2.652%**
(0.009) (0.009) (0.006) (0.0112) (0.010) (0.007)
Log firm size  -0.371*** -0.370%*** -0.371x** -0.100*** -0.131*** -0.115%**
(0.012) (0.012) (0.008) (0.016) (0.015) (0.0112)
Age 0.002** 0.003*** 0.003*** 0.002* 0.003*** 0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender 0.007* 0.008** 0.007*** 0.018*** 0.018*** 0.018***
(0.004) (0.004) (0.003) (0.005) (0.005) (0.003)
Observations 130,942 130,499 261,441 120,526 120,261 240,787
R-squared 0.915 0.915 0.915 0.294 0.320 0.307
Employer FE  Yes Yes Yes Yes Yes Yes
Weak identification stat 605.3 657.1 1260
P value 0 0 0

Notes: same as Talike Sample further restricted to employees below 95th percentile in
EED.

2. Males only sample

TableAb.3: Replication of Table 2 in the main téat males only

(1) () ®3) (4) (5) (6)
VARIABLES Dependent variable log car values

OLS Sample OLS Sample OLS v
0 1 Combined IV Sample O IV Sample 1 Combined
Transparency -0.012*** -0.014%** -0.013*** -0.095*** -0.107*** -0.101***
(0.003) (0.003) (0.002) (0.023) (0.022) (0.016)
Percentile 0.326*** 0.288*** 0.307*** 0.319*** 0.279*** 0.299***
(0.012) (0.013) (0.009) (0.012) (0.012) (0.008)
Log firm size  0.011 -0.001 0.005 -0.017 -0.030*** -0.024***
(0.010) (0.010) (0.007) (0.012) (0.0112) (0.008)
Age 0.013*** 0.014*** 0.014*** 0.013*** 0.014*** 0.014***
(0.002) (0.002) (0.001) (0.002) (0.002) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations  -0.212*** -0.219%** -0.216%*** -0.231*** -0.237*** -0.235%***
R-squared (0.008) (0.008) (0.006) (0.009) (0.009) (0.006)
Employer FE  Yes Yes Yes Yes Yes Yes
Weak identification stat 569.7 622.1 1189
P value 0 0 0

Notes: Same as Table 2. Sample further restricted to males only.
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Table:A5.4: Replication of Table 3 in the main téat males only

(1) () 3) (4) (5) (6)
VARIABLES Dependent variable log reported incomes

OLS Sample OLSSample OLS v
0 1 Combined IV Sample 0 IV Sample 1 Combined
Transparency 0.095*** 0.097*** 0.096*** 0.733*** 0.726*** 0.730***
(0.003) (0.003) (0.002) (0.031) (0.029) (0.021)
Percentile 2.793*** 2.776*** 2.785*** 2.842%** 2.839*** 2.841***
(0.010) (0.010) (0.007) (0.0112) (0.0112) (0.008)
Log firm size  -0.149*** -0.144%** -0.147*** 0.063*** 0.056*** 0.059***
(0.010) (0.010) (0.007) (0.015) (0.014) (0.010)
Age 0.004*** 0.007*** 0.005*** 0.004*** 0.008*** 0.006***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations  -0.747*** -0.743*** -0.745%** -0.598*** -0.620*** -0.609***
R-squared (0.006) (0.006) (0.004) (0.010) (0.010) (0.007)
Employer FE  Yes Yes Yes Yes Yes Yes
Weak identification stat 569.7 622.1 1189
P value 0 0 0

Notes:Same as Tabl2. Sample further restricted to males only.

3. Present in all 5 years
TableA5.5 Replication of Table 2 in the matiext for individuals present in all five
income databases

(1) () ®3) (4) (5) (6)
VARIABLES Dependent variable log car values

OLS Sample OLS Sample OLS v
0 1 Combined IV Sample O IV Sample 1 Combined
Transparency -0.008 -0.003 -0.006 -0.062 -0.021 -0.041
(0.006) (0.006) (0.004) (0.045) (0.042) (0.031)
Percentile 0.160*** 0.179*** 0.170*** 0.156*** 0.177*** 0.167***
(0.036) (0.036) (0.026) (0.035) (0.035) (0.025)
Log firm size  0.042** 0.002 0.022 0.020 -0.005 0.008
(0.020) (0.019) (0.014) (0.026) (0.024) (0.018)
Age 0.003 0.024*** 0.013*** 0.003 0.023*** 0.013***
(0.006) (0.006) (0.004) (0.006) (0.006) (0.004)
Age-sq -0.000 -0.000*** -0.000*** -0.000 -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender 0.009 -0.042** -0.017 0.009 -0.042** -0.017
(0.021) (0.020) (0.014) (0.020) (0.019) (0.014)
Observations 18,100 18,130 36,230 17,252 17,265 34,517
R-squared 0.480 0.483 0.481 0.036 0.032 0.034
Employer FE  Yes Yes Yes Yes Yes Yes
Weak identification stat 117.7 124.3 240.6
P value 0 0 0

Notes: same as Table 2. Sample further restricted to individuals present in all 5 income
databases.
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Table Ab6.6 Replication of Table 3 in the main text for individuals present in all five
income databases

(1) () 3) (4) (5) (6)
VARIABLES Dependent variable log reported incomes

OLS Sample OLS Sample OLS v
0 1 Combined IV Sample O IV Sample 1 Combined
Transparency 0.085*** 0.096*** 0.090*** 0.634*** 0.686*** 0.662***
(0.005) (0.005) (0.004) (0.059) (0.063) (0.043)
Percentile 2.669*** 2.641*** 2.656*** 2.707*** 2.695*** 2.702%**
(0.028) (0.028) (0.020) (0.029) (0.029) (0.021)
Log firm size  -0.115*** -0.093*** -0.104*** 0.111*** 0.122*** 0.118***
(0.019) (0.018) (0.013) (0.030) (0.030) (0.021)
Age 0.015*** 0.016*** 0.015*** 0.016*** 0.017*** 0.017***
(0.004) (0.004) (0.003) (0.004) (0.005) (0.003)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender 0.010 -0.025** -0.008 0.006 -0.023* -0.009
(0.012) (0.0112) (0.008) (0.013) (0.012) (0.009)
Observations 18,100 18,130 36,230 17,252 17,265 34,517
R-squared 0.919 0.921 0.920 0.419 0.372 0.394
Employer FE  Yes Yes Yes Yes Yes Yes
Weak identification stat 117.7 124.3 240.6
P value 0 0 0

Notes: same as TableQample further restricted to individuals present in all 5 income
databases.
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6. Different transparency measure calculations.

6.1. Transparency as mean income car gap
In the main text we defined transparencyadgisted by individual characteristics mean
income car gap (see (5)). Here we repeat estimation of Tables 2 and 3 using simply

average by company year

characteristicéi.e. effectively imposing=0 in equatn (5)).
TableA6.1 Replication of Table for mean income car gap as transparency measure

income car gap without adjsutment by

individual

(1)

(2)

(3)

(4)

(5)

(6)

VARIABLES Dependent variable log car values
OLS Sample OLS Sample OLS v
0 1 Combined IV Sample O IV Sample 1 Combined
Transparency -0.011*** -0.006*** -0.008*** -0.067*** -0.033*** -0.050***
(0.002) (0.002) (0.001) (0.0112) (0.0112) (0.008)
Percentile 0.237*** 0.228*** 0.232*** 0.245*** 0.232*** 0.239***
(0.010) (0.010) (0.007) (0.010) (0.010) (0.007)
Log firm size  0.019** 0.016** 0.017*** -0.019* -0.001 -0.010
(0.007) (0.007) (0.005) (0.010) (0.010) (0.007)
Age 0.013*** 0.013*** 0.013*** 0.013*** 0.013*** 0.013***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender 0.009* 0.007 0.008** 0.009* 0.007 0.008**
(0.005) (0.005) (0.004) (0.005) (0.005) (0.004)
Observations 158,841 158,838 317,679 158,841 158,838 317,679
R-squared 0.019 0.019 0.019 0.039 0.031 0.036
Employer FE  Yes Yes Yes Yes Yes Yes

Notes.Same as Table 2.Transparency is computed as mean income car gap using split sample.

Table A6.2 Replication of Table 3 for mean income car gap as transparency measure

(1)

(2)

(3)

(4)

()

(6)

VARIABLES Dependent variable log reported incomes
OLS Sample OLS Sample OLS v
0 1 Combined IV Sample O IV Sample 1 Combined
Transparency 0.051*** 0.051*** 0.051*** 0.306*** 0.309*** 0.308***
(0.001) (0.001) (0.001) (0.010) (0.010) (0.007)
Percentile 2.816*** 2.810*** 2.813*** 2.776*** 2.774*** 2.775%**
(0.008) (0.008) (0.005) (0.008) (0.008) (0.006)
Log firm size  -0.159*** -0.147*** -0.153*** 0.012 0.012 0.012*
(0.008) (0.007) (0.005) (0.010) (0.009) (0.007)
Age 0.008*** 0.011*** 0.009*** 0.008*** 0.010*** 0.009***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Age-sq -0.000*** -0.000*** -0.000*** -0.000*** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Gender -0.006* -0.011 %+ -0.008*** -0.007* -0.009** -0.008***
(0.004) (0.004) (0.003) (0.004) (0.004) (0.003)
Observations 158,841 158,838 317,679 158,841 158,838 317,679
R-squared 0.670 0.665 0.667 0.616 0.609 0.613
Employer FE  Yes Yes Yes Yes Yes Yes

NotesSame as Table. Pransparency is computed mgan income car gap using split sample.
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6.2. Transparency as income car gap of everybody else, except given
employee.
Alternative way to calculate transparency is to use mean income car gaps of everybody
else except a given employee.
1 1
T = N S#E (log E*,, —ZlogCS’t) (A6.1)

(SDE]

This measure would then vary by individual within a company. This approach also avoid
automatic correlation between individual car values and transparency score but still does
not allow to correct for the measurement error contained itidhsparency scores.

Table A6.3. Replication of Tables 2 and 3 for transparency measure of all people expect
particular employee.

) )

VARIABLES Log car value Log income
Transparency -0.005*** 0.049***
(all except you) (0.001) (0.001)
Percentile 0.037*** 2.082%**

(0.010) (0.014)
Log firm size 0.019*** -0.058***

(0.004) (0.005)
Observations 213,231 213,231
R-squared 0.006 0.499
Employer FE Yes Yes
Employer X
Individual FE No No

Notes: Data are from Moscow online databasesndiividual incomes and car values for 198803.

Sample is limited to employees of companies with incomes above minimal wage and less than $100,000
per year, continuing employment with the given company from the previous year. Transpiarency
individual specific measure and is computed for a given individual as mean income car gap of all his
coworkers. All specifications are estimated by OIAH specifications include employer and time fixed
effects.Age, age squared, and gender are included but not egpBidbust standard errors are reported in
parentheses. *** ** And * indicate significance at 1%, 5%, and 10% levels, respectively.
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7. Individual X Employer Fixed effects
In the main text we include employer fixed effects. Here we report estimalablet 2
and 3 when we include individual X employer fixed effects.

Table A7.1: Replication of Table 2 with individual X employer FE

(1) () ®3) (4) (5) (6)
VARIABLES Dependent variable log car values

OLS Sample OLS Sample OLS v

0 1 Combined IV Sample0 IV Sample 1 Combined
Transparency -0.007*** -0.006*** -0.006*** -0.062*** -0.054*** -0.058***

(0.002) (0.002) (0.002) (0.018) (0.019) (0.013)
Percentile 0.030** 0.043*** 0.036*** 0.016 0.023 0.019*

(0.015) (0.015) (0.0112) (0.015) (0.016) (0.0112)
Log firm size  0.028*** 0.013** 0.021*** 0.006 -0.006 0.000

(0.007) (0.006) (0.005) (0.010) (0.010) (0.007)
Observations 90,426 90,730 181,156 90,412 90,717 181,129
R-squared 0.005 0.006 0.006 0.077 0.069 0.073
Weak identification stat 90,426 90,730 181,156
P value 0 0 0

Notes: same as Table 2. Individual X employer FE are additionally included

Table A7.2 Replication of Table 3 with individual X employer FE.

(1) () 3) (4) (5) (6)
VARIABLES Dependent variable log reported incomes

OLSSample OLS Sample OLS v

0 1 Combined IV Sample O IV Sample 1 Combined
Transparency 0.076*** 0.073*** 0.074*** 0.691*** 0.688*** 0.690***

(0.002) (0.002) (0.002) (0.036) (0.037) (0.026)
Percentile 2.242%** 2.183*** 2.212%** 2.404*** 2.430*** 2.418***

(0.022) (0.022) (0.016) (0.028) (0.029) (0.020)
Log firm size  -0.081*** -0.086*** -0.084*** 0.163*** 0.156*** 0.159***

(0.008) (0.007) (0.005) (0.017) (0.018) (0.012)
Observations 90,426 90,730 181,156 90,412 90,717 181,129
R-squared 0.534 0.528 0.531 -0.304 -0.276 -0.291
Weak identification stat 117.7 124.3 240.6
P value 0 0 0

Notes: same as Table 2. Individual X employer FE are additionally included
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8. Movers Results without Split Sample

Split sample approach is required for the regressions of car values and reported incomes only. In the case of our results for movers
split sample is not required but still can be useful to solve problem of measurement error, which potentially could be present in
calculated transparency scores. In this Appendix we show that our results for movers are still qualitatively similar when we do not use
split sample IV. Table A8.1 replicates results of Table 6 in the main text about propensity to move out of the company depending on
individual level characteristics using simple (non split sample) OLS. Employer fixed effects are included.

Table A8.1 Replication of Table 6 using OLS without split sample

) 2 3) (4) () (6) (7) (8)
VARIABLES Dependent variable: dummy variable to move out of the company
IncomeCarGap X -0.001***
Transparency (0.000)
IncomeCarGap(t-1) X -0.001***
Transparency (0.000)
Log car value X 0.001*** 0.002***
Transparency (0.000) (0.001)
Log income X 0.002*** 0.000
Transparency (0.000) (0.001)
Log car value(t-1) X 0.001*** 0.003***
Transparency (0.000) (0.001)
Log income(t-1) X -0.000 -0.003***
Transparency (0.000) (0.001)
Transparency -0.005***  -0.003 -0.004**  -0.002 -0.003 0.001 -0.004** -0.002
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Observations 154,283 103,722 154,283 154,283 103,722 103,722 154,283 103,722
R-squared 0.029 0.030 0.029 0.030 0.030 0.035 0.031 0.036

Notes: Data are from Moscow online databases on incomes and car values for 1999-2003. Sample is limited to employees of companies with incomes above
minimal wage and less than $100,000 per year, who continue their employment with the present employer from previous year, and are also present in the income
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database (i.e. observed employed) next year. All specifications are estimated using OLS. All specifications include employer and time fixed effects. In addition
all specifications include but not report individual level variable with which transparency is interacted in a given regression specification. Age, age-squared, and
gender are included in all specifications as well. Robust standard errors are reported in parentheses. ***, ** And * indicate significance at 1%, 5%, and 10%
levels, respectively.

Table A8.2 replicates Table 7 about the characteristics of pool of new hires into the company using simple (non split sample) OLS.
Employer fixed effects are included.

Table A8.2. Replication of Table 7 using OLS without split sample

1) ) ©) (4) (5)
Mover

VARIABLES Log car Log car(t-1)  Percentile Transparency(t-1) Dummy

All All All All All
Transparency -0.328***  -0.237*** -0.009*** 0.342%** -0.004***
of current employer ~ (0.003) (0.011) (0.001) (0.026) (0.000)
Log firm size -0.013 -0.018 0.030*** 0.096** 0.038***

(0.009) (0.020) (0.003) (0.039) (0.001)
Observations 94,887 26,294 94,887 25,150 734,756
Number of emp_inn  0.089 0.024 0.026 0.028 0.018
Employer FE Yes Yes Yes Yes Yes

Notes: Data are from Moscow online databases on individual incomes and car values for 1999-2003. Sample is limited to employees of companies with incomes
above minimal wage and less than $100,000 per year. In specifications (1)-(4) the sample is further limited to “movers”, i.e. individuals, who just started their
employment with the given company in the current year Transparency of current employer is computed from individual income car gaps using split sample
procedure (see equation (8)). All equations are estimated using Split Sample 1V, where transparency as an explanatory variable is computed over the same
subsample of company employees to which individual was assigned (T") from equation (12)) and is treated as endogenous variable. Transparency computed
over the whole subsample of company employees in a given year (see equation (5)). Transparency(t-1) is transparency of a previous year employer for a given
mover computed from individual income car gaps using the whole sample (see equation (5)). All specifications include employer and time fixed effects. Age age-
squared and gender are included but not reported. Robust standard errors are reported in parentheses. ***, ** And * indicate significance at 1%, 5%, and 10%
levels, respectively.
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9. Estimation with Industry X Year fixed effects

In the main text we include employer and year fixed effects. Employer fixed effects control for firm level heterogeneity which remains
constant over time for a given company, while year fixed effects account for economywide aggregate shocks. In this section we
include more flexible industry X year fixed effects and employer fixed effects to control for possible time-varying industry specific
shocks: e.g. changes in regulation, programs aimed at improving transparency in particular industries etc.

Table A9.1: Reported incomes and car values: Industry X year fixed effects: split sample 1V

I "#Y "% "&$ "$! "($! "$!
/231456! /231456! /23! /23! /23!
*+-+/01 ! 1231456! 78429: ! 78429: ! 78429: !
I I I I I I I
;658<=56:84>! MWA@BWC 1@A#%'CCC  @WA@DDCC @AD&(CC @AB@'CC @AD@#C(
"QAQ'@$ "QA@&'S "@A@%D$ "@A@)@¢ "@AQ@Y "@AQH$
E:64:8F7G: @A&%(CCC  @AL@#HCCI @A&H#CICC  %AD('CCC %ADHAC( %AD()CCC
"QAQH(S "@AQ@#(S "QA@#HS  "@AQ#S$ "QAQ¥$S "@AQ#HS
/231429=58>I<7H:! WA@WDC WA@E&BC( WA@L&@C( WAQ@LE@ WAQ@%NE WVDAQH
"@A@H)$ "@AQH(S "@AQ#HS @A@Y "@AQ%NE "Q@AQ@H($
+3: | @A@#CCC @A@@BC( @A@#@CC @A@A@(C @A@@DC @A@@)C!
"QAQ @ %] "QAQ @ %] "QA@@%Y "@QAQDY "Q@AQDY "@A@O#
+3: xJ! WA@@LC WA@@LQC WAE@Q@LC WA@EBC WAQQ@L WAQQD
"QA@ @@ "QA@ @@ "QAQ@Q@¢ "@AQB@C "@AQBC "@AQOBC
K:8 L:6! @A@&ICCC @A@&BCC @A@&DCC @AQ@Q@B @A@Q@( @A@@B
"QA@@D$ "@A@@D$ "QAQ@)$ "@QAQ@B "@QAQ@@B "@QAQO(
MN<:605F728< B%P)%' B%P#)& #"PBDB! B%P)%' B%P#)&  #'PBDB!
09=G2>:8Q!R:56!S0! R:<! R:<! R:<! R:<! R:<! R:<!
09=G2>:6!Q!-8L707LT5G!S u2! u2! u2! u2! u2! u2!

Notes: Data are from Moscow online databases on individual incomes and car values for 1999-2003. Sample is limited to employees of companies with incomes
above minimal wage and less than $100,000 per year, continuing employment with the given company from the previous year. Transparency is computed from
individual income car gaps using split sample procedure (see equation (8)). Employees in each company a split randomly into two samples (Sample 0 and
Sample 1). All specifications are estimated using Split Sample IV where explanatory variable Transparency is computed over the subsample of employees to
which particular individual was assigned (T" from equation (12)) and is instrumented by transparency score computed over the other subsample (T from
equation (9)). Specifications (1) and (4) ((2) and (5)) are estimated over Subsample 0 (1) respectively. Specifications (3) and (6) use combined estimation using
both subsamples. All specifications include employer and time fixed effects. Robust standard errors are reported in parentheses. ***, ** And * indicate
significance at 1%, 5%, and 10% levels, respectively.
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10. Comparisons official Moscow statistics data: (from Braguinsky and Mityakov 2015).

This section provides the details of the comparisons between part of our sample (where ownership and sectoral assignment was
performed manually in our prior work Braguinsky and Mityakov (2013)) and the data on the whole Moscow workforce to complement
the discussion in Section 2.1 of the main text.

Table A10.1 Average monthly earnings (in rubles) in Moscow in all sectors of employment and in selected sectors:

Rosstat data versus sample

Earnings:
Construction, Wholesale | Utilities Banking,
All Manufac | transportation, and retail and Education | finance, Govern
Years sectors turing communications | trade services and science | insurance® | ment
5-year Rosstat data 5,102 5,587 6,838 3,179 4,967 4,137 14,644 5477
averages Sample 5,440 5,549 6,059 4,360 5,210 3,050 15,238 6,188
Rosstat data 2,356 2,460 3,211 1,960 2,381 1,627 4,891 2,602
1999 Sample 2,317 2,564 3,152 2,626 2,926 1,254 5,067 2,502
Rosstat data 3,229 3,572 4,137 2,083 3,062 2,483 8,212 3,857
2000 Sample 3,583 3,661 3,750 2,891 3,792 1,872 8,832 3,774
Rosstat data 4,924 5,569 6,476 3,075 4,474 3,856 15,693 5,235
2001 Sample 4,736 5,639 5,626 4,454 4,903 2,847 14,674 6,247
Rosstat data 6,388 7,272 9,178 3,402 6,228 5,468 20,965 6,580
2002 Sample 6,626 7,039 7,641 5,712 7,165 4,141 20,505 7,410
Rosstat data 8,611 9,061 11,189 5,377 8,691 7,249 23,458 9,108
2003 Sample 9,939 8,842 10,126 6,115 7,266 5,136 27,113 | 11,008

Notes: Rosstat data available on www.gks.ru Sample data are annual averages of all non-zero reported incomes in Russian rubles, divided by 12 to
convert to monthly averages. Government includes federal and local government.

® To eliminate the effects of small interest incomes and very large earnings from selling securities, sample data in banking, finance and insurance sector excludes
earnings below half of the official minimum wage and above the equivalent of US $1,000,000 per annum.

21



