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Quantifying the Impact of Red Tape on Investment:
A Survey Data Approach

Abstract

An important strand of research in macro-finance investigates which factors impede enterprise
investment, and quantifies their aggregate cost. In this paper, we make two contributions to this
literature. The first contribution is methodological: we introduce a novel framework to calibrate
macroeconomic models with firm-level distortions using enterprise survey micro-data. The core
of our innovation is to explicitly model the firms’ decisions to report the distortions they face in
the survey. Our second contribution is to apply our method across seven countries to characterize
the distribution of these distortions and estimate the GDP loss induced by distortionary red tape.
Our estimates are based on a dynamic general equilibrium model with heterogeneous firms whose
capital investment decisions are distorted by red tape. We find that the aggregate cost of red tape
varies widely across the countries in our dataset, with an average cost of of 0.8% of annual GDP.
Our framework opens up a new range of applications for enterprise surveys in macro-financial
modeling and policy analysis.
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1. Introduction

Understanding what keeps markets from allocating resources efficiently is a central research question in
economics. A recent literature (Bagaee and Farhi, 2020), inspired by earlier work by Harberger (1954), shows
that it is possible to approximate the economic cost of the misallocation of production factors among firms,
by measuring the cross-sectional dispersion of firms’ markups or revenue productivity (TFPR). It is generally
understood that this cost of is large (double-digit percentages of GDP), and that it is higher for emerging
economies. Yet, what causes this huge factor misallocation is still very much an open question.

Some studies have shown that information frictions (David, Hopenhayn, and Venkateswaran, 2016), adjustment
costs (Asker, Collard-Wexler, and De Loecker, 2014), as well as a variety of country-specific firm size distortions
(Gourio and Roys, 2014) are all likely to play a role. However, as shown by David and Venkateswaran (2019),
a significant proportion of the variation in revenue productivity and — in particular — in the marginal revenue
product of capital (a component of revenue productivity) remains to be explained. This is especially true in
the case of emerging economies. Particularly difficult to measure is the impact of institutional factors, such
as the quality of the regulatory environment.

In this paper, we seek to make two contributions. The first is methodological. We propose a novel approach
to estimate the distortionary impact of specific distortions on firm-level investment and factor (mis)allocation.
The approach that we propose consists in combining a heterogeneous firms, dynamic general equilibrium
model with enterprise survey data. The cornerstone of our methodological contribution is to explicitly
model the firms’ decision to report the distortions in the survey. This allows us to parametrize the model
using moments of the joint distribution of enterprise financials and survey data while also allowing for noisy
measurement error in firms’ survey responses.

Our second contribution is to then apply our method to estimate the economic cost of red tape (bureaucracy
and regulation that delay or constrain investment) across seven developed European economies. We estimate
that, across the seven countries in our dataset, the economic cost of red tape exceeds US$ 154 billion each
year. When computed at the country level, as a percentage of GDP, the cost of red tape varies widely across
countries: it can be as low as 0.10% of GDP, as in the United Kingdom, or as high as 3.9% of GDP, as
in France. Interestingly, we find substantial heterogeneity in the economic cost of red tape even among
developed European countries.

While this is surely not the first paper to use survey data, and there are many institutions that run firm
surveys on a regular basis, this is (to the best of our knowledge) the first paper to embed the firm’s survey
response decision in a general equilibrium model and to use the survey data to discipline the model.! This
approach allows us to produce a dollar estimate of the economic cost of red tape for a large set of countries.

A key advantage of our approach is that, unlike previous methods, it allows specifically for measurement
error contaminating empirical estimates of marginal revenue products. It also allows for measurement error
in the firms’ survey responses. Unlike first-generation studies of factor misallocation (Hsieh and Klenow,
2009; Baqaee and Farhi, 2020), in which measurement error in revenue productivity and markups biases
upwards the measured deadweight losses, our approach is conservative, and can attribute variation in revenue
productivity and markups to specific frictions (Haltiwanger et al., 2018). The tradeoff is that it requires the
availability of balance sheet as well as enterprise survey data. Fortunately, this type of dataset is becoming
increasingly available to researchers.

1In a contemporaneous paper, Ameriks et al. (2016) use investor survey responses to identify preference parameters and
estimate a partial equilibrium life-cycle model of insurance demand. Like us, they explicitly model measurement error in the
survey responses.



FIGURE 1: GDP AND CAPITAL PER EMPLOYEE V.S. REGULATIONS INDEX
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FIGURE NoOTES: The figure above plots GDP per employed person (upper panel) and
Capital Stock per employed person (lower panel) in 2011 US$ thousands, against an index of

business regulations computed from the dataset of Djankov, La Porta, Lopez-de Silanes, and

Shleifer (2002). Each observation is a country. The index is the first principal component

(in logs) of three variables capturing the average number of days, procedures and steps

required to register a new business in the corresponding country. The variables plotted on
the vertical axis, which uses a log scale, were obtained from the Penn World Tables v9.1.



We believe that measuring the aggregate economic cost of red tape is an important research question in
its own regard. Bureaucracy and regulations have long been argued to cause under-investment and capital
misallocation (Posner, 1975; Gray, 1987). Yet, there is a dearth of studies dedicated to measuring aggregate
distortionary impact of (broadly defined) red tape on investment.

To motivate our analysis of the relationship between aggregate investment and red tape, we start from some
simple empirical observations, for which we use the dataset of business regulations of Djankov, La Porta,
Lopez-de Silanes, and Shleifer (2002, henceforth DLLS). DLLS developed a methodology to measure cross-
country differences in regulatory burdens and found that countries differ greatly in terms of the red tape
faced by their companies.

The upper panel of Figure 1 plots GDP per employee in 2011 US dollars (as measured by the Penn World
Tables), against an index of business regulations, which we obtained from the dataset of DLLS. The graph
shows a strong negative correlation between these two variables. In the lower panel we replace GDP per
employee with capital stock per employee. We find a very similar relationship, except for a much steeper slope
— suggesting that the correlation between income and regulation is possibly driven by capital accumulation.

These graphs only present a correlation, of course. What we need in order to estimate the economic cost of
red tape is a quantitative model. To derive a precise model-based estimate of the cost of red tape, we propose
a dynamic general equilibrium model in which red tape has heterogeneous effects on company investment.
We represent the influence of bureaucracy as a capital tax that varies across firms. Our model features
endogenous investment, which allows us to disentangle two margins of the adverse effect of bureaucracy on
output. The first is under-investment: by imposing a positive tax on capital, red tape discourages investment
across all firms. The second channel is capital misallocation: the cross-sectional heterogeneity in the impact
of red tape distorts the allocation of capital among firms.

Our model produces closed-form formulas for: i) the percentage loss in GDP induced by red tape, ii) the
percentage change in aggregate TFP, and iii) the percentage reduction in the capital stock. The second of
these isolates the misallocation channel, whereas the third isolates the under-investment channel. These
formulas depend on the parameters of the wedges’ cross-sectional distribution.

We then estimate our model using our survey-based approach. The critical assumption underpinning our
estimation strategy is that the capital wedges due to red tape follow a known probability distribution. Given
our setting, we make the assumption that these wedges follow a normal distribution. We parametrize the
distribution using the EFIGE data, a unique dataset that combines firm-level balance sheet data from the
Bureau Van Dijk with survey data from GfK. The survey prompts firms to report whether red tape imposes
a significant constraint on the company’s growth.

The intuition behind our approach is that, to the extent that the survey data correctly identifies firms that
are most adversely affected by red tape, we should observe a “shift” in the distribution of the marginal
revenue product of capital (MRPK). By effectively measuring the magnitude of this shift, we can parametrize
the probability distribution of the wedges. Our model can them inform us how removing the distortions
associated with red tape can boost aggregate productivity and investment.

Based on our model we estimate, for each of the countries in the EFIGE dataset, the annual GDP loss induced
by red tape, decomposed into GDP losses induced by misallocation and those induced by underinvestment.
We find that, for most countries, the aggregate TFP loss is a small share of the overall GDP loss; in other
words, most of the GDP losses occur due to lower aggregate saving, rather than capital misallocation.

Our paper brings together different literatures in macroeconomics and finance. First, we contribute from
a methodological standpoint to the literatures of financial frictions, under-investment and growth (Beck
et al., 2005; Buera et al., 2013; Moll, 2014; Restuccia and Rogerson, 2017) as well as the literature on capital



misallocation (Harberger, 1954; Gopinath et al., 2017; David and Venkateswaran, 2019; Baqaee and Farhi,
2020), by showing how red tape can act as a drag on capital investment and allocation and by quantifying
this effect.

Second, we contribute to the literature on the effects of regulation and red tape on growth (La Porta et al.,
1999; Djankov et al., 2002; Coffey et al., 2020). Our innovation with respect to this literature is to provide a
quantitative modeling framework that allows us to perform counterfactual exercises for a wide set of countries.
Previous studies (Klapper et al., 2006; Ciccone and Papaioannou, 2007) have shown that red tape lowers
aggregate productivity by delaying the entry of the most productive firms and reducing intersectoral factor
reallocation. Our study shows that red tape also impacts growth through under-investment and capital
misallocation among incumbents. Though our paper focuses on the impact of red tape on firms’ investment,
our work is also related to studies that have estimated the impact of red tape on labor allocation and labor
productivity (Bertrand and Kramarz, 2002; Kaplan et al., 2007; Ebell and Haefke, 2009).

We also contribute to the large literature on cross-country differences in income and institutions (Hall and
Jones, 1999; McGrattan and Schmitz Jr, 1999; Barseghyan, 2008; Egert, 2016), by showing how distortions of
firms’ investment decision and resource misallocation act as important channels that mediate the effect of
institutions on growth (Williamson, 2000; Alesina et al., 2005).

This paper also relates to a recent literature in economics and finance that utilizes enterprise surveys (see, for
example, Ma et al., 2020; Ameriks et al., 2016) to parametrize macroeconomic models with frictions. We
believe that the approach developed in this paper can be used to estimate the effect of other frictions. One
way to expand this line of research, which we see as particularly promising, is to design novel enterprise
surveys that are built specifically to calibrate general equilibrium models with firm-level frictions. Central
Banks and Censuses (who manage business registry data and run enterprise surveys on a recurrent basis) are
among the entities that can most easily accomplish this. We believe that having a quantitative framework in
place to take advantage of firm-level survey data can provide valuable guidance on how to design enterprise
surveys for maximum robustness and statistical power.

Finally, our methodology for incorporating survey evidence into the estimation of economic models is well-
suited to take advantage of a growing wealth of survey data in finance. In addition to long-running surveys of
consumer expectations (University of Michigan, 2021) and managerial forecasts (Federal Reserve Bank of
Richmond, 2021), new initiatives have begun which survey institutional investors (Giglio et al., 2021). Our
framework is portable and general enough to be mapped into these settings and address other long-standing
questions.

The rest of the paper is organized as follows: in Section 2 we introduce our framework to leverage survey
data to measure firm-level distortions; in Section 3 we introduce the data we use and show how we apply this
framework to estimate aggregate cost of red tape; in Section 4 we outline the DGE model that underlies our
measurements and present estimates obtained from a sample of European manufacturing firms; in Section 5
we present robustness checks and analyze the sensitivity of our results; in Section 6, we conclude.



2. Enterprise Surveys and Distortions: a General Framework

Consider a model economy that is in a static or steady-state equilibrium, with a set of active firms indexed
by i € Z. The starting point of our analysis is the profit-maximization problem of a generic firm i, which

combines a vector of inputs x; to produce output y; using some increasing concave function y (-):

yi = y(xi) (2.1)

Firm ¢ acts as a price-taker in input markets, charges unit price p; (which may depend on y;) and faces
a multiplicative wedge exp (7;), which is applied to the expenditure on some generic input X. Hence, the
optimality condition of firm ¢ with respect to input X takes the form:

def d p;y;

log MRPX,; = log 3 = logpX +7 (2.2)
Ty

where MRPX; is the Marginal Revenue Product of input X; z; is the amount of input X utilized by firm i,
pX is the input price, which firm i takes as exogenous; and 7; is a an actual tax or a shadow tax, which is
specific to each firm ¢ and therefore distorts the allocation of input X across firms.

We assume that each firm ¢ draws 7; from some distribution that has cumulative probability distribution
function F; (-), which is defined over a subset of the real line R. By assumption, MRPX; is decreasing in
input X;. Therefore, ceteris paribus, firms that draw a positive (negative) value of 7 acquire less (more) of
input X than they would otherwise.

Suppose that we have a fully laid out model for this economy, and that we can write a measure of aggregate
output Y (it can also be welfare, or any other statistic of interest for this economy), as a function of a set of
model parameters and firm-level observables O, as well as the wedge distribution F., which is not known:

Y =Y (O,F,) (2.3)

We are interested in performing counterfactual exercises on F, — that is, studying how aggregate output Y
responds to changes in the wedge distribution F’-. In order to perform this exercise, we need to first estimate
F.. In order to do so, we will require survey data regarding firms’ beliefs about 7.

Suppose that an econometrician administers a survey to a sample of firms, asking each firm to quantify the
impact of the economic friction 7; using an ordered categorical variable, which describes the intensity of the
distortions experienced by firm i:

D; € {1,2,...,m} (2.4)

The problem at hand is to formulate an empirical strategy to recover F., based on some available noisy
measure of MRPX;, as well the survey response data D;. The first contribution we make in this paper —
which is a methodological contribution — is to provide such an empirical strategy, which we base on: 1)
modeling the firms’ response to the survey; 2) making a parametric assumption on F .

The first step consists of modeling the response of firm 4 to the survey using a statistical model of ordered
choice. We start by constructing a partition B of the real line R into m contiguous intervals:

% = { %17 %27 AR %m }

= {(~o0,Tn], (T, Ts], ., (Ton_1,+00) } (2.5)

Our key assumption is that firm 4’s response is characterized by the following rule: firm ¢ returns response



D; = j if and only if the sum of 7; and and some reporting error &; falls in the j** element B ;j of the partition
B — formally:

j=1

the reporting error &; is drawn from some distribution F¢, which reflects the inherent noisiness of the survey
response. It can originate from a variety of factors, such as the reporting choice being made from a different
agent that makes the production decision, or simply incorrect assessment of the severity of the constraint.
Intuitively, what we have done is to break the range of possible values of 7; into a series of “buckets” that
correspond to ordered categorical answers that firm ¢ can provide.

The second step is to make a parametric assumption on F, — that is, we assume that F, has some known
functional form and that it is parametrized by (unknown) vector 87 € R®~. Similarly, we assume that the
survey error is drawn from a distribution with density F¢ with known functional form and parametrized by
unknown 6% € R®s.

Additionally, let us define M, the conditional expectation function for 7;, which conditions on the survey
response D;:

def

M(j;aT,ei,T) E (| D; = §) (2.7)

Assume that we observe MRPX with a multiplicative error term, which is assumed to be identically and
independently drawn from some distribution with cumulative probability F. (-;6°) that has mean zero, and
that it is orthogonal to 7; and &;, so that:

logmi = logMRPX; +¢; = logp™ +7; +¢&; with g; ~iidF. (0°),E (g 7,8 =0) (2.8)
Define also P;, the percentage of firms responding D; = j:
Py = P(Di =) (2.9)
as well as (), the conditional mean difference of log l\ﬁ%ﬁ(Z between two contiguous response groups:

Bj déf E (10g M/Rﬁii

D, :j) —E (1ogM/R'ﬁg

Di=j— 1) (2.10)

The sample counterpart of these two statistics — Bj and 75j — can measured in the data. Then, the orthogonality
assumption g; L 7; implies that the following system of moment equations:

B = M(j;of,aﬁ,T)—M(j—1;07,95,:r) j=2 ..m (2.11)
ﬁj = F‘r-‘rf (1})07—305) - Ir+g (7}—1;07705) ] = 1727"'7m7 1 (212)
where (with some abuse of notation) Ty = —oo. This system of moment equations can be used to identify

the parameters (07, 6%, T). The system above has 2 (m — 1) equations and (0, + ©¢ +m — 1) parameters,
which include the vector 8 and the m — 1 thresholds (71,75, ..., Tyn—1)-

In practice, whether (07, 6°, T) can be identified depends on the dimensionality of the parameter vectors,
the specific functional form of f; and f¢, and what else can be observed in the data.



3. Application: Red Tape and Capital Investment

In this section, we apply the framework presented in Section 2 to measuring the economic cost of red tape.
We start by describing the data, and we then move to the practical implementation of our framework.

3.1. Data

For the practical implementation, our data source is EFIGE: it is a firm-level database that was created by
the Brussels-based think tank Bruegel. The dataset covers a representative sample of 14,759 manufacturing
firms from seven European countries (Austria, France, Germany, Hungary, Italy, Spain, UK).

The dataset is comprised of two parts. The first is cross-sectional response data from the EFIGE executives
survey, which was conducted by the think tank Bruegel in early 2010: firms were asked questions about a
wide range of topics, including their organizational structure, ownership, workforce, international activities,
and financing. The survey was contracted to the professional marketing research firm GfK.

The second part is a firm-year panel of firm financials (including turnover, assets, interest expenditure, profit
and labor costs) for the period 2001-2014 merged from the Amadeus dataset, by the Bureau van Dijk.

We use a dummy variable that encodes the firms’ answer to a specific question from the EFIGE survey. The
specific question is:

E6. Indicate the main factors preventing the growth of your firm:
financial constraints
labour market requlations
legislative or bureaucratic restrictions

O
O
O
O lack of management and/or organizational resources
O lack of demand

O other

This question admitted an open-ended answer and was coded by the survey administrator as a multiple-choice
question. Our main explanatory variable — the dummy variable Red Tape — equals one if the survey
administrator coded part of the firm’s manager answer as indicating option three. That is, the dummy is
equal to one if the manger indicates legislative or bureaucratic restrictions were among the main factors
preventing their firm’s growth. We also encode firms ticking option two as an additional control variable,
which we call Labor Regulations.

The EFIGE survey asked firms about their activities in 2009. Given that 2009 was a recession year, we use
the balance sheet data from the most recent prior expansion year, 2007, for our firm-level analysis.

The survey portion of the EFIGE dataset comes with sampling weights to ensure the representativeness of
the survey sample. Weighting ensures that the in-sample distribution of firms over industries and size classes
matches the population’s.

We model bureaucracy as a shadow tax on capital investment. Hence, our key firm-level variable will be the
Average Return on Capital, which in our model is given by ¥i/k;. In the data, we estimate it as follows:

y; _ Value Added; (3.1)
k;  Fixed Assets; '
Value Added can be computed as either revenues less intermediate input costs, or (alternatively) as the sum

of capital and labor compensation (EBITDA+Labor Costs).



FIGURE 2: REGULATIONS AND SURVEY DATA
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Silanes, and Shleifer (2002). The dotted line is a fitted regression line.

3.2. External Validation of EFIGE Survey Response Data

One risk of using survey data is that the information contained in the Red Tape dummy might contain a
significant subjective component: in other words, it is difficult to know ex-ante to what extent the responses
to the EFIGE survey reflect objective obstacles faced by firms due to red tape, or simply the management’s
subjective assessment of said obstacles. For this reason, we validate the Red Tape dummy variable against a
well-known, objective measure of regulatory burden.

In order to validate the EFIGE survey data, we use international data on the intensity of regulations compiled
by Djankov, La Porta, Lopez-de Silanes, and Shleifer (2002). The data set covers 85 countries and quantifies
the regulatory burden faced by entrepreneurs who intend to form a new business, in terms of number of
procedures and the length of time required to complete them.

We use this dataset because it measures red tape across countries with an objective, comparable methodology.
The downside is that these measures of regulation are (conceptually) not a perfect match for our model and
firm-level data, as neither the model nor the EFIGE survey focus specifically on startups. In order to work
with this dataset, we make the explicit assumption that countries that impose more severe constraints on
new entrants also impose more severe constraints on incumbents. Under this assumption, DLLS’s dataset
can still serve as a useful proxy. A different way to say this is that we use country-level startup regulations as
a proxy for business regulations in a more general sense.

To construct the country-level Regulation Index, we take the first principal component of the logarithms? of

2Principal component analysis is designed to be done on unbounded variables, whereas the measures in DLLS are positive



the three main measures from this dataset: (i) the number of formal procedures, (ii) the number of steps, and
(iii) the average duration in days. The principal component is a natural choice of methodology because it
captures common variation across the three factors. In this way, we can be agnostic as to whether Red Tape
disproportionately affects specific measures, and instead focus on the cross-country variation in bureaucratic
impediments.

Red tape can potentially affect all three of these measures: therefore, we combine them into a single
Regulations Index for our study.

Next, we use the Regulations Index to validate EFIGE’s survey data. Figure 2 compares, for the 7 countries
in EFIGE, the share of firms reporting Bureaucracy as a significant constraint growth, to the corresponding
Regulations Index from DLLS’s dataset. The number of observations in the plot is small, but the correlation
between these two variables is nearly perfect (the R? is 98.5%). This is important because it confirms that
EFIGE’s survey data includes a substantial objective element, which can be linked to a de jure measure of
regulatory intensity.

3.3. Exploratory Reduced-form Analysis

We begin with a simple exploratory analysis. For our sample of European firms in the EFIGE sample, we
show that, consistently with our model, firms which report being constrained by bureaucratic red tape in
the EFIGE survey also exhibit higher average Marginal Revenue Product of Capital (MRPK) in the BvD
financials database. We compute a first-pass estimate of MRPK as:

n—1 Ology; yi
n 810gk‘1 ]fi

MRPK; = (3.2)

where 7 is the absolute value of the demand elasticity, which we set to 5, and the elasticity of output with
respect to capital is set to 1/3.

Figure 3 plots the raw empirical estimate of the cumulative density function of the log of MRPK, conditional
on firms’ survey response (constrained/unconstrained). The red dashed line corresponds to those firms that
report being unconstrained by red tape (D; = 1), while that plotted as a shaded area corresponds to firms
that report being constrained by red tape (D; = 2). In line with our choice to represent bureaucracy as a
wedge on the price of capital price, we find that the distribution of log MRPK for constrained firms exhibits
first-order stochastic dominance over that of unconstrained firms.

The value of our structural estimation approach is that it enables us to use this observed first-order stochastic
dominance in the empirical distribution of log MRPK as a way to estimate the distribution of 7. In doing so,
we are able to account for the error-in-variables problem that arises due to noisy survey responses as well
as additionally control for country- and sector-specific effects using a fixed-effects regression. In the next

sub-section, we outline our parametric implementation and our estimation strategy.

3.4. Parametric Implementation

We now show how to implement the methodology that we presented in Section 2. Recall that the objective is
to recover the distribution of wedges F. To accomplish this, we impose some additional assumptions: these
additional assumptions are informed by the firm-level data we have at our disposal.

by nature of their construction. Thus, we take logarithms of the three measures to make the data amenable to our analysis.
The three measures are highly correlated within-country, so that first principal component captures over 98 percent of the
cross-country variation in the data.

10



FIGURE 3: CONDITIONAL DISTRIBUTION OF MRPK
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FiGure NoTEs: The figure above plots parametric estimates of the conditional density of the log of
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firms may report bureaucracy as a significant constraint to growth. The grey area is the estimated
density for firms that do not report bureaucracy as a constraint to growth (D; = 1). The dotted dark
line is the estimated density for firms that do report bureaucracy as a constraint to growth (D; = 2).

We start from a parametric assumption on F,. Given that we are using a firm-level dataset that covers
multiple countries, and that we want to estimate the effect of red tape for each individual countries, we assume
a functional form for F’. that is common across all countries, but with a country-specific parametrization.

In what follows, we use the following notation: ¢ (-) is the probability density function of a standard normal,
while @ (+) is the cumulative distribution function of the standard normal. Also, we use ¥ to denote a variance

and o to denote the corresponding standard deviation (a = \/§>

Assumption 1. We assume that, for a firm i located in country c, the vector [1;,&;,€;] is drawn from a
multivariate normal distribution with country-specific mean vector and diagonal variance-covariance matrix:

T e T 0 0
& |~ didN 0 [,] 0 % 0 fori € c (3.3)
£i 0 0 0 ¢

This assumption immediately implies that, within each country, the marginal revenue product of capital
(MRPK,) follows a log-normal distribution. Because 7; is a tax on capital in our empirical application we
focus on the dispersion in MRPK. Next, we impose an assumption regarding the measurement error present
in the survey responses.

Assumption 2. We assume that, for all countries c, the reporting error is mean zero. Furthermore, the
ratio of the variances of the distortion and the reporting error is given by a constant p that is common across
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countries:

N
p ef = V¢ (3.4)
7+ %8

This assumption implies that the noise-to-signal ratio of the survey response data is constant across countries

and that the variance of ; is equal to 1;2’)2 DI

Assumption 3. Fach firm i follows the reporting rule

Dy = j-I{n+&eB;} (3.5)
j=1

where B; = (T;-1,T;], for j =1,2,...,m, and where T is a vector of reporting thresholds that is common
across countries, where Ty = —oo and T, = +o0.

The assumption that the vector of reporting thresholds 7' is the same for firms from different countries
is not strictly necessarily to implement our framework: we make it based on a tradeoff. The (significant)
advantage of making this assumption is that it allows to pool the data across all countries in one single
estimation procedure; this will us sufficient power to estimate the parameter of interest. The question of
power is particularly relevant for the EFIGE dataset, in which the number of firms reporting balance sheet
data is relatively small for some countries.

The main disadvantage of imposing this assumption is that it assumes away the possibility that there might
be any systematic variation in survey reporting error (&;) across countries: in other words, the survey data
must be comparable across countries. We believe this is a reasonable restriction for two reasons. First, this
was one of the priorities of the architects of the EFIGE survey. Second, as we discussed in Section 3.2, the
country-level probability to designate bureaucracy as an impedimedent growth are nearly perfectly correlated
with the DLLS regulation index. This reassures us that country-level variation in the EFIGE survey responses
reflects objective differences in red tape, rather than systematic reporting error. Of course, in other contexts,
owing to either differences in survey methodologies, this assumption may not be as reasonable.

Having defined the firm-level reporting rule, let P.; be the percentage of firms ¢ in country c that return
response j to the survey question D; = j. Also, let F; be the corresponding cumulative percentage:
def o def o
P = P(D;=jli€c) Fej = P(D;<jliec) (3.6)

Figure 4 outlines this setup visually. Firms’s survey responses follow a cutoff rule, but the cutoff is based on
the sum of 7, the underlying distortion, and £, the uncorrelated survey error. In practice, this means that
firms who report being constrained are more-likely to have higher levels of 7, but the strength of the inference
depends on the severity of the measurement error, which is captured by p.

Assuming that the wedges are normally distributed, we have:

Li—mi | g Liz—me Ty — pe

\V/ET+ 38 \/ 27 4 28, \/Er+ 28

From the equation above we evince that the observed response frequencies P.; only inform us about the

P = @ and Foj = @ (3.7)

z-score of the cutoff 7. To identify the threshold parameter vector T', which depends on the distribution
parameters p? and X7 (on which it depends), we require two additional assumptions. First, we use firm 4’s
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FIGURE 4: THE FIRMS’ SURVEY RESPONSE DECISION
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FicureE NoTEs: The above diagram exemplifies firm i’s survey response decision.

first order condition for capital, which we augment with an error term to allow for measurement error, in
order to capture unobservable variation in MRPK that is unrelated to red tape which we are not modeling
explicitly.

Notice that, had we assumed the absence of measurement error (¢; = 0), the observed dispersion in MRPK
would have immediately pinned down the distribution of wedges 7;. There would not have been any need
to use survey data, but we would also have been unable to disentangle red tape from any other source of
variation in MRPK (g). Our approach, which allows measurement error and relies on survey data, allows us
to avoid attributing all observed variation in MRPK to capital misallocation.

Under our distributional assumptions, the distribution of 7; + &;, conditional on country ¢ and survey response
D, = j, follows a truncated normal. In the lemma below, we use this fact to derive the conditional mean
function of the log MRPK. To this end, it is useful to define the following variable A; :

aef @ (27" (Fey)) — 9 (27 (Fey—1))
Lo e

Acj (3.8)

Acj is simply the expected standardized wedge, conditional on D; = j, which we can recover by using the
properties of the truncated normal distribution.

Lemma 1. Given the assumptions above the (MRPK) conditional mean function M is given by:

M (jipz, v, 58 E(logl\mi

Di:j,iec) = logre+ p. +pol Agj, (3.9)

where o] denotes the standard deviation of the distribution of T; and r is the cost of capital in country c.

Proof. See Appendix A.
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From Lemma 1, it is clear that comparing differences in average MRPK between survey response groups,
which we referred to as 8 in Section 2, is revealing of ¢, the country-level dispersion in 7. However, the
observed 8§ moments are uninformative regarding the mean of the distortions, p7. To infer the mean, we
need an additional source of variation in the data. As it turns out, we can use the wording of the survey to
identify the mean. To do so, we impose the following assumption.

Assumption 4 (Normalization). There exists a survey response group j* for which the expected wedge for
firm i, conditional on i reporting response j* (D; = j*), is zero:

Assumption 4 effectively requires that some response group j* is associated with “unconstrained” firms,
which is typically the case when we examine enterprise surveys (i.e. there is always an option for firms to
indicate that they are unaffected). Given the natural occurrence of such a group, we believe it is a reasonable
assumption. Furthermore, our assumption does not constrain the sign of 7, and thus is minimally restrictive.

In our setting, we make use of the explicit wording of the EFIGE survey in order to identify the mean-zero
response group. Because firms are asked whether bureaucratic restrictions constrain their growth, a natural
assumption is that the population of firms which do mot indicate that they are constrained, the D; = 1
population, has an average wedge of zero.

Finally, given a sector-level Cobb-Douglas production function, we can relate the measured average return to
capital to these parameters.

Proposition 1. Assume that the firm’s production function is Cobb-Douglas, with sector (s)-specific output-
capital elasticity, and that firm-level demand is isoelastic, with demand elasticity . Then, the logarithm of
the average rate of return on capital satisfies:

iYi . dlo
E(log%Di:j,z€cﬂs> = 10g7)771+10gr6+ug_<8lo§Z) +Tj - X5 (p) (3.11)

where

Xej(p) = ' (3.12)

Proof. See Appendix A. O

Proposition 1 states that the thresholds T can be recovered by regressing the (log) average return on capital
on Xj (p), a variable which can be computed from the response data by assuming a value for p. In the case
of the EFIGE survey, because D; is a dummy variable, there is only one threshold to estimate, and thus only
one regression. When D, is an ordered categorical variable with more than two categories, we must estimate
a regression for every threshold.

After estimating the thresholds T}, we recover the country-specific dispersion of the distortions (¥7) using
the following expressions:

AT

Ge = T — - and (L = —p&TAen (3.13)
Lot (S5 Pes) — phen
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FIGURE 5: VALIDATION OF NORMALITY ASSUMPTION
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Fi1cUrRE NoTEs: The figure above plots the distribution of log MRPK, residualized
on country and sector fixed effects. A histogram of the data is presented in grey,
and the red dashed line is the theoretical density function of the normal distribution.
We see that the empirical data is a close match for the normal distribution.

Notice that the estimation of ™ and X7 is independent of 1 and the output-capital elasticity (0y/0k),. As
we can see from Proposition 1, when we estimate T using a fixed-effect regression, these parameters are
absorbed by the country and sector fixed effects. Thus, our econometric estimates of the threshold and of the

parameters of F, are (by construction) robust to whatever specific values we choose to calibrate these two
elasticities.

The plan for our empirical analysis is therefore to : 1) Regress firm-level return on capital log £ on X¢; (p)
to estimate T'; 2) Use P, and T' to obtain estimates of [ul, X7]. Our estimates of [u, X7] will then be used in
the next section to parametrize a dynamic general equilibrium model and compute the GDP loss (gain) from
red tape. Here, we economize on notation and write expressions containing a single, unique threshold value
T. This is harmless when applying our data to the EFIGE dataset, as the firms only indicated whether they
were constrained or unconstrained and so there is only one threshold to be estimated.

The calibration of the parameter p merits some additional discussion. Unlike a classic errors-in-variable
problem, measurement error in the survey response does not introduce an unambiguously downwards bias in
our estimates. We first discuss the “classic” situation to develop some intuition. If &.; were directly observable
in our dataset, we would have a typical errors-in-variables correction term in which we can apply a correction
to the regression coefficient. In words, because the shift in the distribution of MRPK is observed empirically, a
lower chosen value of p, corresponding to more noise in the survey responses, would imply a higher estimated
dispersion. In the case in which the survey is extremely noisy, so that the firms reporting that they are
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constrained (D = 2) is almost identical to the population that reports that they are unconstrained (D = 1).
In such a setting, if we observe that the constrained firms have a higher average MRPK, it must be that the
dispersion in MRPK is sufficiently large that, even just a small change in the conditional distribution of 7
results in a large change in the conditional mean of MRPK.

Our situation is complicated by the fact that X.; itself depends on the calibrated value of p, and thus the
regression coefficient T directly depends non-linearly on the choice of p. A priori, the net impact of a more
informative survey, corresponding to a higher value of p, on the estimated parameters is unclear. Absent
clear guidance from the theory, we assess the sensitivity of our results to the chosen value of p. We do so in
the Appendix by repeating our estimation procedure with different values of p.

3.5. Discussion of the Identification Strategy

In deriving Proposition 1, we have implicitly made the assumption that, within a country-sector cell, variation
in MRPK reflects a component stemming from bureaucratic restrictions (7;) and a component uncorrelated
with bureaucratic restrictions (¢;). This allows us to regress log MRPK and interpret the regression coefficient
as an estimate of the impact of red tape. This assumption was embedded in Equation 2.8, in which we express
log MRPK as the sum of: (i) a market-clearing factor price p*, (ii) the firm-level distortion arising from red
tape 7;, and (iii) an uncorrelated component ;. In this subsection, we discuss a relaxation of this assumption.

An advantage of our regression-based estimation procedure is that we can allow for other determinants of
log MRPK to potentially be correlated with the red tape-induced distortion. To recover an unbiased estimate
of the impact of red tape, what we need is that 7; and ¢; are conditionally uncorrelated, given a vector of
observables, which we denote v;. Under this relaxed assumption, we need to include these observables v; in
our regression to recover an unbiased estimate of the impact of red tape.

This assumption is inherently data-specific, as it relates to the vector of observable characteristics v;. In our
setting, we include the aforementioned country and sector fixed effects, along with controls for the size of the
firm, measured in terms of headcount, as well as access to external financing.> We report these results in
Table 6 in Appendix B.

3.6. Validation of the Normality Assumption

In Figure 5, we validate our normality assumption by plotting the histogram of firm-level log MRPK,
residualized on country and sector fixed effects. Proposition 1 states that, given our underlying assumptions,
this variable should be normally distributed. To visually assess this, in Figure 5 we also plot the density
function of a normally distributed random variable. We see that, while there is a slight skew right in our data,
our empirical histogram of log MRPK closely conforms to the distribution, making it a suitable choice to use
for our analysis both for its convenient mathematical properties as well as its similarity to the distribution we
see in the data.

3In our model, MRPK and labor demanded are both optimized by the firm taking into account their red tape distortion 7.
Thus, a regression controlling for size may underestimate the coefficient of interest due to the so-called “bad control” problem.
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4. Model and Quantification

In this section we present a parsimonious dynamic general equilibrium model that incorporates heterogeneous
firm-level investment distortions due to red tape. Our model follows broadly David and Venkateswaran
(2019), where we extend their analysis by focusing on sources of output losses, rather than TFP losses as
they do. By incorporating investment, we arrive at formulas that decompose the overall output loss in our
model economy into two distinct channels: misallocation and depressed returns to capital.

4.1. Dynamic General Equilibrium Model

The economy features a representative agent with the following utility function:

o0

U(Co,Ch,..) = > e -u(C) (4.1)

t=0

The function u (-) increasing, concave and twice differentiable. C; is the consumption of final good at time
t and exp (—p) is the discount rate. The representative agent is endowed with 1 unit of labor which they
supply inelastically at a wage rate w;.

There is a final good producing firm that produces output Y;, using a CES technology and by taking inputs
yi¢ from ¢ € [0, 1] final good-producing firms:

n

1 n—1 n—1
Vo= ([ n a) (12)
0

The final good firm behaves competitively, hence the price of the final good is:

1 =
) (13)
0

and p; is the price of input ¢. The intermediate good firms use a Cobb-Douglas production function:

yi = kGl (4.4)

where k;; is capital and ¢;; is labor. In models such as ours, the assumption that distortions 7 are statistically
independent from productivity z implies that the impact of distortions on aggregate quantities is separable
from the distribution of productivity. Therefore, for ease of exposition and to economize on notation, we
assume that z; = 1 for all firms. Each firm 7 rents capital and labor from the representative agent at prices r;
and wy, respectively. We model the effect of red tape as a firm-specific tax on capital 7;;

it = DitYir — € ki — wellyy (4.5)

where 7; is the shadow tax on capital imposed by bureaucracy/red tape. We assume that both the aggregate
profits (IT;) as well as the aggregate tax bill (G;) are then rebated back to the consumer:

1 1
Ht déf / Tt di and Gt déf / (6” - ].) ritkit di (46)
0 0
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Let the aggregate capital supply be:
1
0

Capital depreciates at rate (1 — §) from period to period, and its evolution is given by the following law of
motion:
Kt+1 = It + 5Kt (48)

where I; is aggregate investment, and aggregate consumption is equal to output minus the required investment:

Pt}/t = Pt (Ct+It) = Tth+’UJt+Ht+Gt (49)
Nominal GDP Nominal GNI

The consumer’s Euler equation is:

e U (Cipr) (;t:l +5> = ' (Cy) (4.10)

Demand is isoelastic, therefore firms price at a constant markup over their marginal cost:

pi = ¢ (4.11)

where ¢; is firm i’s marginal cost, including the wedge on capital (7;):

¢ = (TZ?)Q (1fa>1_a (4.12)

The first order conditions for firm ¢ are thus:

e -1 it Yi
MRPKit d:f Ui P DPitYit _ e

ry (4.13)

e -1 itYi
MRPL;, % 1 (1— a2t

4.2. Normality Assumption and Aggregate Efficiency

In what follows, we focus on the steady-state equilibrium of this model. The superscript (*) denotes the
relevant model statistic for the counterfactual where the distribution of the wedges degenerates to a mass
point at zero (no distortions). In appendix A, we develop expressions for output and productivity for an
arbitrary distribution of the wedges ;.

We start by defining aggregate steady-state TFP and MRPK (we omit time subscripts to denote the steady

state solutions):

TFp & Y MRPK f a.n;l.ﬂ

Kelia P (4.15)

In our quantification of the effect of the distortions (and reassured by our previous checks of the normality
assumption) we focus on the case in which 7; is distributed normally with mean p™ and variance ¥7. Under
this assumption, we can decompose the GDP loss from red tape into two components: one reflects factor
misallocation across firms, and can be characterized through the change in aggregate productivity (TFP); the
other is related under-investment, and can be characterized through the change in aggregate MRPK.
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FIGURE 6: ESTIMATED DISTRIBUTION OF T;
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F1GURE NoOTESs: The figure above plots our estimate of the probability density function of the wedges
Ti, by country. The mean and standard deviation of each normal distribution are obtained via the
procedure described in Subsection 3.4.

Proposition 2. The difference in log GDP between the distorted (observed) steady-state equilibrium

counterfactual undistorted steady-state equilibrium is:

log TFP — log TFP* log MRPK — log MRPK*
—a-
11—« l1—«

logY —logY™ =

Misallocation Under—Investment

where the reduction effect on TFP is given by:

alan+1—a)
2

log TFP — log TFP* = — .07

and the effect on MRPK is given by

2am +1—2
log MRPK — log MRPK* = pu” — (W.gr>

2

Proof. See Appendix A.

and the

(4.16)

(4.17)

(4.18)

O

From equation (4.17), we see that (leaving firm-level productivity unchanged) aggregate TFP is entirely
determined by the dispersion of 7;. This is well-known from the previous research on capital misallocation.

Consistent with economic intuition, the mean of 7; has no impact on aggregate productivity.*

4A higher level of 7 results in a decline in firm-level factor demand. In equilibrium, this is absorbed by lower factor prices

and leaves the cross-sectional distribution of factor inputs, and hence aggregate productivity, unchanged.
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TABLE 1: ESTIMATED PARAMETERS OF THE DISTRIBUTION OF T;

Country Mean 1" (%) Standard Deviation 0" (%)
France 5.45 14.89
Italy 1.27 5.75
Spain 0.50 3.79
Germany 0.23 2.95
Hungary 0.15 2.63
Austria 0.13 2.55
United Kingdom 0.12 2.48

TABLE NOTES: The table above presents our estimates of the mean and the standard
deviation of the distribution of 7; (assumed to be a normal) for each country in the EFIGE
dataset. The mean and standard deviation are reported in percentage points and are
obtained via the procedure described in Subsection 3.4.

From equation 4.18 we can see that a higher average distortion results in a higher aggregate MRPK. Because
capital is dynamically accumulated, an increase in the average distortion is equivalent to a flat tax on the
capital stock: it lowers the steady-state capital stock, in turn raising MRPK.

The term in brackets of equation (4.18) is the so-called Oi-Hartman-Abel effect: an increase in the dispersion
of 7; increases the steady state capital stock (and thus GDP). This effect is known in the previous literature
but more frequently encountered in its application to productivity shocks (Oi, 1961; Hartman, 1972; Abel,
1983): it arises as a consequence of the convexity of firm-level demand for capital. Restuccia and Rogerson
(2008), who also have a dynamic model with heterogeneous distortions and endogenous capital, construct their
counterfactuals to neutralize this effect.® In their setting, as well as ours, the OHA effect can be completely
offset by introducing an symmetric tax.

We present our calculation of the GDP losses from red tape both gross and net of the OHA effect. In
Subsection 4.4 we present our baseline result, which nets out the OHA effect with an offsetting flat tax as in
Restuccia and Rogerson (2008), while in Subsection 5.3 we discuss the results which include the OHA effect.

4.3. Estimated Distribution of the Wedges

We start our quantitative anaysis by presenting the estimated distribution of the wedges. Figure 6 displays
the recovered empirical distribution (assumed to be a Gaussian) for each of the countries in our sample.

In Table 1 we tabulate our estimates of the two parameters characterizing the country-specific distribution of
7;. Given the normality assumption, the mean and the standard deviation are sufficient to fully characterize
the distribution.. Proposition 2 states that the misallocation losses are solely a function of the dispersion of
7; (07), whereas the under-investment losses due to red tape are driven by high average distortions (7). For
ease of readability, we report parameters in units of percentage points.

In terms of the mean distortion (1), France exhibits the highest value at 5.45%, implying that, on average,
firms in France face the most significant level of wedges due to red tape. Italy comes in second with a mean
wedge of 1.27%, followed by Spain at 0.50%, Germany at 0.23%, Hungary at 0.15%, Austria at 0.13%, and

5See Footnote 12 of Restuccia and Rogerson (2008), in which they discuss the implications of this “convexity effect.”
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TABLE 2: ESTIMATES OF THE GDP COST OF RED TAPE

Country % Constrained GDP Loss Misallocation Under-Investment

France 45.8% -3.94% -1.29% -2.69%

Italy 26.2% -0.82% -0.19% -0.63%

Spain 14.2% -0.33% -0.08% -0.25%
Germany 7.8% -0.17% -0.05% -0.12%
Hungary 5.4% -0.12% -0.04% -0.08%
Austria 4.8% -0.10% -0.04% -0.07%

United Kingdom 4.3% -0.10% -0.04% -0.06%

TABLE NoTEs: The table above presents country-level estimates of the cost of red tape. “% Constrained”
is the proportion of that country’s firms which report being constrained by bureaucratic regulation.
“GDP Loss” denotes the total GDP loss, while “Misallocation” and “Under-Investment” decompose
the total loss into the components stemming from misallocation and underinvestment, respectively,
using the decomposition presented in Proposition 2. Note that GDP Loss is not exactly the sum of the
Misallocation and Under-Investment columns because the effects are additive in logs, not levels.

the United Kingdom at 0.12%. Of the seven countries in the EFIGE dataset, France and Italy have the
largest average distortions, while firms in the United Kingdom, Austria, and Hungary generally experience

lower levels of wedges compared to their counterparts in other countries.

Regarding the standard deviation (o), we observe the highest value in France (14.89%), implying that there
is a substantial degree of variation in the wedges faced by firms in this country. This large variability indicates
that some firms in France experience significantly more wedges due to red tape than others. Italy follows
with a standard deviation of 5.75%, while the other countries have lower levels of dispersion, with values
ranging from 2.48% in the United Kingdom to 3.79% in Spain.

In summary, our analysis indicates that France stands out as the country with the highest average wedges
and the most considerable variation in wedges across firms. As we will see, this implies that France has high
per-period GDP losses due to red tape. At the other end of the spectrum, the United Kingdom, Austria, and
Hungary appear to have lower levels of wedges on average and less variability among firms.

4.4. Quantification of the Aggregate Output Losses

In this section we present our estimates of the GDP cost of red tape, as implied by our model calibrated
using our survey-based procedure. Table 2 presents estimates for the 7 countries in the EFIGE dataset.

Following the literature, we calibrate = 5 and (based on a Cobb-Douglas production function) dlogy; /0 log k; =
1/3 (although, as it will be clear in the empirical section of the paper, these values have no influence our

estimate of the wedge distribution).

Consistent with our observation that the mean of the distribution of 7; is close to zero for the United Kingdom
and Germany, we see that the GDP loss due to underinvestment is close to zero. France, which had a
very large average 7;, is estimated to lose roughly 4% per year due to bureaucratic red tape, with 2.7% of
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that arising from underinvestment and the remaining 1.3% arising from misallocation. We refer to the loss
attributed to Alog MRPK as “underinvestment” because these losses stem from a high average 7;, which acts
as a country-wide tax on capital that depresses investment.6

A key advantage of estimating the distribution parameters using our methodology is that it lets us distinguish
between: i) countries in which a large fraction of firms report being constrained, and ii) countries in which the
distribution of distortions is highly dispersed. In our sample, 26% of Italian firms reported being constrained,
but we find a relatively small impact on GDP of 0.8% compared to France, in which 46% of firms report
being constrained, and which has a five-fold greater GDP loss of almost 4%. This highlights the importance
of a structural approach to the estimation that explicitly models the survey response decision of firms.

Furthermore, we see that geographically and culturally similar countries suffer disproportionately from red
tape. We see prima facie evidence of this in the fact that firms in neighboring countries report markedly
different levels of constrained-ness. These differences are present in the raw data and suggest that countries
suffer disproportionately from red tape. When we apply our methodology, we find that this is indeed the case.
Even within a sample of developed European countries, there is substantial heterogeneity in the severity of
the GDP losses. We see that France has relatively high GDP losses, whereas neighboring countries Spain and
the United Kingdom have GDP losses of 0.3% and 0.1%, respectively.

The prior literature on misallocation had focused on the impact of distortions on a reduction in TFP. Our
results highlight that, while misallocation is an important channel through which regulatory burdens handicap
countries’ economies, it is not the only channel. In general, we find that the GDP impact of underinvestment
exceeds that of misallocation by a factor of 2 to 3, and that the total impact of red tape is non-negligible. By
way of comparison, Rubbo (2023) estimates the welfare costs of monetary policy and estimates the costs to US
consumers to be 0.8% of GDP. Our estimates of the costs of red tape are of similar magnitude on average, and
imply that the seven EFIGE countries lose a combined $154.5 billion each year due to red tape, with roughly
two thirds stemming from under-investment.” Policy improvements can offer major welfare improvements,
emphasizing the importance of work understanding and quantifying the consequences of onerous bureaucratic
procedures.

6We acknowledge that increasing TFP also results in additional investment, as in David and Venkateswaran (2019).
"This estimate is based on applying our per-period GDP loss estimates to 2019 Real GDP. GDP data is from the Penn World
Tables and is expressed in terms of 2017 USD.
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5. Robustness Checks and Further Discussion

5.1. Sample Selection

In this section, we discuss the robustness of our empirical results, and we provide additional discussion of
a number of empirical issues. The first issue we seek to discuss in more depth is the construction of our

estimation sample.

While the weights in the EFIGE dataset guarantee representativeness of the survey portion of the dataset,
there are some well-known issues of coverage and sample selection which affect the BvD Amadeus database
(Kalemli-Ozcan et al., 2015), the source of the balance sheet portion of EFIGE. Specifically, firm financials
appear to be missing, for certain countries (Austria, Germany, the UK) in a non-random way.

We made sure that our results are not driven by this sample selection into the BvD database. Specifically,
we use the fact that France, Hungary, Italy and Spain are virtually free from the sample selection problem
(coverage in these countries is nearly 100%). Our baseline estimates also hold when we estimate the threshold
T by excluding Austria, Germany and the UK from the Sample. Once we have T, we can still perform model
calculations for these countries, since all that the survey portion (P.) is all we need.

5.2. Parameter Sensitivity Analysis

In our estimation procedure, we have assumed a value of p, the paramter which controls the signal-to-noise
ratio of the survey, was constant across all countries in the sample, of 0.5: this value implies that the survey
responses are equal parts signal and noise.

In this section, we present results for alternative calibrations of p. We find that our results are not particularly
sensitive to the choice of p — that is, that the estimated GDP losses from red tape are of similar economic

magnitude.

In the Appendix, Table 3 we repeat our analysis, where p is calibrated to be 1/3 and 2/3. The upper panel
presents the GDP Loss and its decomposition for p equal to 1/3. This value corresponds to an assumption
that the variance in survey data due to the true distortions represents one-third of the total variance. For this
value of p, we tend to estimate overall larger GDP losses. This is the case for France, Italy, and Spain. For
Germany, Hungary, Austria, and the United Kingdom, we see that the GDP losses are slightly smaller given
this value of p. Even though the Misallocation effect estimates are unambiguously larger for smaller values of
p, the change in the Under-Investment effect is ambiguous, leading to the decline in estimated GDP Losses.

The lower panel reports the same set of results for p = 2/3: this value implies that two-thirds of the variation
in the firm’s survey response is attributable to the true underlying distortions 7;; the survey is thus relatively
informative about firm’s constraints. We see that the estimated GDP Losses are lower than in our baseline
calibration for France, but larger for the other countries in our sample.

5.3. The Oi-Hartman-Abel Effect

In this subsection, we provide some more background on the Oi-Hartman-Abel (OHA) effect and how it
affects our computation of the GDP cost of red tape. As we have previously shown in section 4.4, the OHA
effect consists in a positive impact of an increase in the variance of the distortions (X7) on the steady-state
level of capital.
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The economic intuition behind this result lies in the fact that firms endogenously choose their capital stock
to avoid distortions and take advantage of subsidies. Firms that draw a large value of 7 will endogenously
respond by reducing their capital factor demand, while firms which draw a small value of 7 will endogenously
scale up and rent more capital. Thus, the 7 distortions induce convexity in firm-level capital demand and act
like a firm-specific real option for each firm in the economy, which acts like a subsidy on capital.

One way to see this effect quantitatively is to compute the average effective tax rate (ETR) on the capital
stock, which we define as follows:

(&4 = —_— =

1 . .
TR fof ki ds /1 e B g (5.1)
fO ’I“k‘i di 0

We can use the fact that K def fol k;d7 to obtain:

1
ki 1 ok
eETR _ /O eTidi + cov (en, K) — exp (MT + 227') + cov (eTl, K) (52)

where, under our assumption that productivity and distortions are uncorrelated, the covariance of firm-level
capital demand k; and the distortion 7; is unambiguously negative. Therefore, for any positive amount of
dispersion in firm level distortions 7;, the effective tax rate is strictly less than the average distortion (notice
that the average distortion includes the Jensen’s inequality term). In particular, in the case where the average
tax on capital is zero, the presence of distortions will result in a subsidy to capital, shifting the aggregate
demand of capital to the right.

In Appendix Table 4, we present results for the decline in output, producitvity, and investment in which we
do not offset OHA effect, so that the impact of under-investment is given by Equation (4.18). Using this
approach, the impact of under-investment is significantly reduced in relative percents, albeit still present and
economically significant.

5.4. Bureaucracy as a Tax on Labor

While our theoretical framework is sufficiently general to account for distortions to various factor inputs, in
our empirical application we have focused on an economy in which the distortions due to red tape load on
capital. While we see this as the most natural way to model bureaucracy, it is also plausible that red tape
might affect labor, and thus lead constrained firms to have higher MRPL.

In the Appendix, Table 6, we investigate this possibility. In column (1), we regress the log of MRPL on D;
(the firm’s survey response) along with country and sector fixed effects. We see that the regression slope
coefficient is statistically indistinguishable from zero, and if anything constrained firms tend to have lower
MRPL. In column (2), we replace the survey indicator with X, as defined in Proposition 1. Unlike the
regression slope coefficient for log of MRPK on x is positive and statistically different from zero, we find that
the corresponding one for MRPL is negative and not statistically distinguishable from zero.

Motivated by the lack of an empirical relationship between MRPL and firms’ survey responses, we focus on
MRPK in our empirical application and leave further investigation of a possible relationship between MRPL
and bureaucracy to future research.
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6. Conclusions

In this paper, we have proposed a novel measurement framework for micro frictions in macro-financial models

that leverages enterprise survey data. Our key innovation is to explicitly model the firm’s survey response.

We have used this framework to calibrate a dynamic general equilibrium model with heterogeneous firms,
which was then used to study the distortionary impact of bureaucracy and regulation on capital investment
and (mis)allocation. We modeled regulations as firm-specific taxes on capital, and computed the aggregate
impact of these taxes on both output as well as total factor productivity. We have then taken our model to
the data using linked survey and balance sheet enterprise microdata. This enabled us to identify which firms
are relatively constrained, as well as observe the impact of these constraints on their performance.

Using a dataset of matched firm-level financials and survey responses covering seven large European countries,
we estimated the GDP loss due to red tape. We found that red tape leads to an average annual GDP loss of
0.8% of GDP, but with highly-asymmetric effects across countries: in some countries such as France, red
tape adversely and/or unequally affects a large share of the firms, resulting in a loss in value added that
approaches 4% of the yearly GDP; in other countries (such as UK or Austria) the effects of red tape are
relatively mild and/or uniform across firms, resulting in a loss of a few basis points. Our model allows us to
decompose the loss in GDP into two distinct channels: (i) the effects of depressed capital investment and (ii)
the effects of an inefficient allocation of resources. We find that both effects are economically significant in
magnitude.

Our approach for estimating aggregate effects based on micro-data is fairly general and can be applied across a
wide sample of surveys. In addition, we believe that our framework can inform the design of future enterprise
surveys. Our results highlight the costs of over-regulation, as well as the importance of institutions for growth.
These costs are similar in magnitude to those estimated for business cycles and sub-optimal monetary policy.

As a final remark, we have used theory and survey data to quantify the effects of a specific friction — namely,
bureaucratic restrictions on capital. Much variation in marginal revenue products of capital and labor remains
to be explained, and we suggest that future work could extend our analysis to new data, in order to address
the impact of a wider range of constraints on the economy.
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APPENDIX

QUANTIFYING THE IMPACT OF RED TAPE
ON INVESTMENT: A SURVEY DATA APPROACH

Bruno Pellegrino — Geoffery Zheng

A. Proofs

A.1. Proof of Lemma 1

We are interested in the condition expectation of 7 for 7 + &£ € («, ),

Eir|7+¢€ (o, 0)). (A1)
First, define standard normal U < T_\/E‘L: so that we can rewrite the condition expectation of interest as
u+VEE [U\a<u7+\/27U+V<ﬁ}. (A.2)

This new modified conditional expectation can be expressed as

fR2 v fVE (U, f) 1((1—MT75—H7) (\/ ETU + V) d’U dy

; (A.3)
Jre Fve (0,6) Lo pr gy (\/ﬁU + V) dvdy

E[U|a<u7+\/§U+V<ﬂ]:

where fi¢ denotes the joint density function of V' and £&. When these two variables are independent, we we
assume, the denominator is given by

/}RQ fve (0,8) Lampr ppr) (V 27U+ V) dvdy = Fz (8) = Fz (a), (A4)
where Z is a normal distribution with mean u” and variance ¥7 + X¢. It immediately follows that
B—pu" ) ( a—p’ ) ’ ’
F - Fz ()= — | | —= | =2 —®(a), A5

def —u" def —u" . . .. . .
where o/ = 2=t~ and g/ = —2=£__ are linear transformations of the original interval boundaries. The
VETHEE VETH2E

numerator of the modified conditional expectation can be expressed as

B—7(v)
/RQ v fve (0,€) Loy ppm) (\/§U + V) dvdy = /Rw(v) /(”(U) é (\/%J dy dv, (A.6)

where, for notational convenience, we define 7 (v) def u” + VX7v. Evaluating the inner integral yields

oo (o () o5



This expression is the difference of two integrals of the form
/ v (V) P (co — c1v)
R

for constants ¢y and ¢; > 0. Integration-by-parts yields

0]
cie 21t? c1 Co
v (V)P (cop —c1v) = — =— 10} .
/R W) ) V2my/c? +1 \/c%—i-l \/c%—l-l
Using this result, we can evaluate the numerator

ZT / /
[ v e @0 ooy (VETU V) dody =y 57 (6 e) = 0 (8).

Combining our expressions for the numerator and denominator yields the desired result

5 6() - 6(8)
STt B (F) - ()

Efr|7+¢€ (o,8)]=pu" +VET-

A.2. Proof of Proposition 1

Starting from Equation 4.13, we have

Taking logs, we have

log Pidi _ =171, +logr — loga +log
k; N~—~— n—
dlogy/k
Ik
Taking conditional expectations, we have
s 81 k
E [mgp]fl | D; :j] log - +logr ngy/ VE[n | Tjo <7+ & < Ty

Using Lemma 1 and Assumption 2, we have
Elr | Tjo1<mi+&<Tjl=p +VE - p- ).

Using the definition of T}

q)(\/?/p) 2P

J'<j

Ty =p + DI

J'<j

II

(A.8)

(A.10)

(A.11)

(A.12)

(A.13)

(A.14)

(A.15)

(A.16)

(A.17)

(A.18)



Using Assumption 4, we have

A /ET
Ty = —pVS™ Ao + Tqﬂ > Py (A.19)

J'<j
where \g = —¢ (<I>_1 (Po)) /Py is solely a function of the observed frequency of survey responses. It follows
that
2
T.
N = - J (A.20)
1g-1 (Zj,<j Pj/) — o
Substituting this back into the conditional expectation yields
r 7;
E[Ti|Tj,1<Ti+£i<Tj]:M + . ')\j (A21)
Lot (Zj,<j Pj/) ~ o
T )‘j
=pu" +7T; (A.22)

5o (3,0, P) X

\mathcal{X};

In the special case of a binary indicator variable, as is the case in the EFIGE dataset, this can be further
simplified, as there is only a single cutoff threshold T" to consider

01 k A
—i—logr—Ly/—&—/f+Tl 0

biyi
E 1 D;=0| =1 .
[og i | } % Ik 72‘1)71 (Po) = Ao

- (A.23)

n—1

A.3. Proof of Proposition 2

We start with the expression for aggregate output

Y = </yn_’dz> " (A.24)

Intermediate firms solve (z; set to 1 Vi)

max - piy; — e"rki —wli, oy = k0 (A.25)

Prices given by (P normalized to 1)

piyi = %ﬁl Y7 (A.26)
The first order conditions of firm i are
Y%Q”T_lkf"f‘leﬁl‘a)"% — T =0 (A.27)
and
Y5 (1—a) %1 IR (A.28)
This implies an optimal factor input mix .
a  w ;
I—are Zz (4.29)



so the problem can be rewritten as

n—1

) 1-o)

1.2 1 —are™ ( 7 1 _
max Yok " — —re’ik;
ki (0% w

Rewriting the first order conditions in terms of capital k; yields

in—1 -2 /1—are™ (1-a)2st
Y k. " ( > 1.
n

¢ a  w

Q

Thus, each intermediate firm ¢ chooses

i\ —e(m-1)-1 —(1=a)(n—1)
n—1 T [ reTi w
ki=|—— Y,
=) )

1\" i\ —a(n—1) —(1=a)(n—1)-1
() (F) () " o
n o 1l—«a
i\ @ —(1—a)n
n—1\" reTi K w
=(——) Y _r
= () (5) ()

By market clearing, aggregate capital is

1 _ n i\ —an=1)—-1 —(1—a)(n-1)
A S o NG R (o)
0 n « 11—«
bt ~-)n-1)
- n—1 (1) (n=1)-1 w Y/ 677;(*0‘(77*1)*1)(11'
n 1% l—« 0

Similarly, aggregate labor is

1 1 1\ " i\ —a(m—1) —(1-a)(n—1)—1
[ (5 () () i
0 0 n o l1—«
n —a(n— —(I-a)(n—1)—1 1
1= L_l (ﬁ) (n=1) v Y/ eTi(—a(n=1)) 4;
n o l-«a 0

en(—a(n—l)—l)
ki = — K, and
fo eTi(—a(n—1)—1)q;

This implies

eri(—a(n=1)
[ emi(=ati-1)d;

Substituting into the expression for aggregate output

P =

n—1

! ri(—aln-1)-1) o griatm-) \ M) T
Y 7 :/ T K T di
o \ \ JTen(—atn--1g; JEer(at=1)ai

) o 1 l-a 1 T
Y =K° [ — i (/ eﬂ(—a(n—l))di)
fO eTi(—a(n—=1)-1)q; fO eTi(—a(n—=1))d; 0

v

(A.30)

(A.31)

(A.32)

(A.33)

(A.34)

(A.35)

(A.36)

(A.37)

(A.38)

(A.39)

(A.40)

(A.41)

(A.42)



Aggregate productivity (TFP) is therefore

n

« 11—«
Y 1 1 RPN
T((x = < 1 T'(—Ol(Y]—l)—l) ) < 1 7"(_04(7]—1)) > (/ e 1( ("7 1))d’[,) (A43)
Jo €™ di Jo €™ di 0

n

1 « 1 et 1 ol
TFP = | — . < / eﬂ<a<ﬂl>>di> (A.44)
Ji emi(=atn-1-1)q; [ emi(=atn=1)d; 0

logTFP = —amr(—a(n—1)—1)— (1 —a)mp(—a(n—1)) + n%mT(—a (n—1)) (A.45)

In logs

1

log TFP = —amp(—a(n—1)— 1)+ (nl —(1- a)) mr(—a(n—1)), (A.46)
n—
where my (.) denotes the cumulant-generating-function of 7. Now we express first order conditions in terms

of labor )

1 [e m
N :/ (( e w) e,») di (A.47)
0 1—arem

-1

«@ 1 77% 1
v = a w / eTi(—an=1)) 4; ' / eTi(—aln=1))q; (A.48)
l—ar 0 0

a w 1
logY = alog| ———— — — -1 A4
og¥ = atog( 2.2 ) + Lmr(caly- ) (A.19)
Differencing against the first-best equation
* . 1
logY —logY* = a(logw — logw™) + ﬁmT(—a (n—1)), (A.50)
n—

def . .
where w = = denotes the relative factor prices.

In equilibrium, aggregate output must be consistent with individual output choices. Starting from A.34, we

7 T\ —Q —(1—a)n
n—1\" re’i Tw
v () (7)) a3

Substituting into the expression for aggregate output

have

1 n—1
Y4 = / y, " di (A.52)
0

_ n n 1 n—1
Y—v (77 1) (1> (=) (/ en(—a(n—n)d,) (A.53)
n r 0

Substituting in Equation A.48:

gives

-1 _ 1 =
p=1""q0 (1—a) w0 (/ e”(_“(”_l))di) (A.54)
n 0



n— 1 L 1 n—1
W= = T L g0 (1 q) = ( / e”(o‘("l))di> (A.55)
0

n
In logs
1 1 n—1
logw = ] ﬁmT(fa(nfl)) —logr + log +aloga+ (1 —a)log (1l —a) (A.56)
-\ - n
logw — logw* = —— 1 mi(—a(n—1)) (A57)
g W g W _l—an—lmT a(n .
Substitute into the equation for aggregate output
log¥ —logV* = —*— 1 o (ca(n—1) + ——mp(—a(n—1)) (A.58)
g gr = T—an—1 T n n—1 T n .
logy —1 Y*—LL (—a(n—1)) (A.59)
og og _1—an—1mT a(n .
The representative firm solves
mI?XY — RK, (A.60)

where Y = TFP - K. Define aggregate MRPK as the MRPK of the representative firm, MRPK def %
Y 1,11
MRPK = K= TFP=Y "%, (A.61)

where we substitute the expression (Y/TFP)é for aggregate capital K. In logs,

1 1
log MRPK = — log TFP + (1 — ) logY (A.62)
« «@
In first-best .
log MRPK* = (1 - > logY™. (A.63)
@

Differencing against the first-best equation yields

1-—- Y* 1
log MRPK — log MRPK* = — % 1og — + —log TFP (A.64)
Q !
substitute in the expressions for log YT*and log TFP:
., l-a 1 1
log MRPK — log MRPK* = — my(—a(n—1))+ (A.65)
a l—an-1

# 2 (~omrcat-1 -0+ (1 - 0= mr(-an-1)

n—
simplifying
. 1 1
log MRPK — log MRPK* = _EﬁmT(_a (n—1)) (A.66)
L m
—mr(—a(np—1) - 1)+ — p— | —(l=a)|mr(-a(n—-1))

VI



logMRPK — log MRPK* = mr(—a(n—1)) = mr(—a(n—1) — 1) (A.67)

In the case of a normally distributed 7, this becomes

log MRPK —log MRPK* = —a(n — 1) 4" + %oﬂ (n—1)°%"— <(—a (n—1)—1)u" + % (a(np—1)+1)° 2T>

(A.68)
which simplifies to:
1
log MRPK — log MRPK" = ™ — 3 Ra(n-1)+1)%" (A.69)
Using the definition of aggregate MRPK,
Y a—1
MRPK = = TFP - K (A.70)
we can write aggregate capital K as a function of TFP and aggregate MRPK
1
MRPKY =7
K= A7l
() )
In logs,
K 1 TFP MRPK
log 1= =14 (log TFP® 105 MRPK*) ' (A.72)
Using the aggregate output equation
Y =TFP . K9, (A.73)
we have
Y TFP
log T log TFp* + alog 7 (A.74)
Substituting,
Y TFP @ TFP MRPK
log — =1 1 —log ——— A.
eV S ( & TFpr 8 MRPK*) (A.75)
Y 1 TFP @ MRPK
1 = 1 — 1 A.
Bys T 1-a ®TFP"  1—a °MRPK (A.76)
For a normal distribution, this becomes
Y 1 alan+1-a) !
1 = T = —— (7 2 1—2a) X7). A.
By =14 5 g W+ (2an+ a) X7) (A.77)
As discussed in the main text, we offset the OAH effect term, thereby making log &g‘;ﬁ depend solely upon

u”, and are left with our expression for Alog GDP,

1 -
alantl=a) o @ - (A.78)

Alog GDP =
g G I—a 2 I—a
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B. Additional Tables

TABLE 3: ESTIMATES OF THE GDP COST OF RED TAPE, USING ALTERNATIVE CALIBRATIONS OF p.

p=1/3
Country GDP Loss Misallocation Under-Investment

France -6.30% -3.46% -2.95%

Ttaly -0.75% -0.26% -0.49%

Spain -0.28% -0.10% -0.18%
Germany -0.14% -0.06% -0.08%
Hungary -0.10% -0.05% -0.05%

Austria -0.09% -0.04% -0.05%
United Kingdom -0.08% -0.04% -0.04%
p=2/3
Country GDP Loss Misallocation Under-Investment

France -2.90% -0.56% -2.36%

Ttaly -0.89% -0.15% -0.74%

Spain -0.38% -0.07% -0.31%
Germany -0.20% -0.05% -0.15%
Hungary -0.14% -0.04% -0.10%

Austria -0.12% -0.04% -0.09%

United Kingdom -0.11% -0.03% -0.08%

TaBLE NoTEs: The table above presents country-level estimates of the cost of red
tape analogous to those found in Table 2, where here the value of the parameter is
calibrated to be % in the upper panel, and % in the lower one.
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TABLE 4: UNADJUSTED ESTIMATES OF THE GDP COST OF RED TAPE

Country % Constrained GDP Loss Misallocation Under-Investment

France 45.8% -1.96% -1.29% -0.69%

Italy 26.2% -0.52% -0.19% -0.33%

Spain 14.2% -0.20% -0.08% -0.12%
Germany 7.8% -0.09% -0.05% -0.04%
Hungary 5.4% -0.05% -0.04% -0.01%
Austria 4.8% -0.05% -0.04% -0.01%

United Kingdom 4.3% -0.04% -0.04% -0.00%

TABLE NoTEs: The table above presents country-level estimates of the cost of red tape. “% Constrained”
is the proportion of that country’s firms which report being constrained by bureaucratic regulation.
“GDP Loss” denotes the total GDP loss, while “Misallocation” and “Under-Investment” decompose
the total loss into the components stemming from misallocation and underinvestment, respectively.
“GDP Loss” is calculated using Equation A.77. “Misallocation” is calculated using Equation 4.17.
“Under-Investment” is calculated using Equation 4.18 and does not include the impact of a flat rate tax
to offset the Oi-Hartman-Abel effect. Note that GDP Loss is not exactly the sum of the Misallocation
and Under-Investment columns because the effects are additive in logs, not levels.

TABLE 5: GDP COST OF RED TAPE, USING T ESTIMATED ON A SUBSET OF THE EFIGE DATASET.

Country % Constrained GDP Loss Misallocation Under-Investment

France 45.8% -3.73% -1.18% -2.58%

Italy 26.2% -0.78% -0.18% -0.61%

Spain 14.2% -0.31% -0.08% -0.24%
Germany 7.8% -0.16% -0.05% -0.11%
Hungary 5.4% -0.11% -0.04% -0.07%
Austria 4.8% -0.10% -0.03% -0.06%

United Kingdom 4.3% -0.19% -0.03% -0.06%

TABLE NOTES: The table above presents country-level estimates of the cost of red tape analogous to
those found in Table 2, where here the threshold T is estimated using a subset of the EFIGE dataset.
Here, we use only firm-level financials from France, Hungary, Italy, and Spain. These countries have
high quality coverage in the Amadeus dataset, and thus are less susceptible to problems of sample

non-representativeness.
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TABLE 6: MRPK AND BUREAUCRATIC CONSTRAINTS

log MRPK
(1) @ 6 @
Bureaucracy Constrained 0.062** 0.054*
(2.19) (1.91)
X 0.086*** 0.072%**
(3.23) (2.73)
Financial Constraint F.E No No Yes Yes
Firm Size F.E. No No Yes Yes
Country F.E. Yes Yes Yes Yes
Sector F.E. Yes Yes Yes Yes

*p < 0.1%p < 0.05***p < 0.01

TABLE NoOTEs: The table above presents regression estimates of the log of
MRPK on firms’ survey responses (in column 1) and firms’ X. X is defined
as in Proposition 1. In our table, we omit the regression constant because
it is not separately identifiable from the country and sector fixed effects.
Financial Constraint fixed effects control for whether the firms reported that
Financial Constraints were a major constraint on growth. Firm Size fixed
effects control for the number of employees at the firm. t¢-statistics based on
Huber-White standard errors are reported in parentheses.

TABLE 7: MRPL AND BUREAUCRATIC CONSTRAINTS

log MRPL
(1) (2)

Bureaucracy Constrained -0.005

(-0.34)
X -0.010
(-0.66)
Country F.E. Yes Yes
Sector F.E Yes Yes

*p < 0.1*%p < 0.05***p < 0.01

TABLE NOTES: The table above presents regression
estimates of the log of MRPL on firms’ survey re-
sponses (in column 1) and X, which is defined as
in Proposition 1. In our table, we omit the regres-
sion constant because it is not separately identifiable
from the country and sector fixed effects. t-statistics
based on Huber-White standard errors are reported
in parentheses.
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