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1 Introduction

In the productivity literature, addressing the question of why some countries are
significantly richer than others is a common starting point for researchers. Discussions
often begin with such fundamental questions, as understanding and quantifying the causes
of these disparities remains a classic challenge in economic theory. After all, differences
in productive capacity across countries are profound and represent a central issue in
understanding the factors that either constrain or drive economic growth.

Misallocation is a concept that has gained importance as a channel for understanding
differences in aggregate productivity between countries, particularly through the analysis
of marginal productivities. Banerjee and Duflo (2005) introduced this perspective, high-
lighting that disparities in marginal productivities play a crucial role in this process. The
central idea behind the concept is that factors of production such as capital, labor and
land should be allocated in a way that maximizes the aggregate productivity of an econ-
omy. However, distortions arising from taxes, subsidies, regulations, or market failures
often hinder this efficient allocation. These distortions create imbalances: more efficient
producers face restrictions in accessing resources, while less productive ones retain a
disproportionate share of inputs.

The literature has made significant progress, especially following key contributions
that have brought attention to the topic. Restuccia and Rogerson (2008) suggests that
resource misallocation among firms can have substantial effects on aggregate total factor
productivity (TFP), using models with heterogeneous firms to highlight these impacts.
Building on this field, Hsieh and Klenow (2009) present a seminal analysis that under-
scores the importance of misallocation for productivity dynamics. The authors examined
distortions such as taxes and subsidies to estimate productivity differences between China
and India, using the United States as a reference point, often regarded as a benchmark
for efficient resource allocation.

It has also advanced in approaches to understanding the potential sources of misalloca-
tion, classifying these approaches into direct and indirect methods.* The direct approach
seeks to measure how specific factors — such as excessive regulation, credit constraints,
and specific legislations — directly affect resource allocation. The indirect approach, on
the other hand, examines the general effects caused by a combination of various factors,
providing an aggregated view of distortions that impact productive efficiency.

This research investigates the causal effects on misallocation measures, building on
the framework proposed by Hsieh and Klenow (2009). Despite being based on an in-
direct approach model, this paper focuses on the variables proposed as key elements to
analyze the mechanisms of resource misallocation. We examine the causal effects of a

financial shock, specifically an exogenous shock to short-selling supply, and its impact

4See Restuccia and Rogerson (2013) for a detailed discussion.



on firm productivity and resource allocation distortions. By extending this approach,
the study aims to provide deeper insights into the mechanisms through which resource
allocation distortions affect economic growth, with a particular focus on firms within the
U.S. universe.

Short selling is a relevant practice in financial markets. In this type of operation,
investors sell shares they do not own by borrowing them from other investors willing to
lend their shares in exchange for a fee, using the equity lending market.? This strategy
is based on identifying a potential reversal in a stock’s trend, from upward to downward,
and aiming to profit from the decline.

This study offers three main fields of contributions. First, it adds to the existing
literature on productivity, financial frictions, and misallocation (Whited and Zhao (2021),
Midrigan and Xu (2014), Greenwood et al. (2013), Cusolito et al. (2024)) by employing
the model proposed by Hsieh and Klenow (2009)). The primary focus lies in measuring
productivity, capital, and output distortions, offering a detailed analysis of the extent
and nature of resource misallocation.

Several studies have examined the relationship between short selling and total factor
productivity (TFP), shedding light on the mechanisms through which short selling influ-
ences resource allocation and firm efficiency. For instance, Xuewen Kuang and Lin (2024)
explores the impact of short selling on enterprise TFP in the context of China’s capital
market reforms, illustrating how the introduction of short-selling mechanisms improves
TFP by fostering technological innovation and enhancing capital allocation efficiency.
Another applied example is Uras (2014), which analyzes the dispersion in corporate fi-
nancial structures to explain the intra-industry allocation efficiency of productive factors.

Second, we examine the regulatory channel through which short selling affects the real
economy. While this topic has been widely studied empirically (Grullon et al. (2015)),
our approach leverages a quasi-natural experiment: the 2003 Job and Growth Tax Relief
Reconciliation Act (JGTRRA). This reform constitutes an exogenous shock to the supply
of short-selling opportunities, enabling us to identify its causal impact on real economic
outcomes.® Additionally, recent studies have employed this shock to investigate its effects
on mispricing and market performance (see Han et al. (2024), Matta et al. (2025)).

Third, our study builds on the findings of Meng et al. (2020), who investigated the
impacts of short selling on firms’ financial constraints. The authors demonstrated that
short selling can exacerbate these constraints, particularly in firms with higher credit risk
or significant information asymmetry. They also found that firms subject to short selling
face increased negative media coverage, higher external financing costs, and a reduction
in the volume of new external financing. Our study aims to deepen this discussion by

examining how these mechanisms influence resource allocation and firm productivity.

°For more details on the functioning of this mechanism, see Reed (2013).
6See Thornock (2013) for related discussion.



In this paper, we investigate whether short-selling activity negatively impacts the
efficient allocation of resources in the short term by restricting access to credit. To assess
this, we rely on the misallocation estimates proposed by Hsieh and Klenow (2009). The
underlying mechanism is that a high level of short interest signals increased firm risk,
making banks and financial institutions more reluctant to extend credit. This credit
contraction may, in turn, exacerbate capital misallocation, particularly in firms that rely
on external financing for growth and productivity improvements.

Our empirical findings suggest that this restriction led to a 27.3% reduction in cap-
ital misallocation, supporting the idea that short-selling constraints can limit excessive
speculation and mitigate distortions in capital allocation. These results contribute to
the broader discussion on financial frictions and market efficiency, highlighting the role
of short-selling regulations in shaping resource distribution across firms. By providing
empirical evidence on the unintended consequences of tax-induced financial constraints,
this study offers new insights into how regulatory interventions influence firm dynamics
and capital allocation efficiency.

To provide a clear and structured analysis, we divide the paper into six main sec-
tions. Section 2 discusses the institutional background, presenting the JGTRRA as a
quasi-natural experiment affecting short-selling activity and capital misallocation. Sec-
tion 3 describes the dataset and key variables used in our analysis. Section 4 outlines
the research design, detailing our empirical strategy and estimation setup. Section 5
presents the core findings, including the effects of short-selling constraints on capital
misallocation, the dynamic impact of JGTRRA over time, and productivity distribution
analysis. Finally, Section 6 provides concluding remarks, summarizing the main insights

and potential implications of our findings for financial regulation and market efficiency.



2 Institutional Background: JGTRRA as a Shock to Short Sell-

ing and Capital Misallocation

This section is divided into two parts. The first introduces our model framework, with
a particular emphasis on the key variables driving our analysis. The second provides a
detailed discussion on the importance of short-selling activity and the role of our policy
intervention as the object of study. In essence, we discuss how the JGTRRA served
as an exogenous shock, creating a quasi-natural experiment to analyze the allocation of

resources across firms.

2.1 Model Framework

According to the Hsieh and Klenow (2009) model, in an efficient market without firm-
level distortions, revenue productivity would be equalized across firms within narrowly
defined industries, as capital and labor would naturally flow to their most productive
uses. However, observed dispersion in revenue productivity reveals the presence of dis-
tortions that hinder the efficient allocation of resources. These distortions lower TFP and
constrain total output. As a result, the variance in total revenue productivity (TFPR)
across firms within an industry is a key indicator of misallocation.

We follow the canonical model proposed by Hsieh and Klenow (2009), which serves as
the foundation for our analysis’. Subsequent studies have adapted this model to explore
various contexts and applications, including different scenarios and approaches.®

It assumes an economy with a single final good Y}, produced by a representative firm
operating in a perfectly competitive market at time ¢. The representative firm combines

the output Yy of S industries using a Cobb-Douglas production function:

S S
V,=T[Y%, Y 6,=1, (1)
s=1 s=1

where 0, represents the share of each industry’s output in the aggregate production.

Cost minimization implies that the share of each sector in the economy is given by:

Pst'szt

est: PtY;f . (2)

We also derive the price of the final good, assuming the numéraire P, = 1, but formally

defined as follows:

"The full derivation of this model can be found in Section A.
8For adaptations of the model, see Vasconcelos (2017), Oberfield (2013), Chen et al. (2023), Banerjee
and Moll (2010), Gondhi (2023), Uras and Wang (2024) and Whited and Zhao (2021).
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For each time ¢, there are M, firms, each associated with a sectoral price P,; that

represents the price of sectoral output Y;:
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Where Y, denotes the output of firm 7 in sector s, and o represents the elasticity
of substitution between the outputs of individual firms. Following the standard in the
literature, we set 0 = 3°. Solving the profit maximization problem, we derive the following
results:

1. The inverse demand equation for each individual variety is:

(2

Pry - Yiq = Pg - Y. (5)

2. The sector price Py is given by:

Myt =
i=1

Each differentiated product is defined by the production function, which is given by
a Cobb-Douglas function:

Y;st = Aist K Ll—a5

15t st

For firm 7 in sector s, A;s represents the productivity of , K is capital, L, is labor,
and « is the capital share parameter specific to sector s.

The model identifies two types of distortions impacting production. Output distor-
tions (7,:s¢) proportionally affect the marginal products of both capital and labor. These
distortions are higher for firms facing restrictions, such as government-imposed size limits

or elevated transportation costs, and lower for firms receiving public output subsidies.

9We follow Hsieh and Klenow (2009) but there is a discursion on Chirinko (2008)



On the other hand, Capital distortions (7y;s) specifically alter the marginal product
of capital relative to labor. Hsieh and Klenow (2009) highlight that these distortions are
more pronounced in firms with limited access to credit and less significant for firms that
benefit from inexpensive financing, such as those supported by state programs or business
groups.

The profit maximization problem for firm ¢ is given by:

it = (1 — 7yist) - Pist - Yist — wi - List — (14 Thist) - Re - Kist

where R; and w; represent the costs of capital and wages, respectively. Following the
standard in the literature, we set R, = 10%. Maximizing the firm’s profit leads to the
standard condition in which its price is a fixed markup over its marginal cost.

Profit maximization yields the standard condition that the firm’s output price is a

fixed markup over its marginal cost:
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The allocation of resources across firms is influenced not only by their TFP levels but
also by the output and capital distortions. From the first-order conditions, it is evident
that the marginal revenues of capital and labor (M RPK;s and M RP L;, respectively)
are proportional to the revenue (PyY;) per unit of capital and labor.

The marginal revenue products of labor (M RPL;y) and capital (M RPK;y) are de-

fined as follows:
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Foster et al. (2008) distinguishes between physical productivity, denoted as T'F PQ;g,
and revenue productivity, denoted as TFPR;y;. In the absence of distortions, more

capital and labor should be allocated to plants with higher physical productivity TF PQ;s



until their increased output leads to a lower price, equalizing their revenue productivity
TFPR;, with that of smaller plants.
We also can get TF'PR;,; as a proportional to geometric mean of the marginal revenue

products of capital and labor:

TFPR;, = (10)
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With some algebraic manipulation, the expression for TFPR can show that, in the

absence of distortions, it would be equalized across firms:

TFPRiy =
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To estimate productivity, it is important to note that firms’ output Y, is not directly
observable. Therefore, we manipulate the model’s equations to derive a feasible expression

for productivity A;g:
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Klenow (2009) propose setting kg = 1, arguing that this assumption does not affect

The scalar kg = is not directly observable. To address this, Hsieh and
relative productivity comparisons or the estimation of reallocation gains.

After aggregating across all sectors, we obtain a measure of overall misallocation and
the potential output gains for the entire economy. The following equation represents the

ratio of actual output to the efficient output in a misallocation framework:
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2.2 Speculative Activity Under the JGTRRA Dividend Tax
Shock

Understanding the mechanics of short selling is fundamental for understanding the
dynamics of the market. In a short sale, an investor initiates a position by borrowing
shares—typically incurring a fee—from another investor. If the stock’s price subsequently
declines, the investor repurchases the shares at a lower cost to close the position, returns
the borrowed shares, and retains the difference as profit. Conversely, if the stock price
increases, the investor may face substantial losses, as the repurchase cost can exceed the
proceeds from the initial sale.

Short selling plays a crucial role in reducing market information asymmetry by en-
hancing transparency and facilitating the early detection of adverse practices. Fang et al.
(2016) and Hirshleifer et al. (2011) demonstrate that short selling can mitigate earnings
management, assist in detecting fraud, and improve market efficiency.

Moreover, a substantial body of literature examines the multifaceted effects of short
selling, thereby establishing it as a central topic in finance research. Chague et al. (2017),
Chen et al. (2022) and Fang et al. (2016) explore various dimensions of short selling and
its market implications. In particular, Bessler and Vendrasco (2021) analyzes a short-
selling ban enacted in March 2020 during the COVID-19 pandemic, offering valuable
insights into the consequences of restricting short-selling activities.

We follow Meng et al. (2020), who concludes that short selling affects firms’ finan-
cial constraints under certain conditions. As negative information spreads, firms with
high short interest face increased financing costs and reduced access to external capital.
This effect is particularly pronounced in companies with higher credit risk and greater
information asymmetry, reinforcing the negative information hypothesis.

The Job and Growth Tax Relief Reconciliation Act (JGTRRA) of 2003 is a tax law
passed by the United States Congress on May 23, 2003, reducing the maximum federal
tax rate on qualified dividends from 38.6% to 15%. Auerbach and Hassett (2005) discuss
the timing of the approval process, noting that the reduction in dividend taxation had
barely been debated before December 2002. Therefore, we do not need to be concerned
about anticipatory effects.

We leverage this tax policy shock to examine its impact on short selling, with a
particular focus on firms’ reactions. Building on the findings of Thornock (2013), we
analyze how the JGTRRA dividend tax cut influenced short-selling activity. Accord-
ing to Thornock (2013), dividend taxation affects short selling through the “loan and
reimbursement effect,” which arises from the different tax treatments of qualified and
unqualified dividends. In a typical short sale, the short seller must reimburse the lender
for any dividends paid out during the borrowing period. However, these reimbursement

payments may not receive the same preferential tax treatment as qualified dividends.



To illustrate the JGTRRA’s impact on short selling, we present a numerical example
described in Han et al. (2024):

Consider an investor in the 35% marginal tax bracket holding 100,000 shares of a
company that distributes an annual dividend of $1.00 per share. Following the JGTRRA,
this total dividend of $100,000 would be taxed at 15%, resulting in $15,000 in taxes.
However, if the investor lends the shares, the tax liability would increase to $35,000, as
the ordinary income tax rate applies. This 320,000 tax differential represents a significant
economic impact.

The JGTRRA dividend tax cut had a profound impact on corporate behavior and fi-
nancial markets, particularly in the context of capital allocation and short selling activity.
One of the key mechanisms through which this reform influenced financial markets was
the differential tax treatment of dividends, which introduced distortions in stock lending
markets. Similar to the loan and reimbursement effects described by Thornock (2013),
short sellers were required to compensate lenders for dividends paid while the stock was
on loan. However, these repayments—known as substitute dividends—were taxed as ordi-
nary income, rather than benefiting from the preferential tax rates on qualified dividends.
This tax discrepancy likely contributed to shifts in equity lending supply, fluctuations in
short interest levels, and changes in overall market liquidity around dividend record dates.

While previous studies have examined the JGTRRA’s impact on short selling and
financial indicators as in Thornock (2013), Han et al. (2024), Chetty and Saez (2005)
and Matta et al. (2025), its broader implications for resource misallocation and capital
efficiency remain largely unexplored. By altering investment incentives for both firms and
investors, the JGTRRA may have unintentionally disrupted capital allocation, leading
to distortions in firm-level investment decisions, reduced productivity, and inefficiencies
in overall market dynamics. These gaps in the literature highlight the need for further
investigation.

Using data on U.S. manufacturing firms from the Compustat North American Fun-
damentals Annual database, this study seeks to advance the understanding of how tax
policy shocks contribute to capital misallocation and financial market distortions. By
examining firm-level responses in both investment and short-selling activities, we aim to
shed light on the unintended economic consequences of dividend tax reforms.

In this study, we analyze how the JGTRRA dividend tax cut created a quasi-natural
experiment to examine the allocation of resources across firms. Since short selling acts as
a mechanism to absorb negative perspectives about firms, companies with higher levels of
operations may face greater difficulties in accessing credit markets due to speculation. A
restrictive shock to this mechanism, particularly affecting dividend-paying firms, provides

a unique setting to assess its consequences.



3 Data

Our main database is Compustat’s North American Fundamentals Annual, which
provides detailed firm-level balance sheet information and serves as an important source
for financial analysis. The use of Compustat data can be motivated by several key points
as highlighted by Uras and Wang (2024). Compustat offers detailed balance sheet data to
identify sources of firm-level inefficiency and quantitative evaluations of misallocation and
sectoral productivity. Furthermore, it is particularly suited for analyzing organizational
design and technique choice distortions in larger-scale establishments, which are better
represented among publicly traded firms covered by this database.

Our baseline sample covers the years 1980 to 2018. The early 1980s were marked
by a series of tax reforms that shaped the taxation of dividends, culminating in the Tax
Reform Act of 1986, which eliminated preferential treatment for dividends and fully taxed
them under ordinary income rates. This structure remained in place until the JGTRRA
of 2003 (Han et al. (2024)). By extending our sample period to begin in 1980, we capture
a broader historical context of dividend taxation, including the transition from previous
tax regimes to the uniform taxation of dividends under ordinary income rates. This
allows us to analyze the effects of dividend taxation over a more extended period while
ensuring consistency in the tax environment for the majority of our sample, minimizing
potential confounding effects from tax policy changes.!”

In line with the model’s framework, our analysis focuses on firms in the manufacturing
sector, identified by Standard Industrial Classification (SIC) codes ranging from 2000 to
3999. We exclude firm-year observations with either missing, equal to zero or negative
values for important variables, including total assets (Compustat item at), sales (Com-
pustat item sale), employees (Compustat item emp), and property, plant, and equipment
(Compustat item ppent). The distribution of the number of firms across industries is
shown in Table 1.

To ensure consistency, we restrict the sample to firms reporting financial data in
U.S. dollars (Compustat item cured). We drop data with missing values in the dividend
variable (Compustat item dv). All monetary variables are deflated to constant 2017
values using the annual GDP deflator provided by FRED.

Information on labor expenses is limited in Compustat. Therefore, we construct it
as the product of employees (emp) and labor costs estimated from the National Bu-
reau of Economic Research and the US Census Bureau’s Center for Economic Studies
(NBER-CES) Manufacturing Industry Database. To address missing values, a hierarchi-

cal approach is employed using SIC codes of three, two, and one digit.

10For more details regarding the history of dividend tax rates in the U.S., please refer to https:
//www.dividend.com/taxes/a-brief-history-of-dividend-tax-rates/.

10


https://www.dividend.com/taxes/a-brief-history-of-dividend-tax-rates/
https://www.dividend.com/taxes/a-brief-history-of-dividend-tax-rates/

Table 1: Classification of Manufacturing Industries

SIC Name Firms Industry
Chemicals 1850  2800-2899
Misc. Manufacturing 1496  3800-3999
Electronics 1443 3600-3699
Machinery 1221 3500-3599
Food 500  2000-2099
Transport Equip. 425  3700-3799
Fabricated Metal 327 3400-3499
Primary Metal 277 3300-3399
Printing 264 2700-2799
Plastics 255 3000-3099
Apparel 217 2300-2399
Paper 178 2600-2699
Stone/Concrete 152 3200-3299
Textiles 147 2200-2299
Petroleum 129 2900-2999
Wood 111 2400-2499
Furniture 107 2500-2599
Leather 47 3100-3199
Tobacco 23 2100-2199

Note: Number of firms by manufacturing sector (4-digit SIC). Source: Compustat’s North
American Fundamentals Annual.

3.1 Key variables

The key firm-level variables used for identification and aggregation purposes are con-

structed as follows:
1. Labor (L;y): Labor is measured as the total number of employees reported in

Compustat (emp) for firm i, sector s, and year t.

2. Labor Expenses (w; - L;s;): Labor expenses are constructed as the product of
the total number of employees (emp) from Compustat and the aggregate wage
per employee (w;), which is derived from the NBER-CES Manufacturing Industry
Database.

3. Salaries (w;): The average wage per employee is sourced from the NBER-CES

Manufacturing Industry Database.

4. Capital (K;s): It is calculated using the property, plant, and equipment data
items from Compustat (ppent).
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5. Value Added (P, - Yis): Following the approach of Gondhi (2023), the key
variables for this estimation are the beginning-of-period capital stock (ppent), the
stock of labor (L;s), and value added. Value added is constructed as the difference
between sales (sale) and materials. While sales (sale) are directly available in
Compustat, materials are constructed as total expenses minus labor expenses. Total
expenses are calculated as sales (sale) minus the sum of operating income after

depreciation (oiadp) and depreciation (dp).

6. Capital Share (as): The capital share for each firm (a;s) is computed as the
fraction of output not allocated to labor costs, weighted by the firm’s share of total

sectoral output. Specifically, we define:

I :Z[<1_ wt'List>. Pist'}/;'st
Pist : Y;st ZieMs Pist : Y;'st

where:

e w; is the wage rate at time ¢,

e [,y represents the labor expenses of firm ¢ in sector s at time t,

e P Y, is the value-added of firm 7 in sector s at time t,

® > icnm, Pist - Yie 1s the total sectoral value-added, summing over all firms M, in

the sector s.

The aggregate capital share for sector s, denoted as «s, is then obtained by summing

all firms within the sector:
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3.2 Data description

We present summary statistics of firms across selected years in Table 2, including the
number of firms, value-added, capital, and labor expenses. The data reveal a significant
increase in firm-level economic activity over time, with notable growth in value-added and
capital. All variables experienced substantial growth throughout the period, indicating
a continuous expansion in firms’ financial and operational scale. This trend is particu-

larly pronounced after 2000, reflecting broader economic transformations and a marked

increase in capital intensity.

Table 2: Summary Statistics by Year

Year

Firms Value-Added

Capital Labor Expenses

1980
1985
1990
1995
2000
2005
2010
2015

2411
2396
2307
2791
2469
2108
1819
1535

96.86
159.63
265.39
336.48
568.94
986.82

1508.12
2101.51

93.44
175.41
306.15
381.29
554.04
958.19

1592.76
2521.62

59.17
99.77
149.72
180.02
295.33
494.39
714.09
1083.91

Note: Summary statistics of firms by year, showing the number of firms, value-added, capital,
and labor expenses. All values are in millions. Source: Compustat North American Funda-

mentals Annual.

Table 3 presents descriptive statistics for the distribution of six firm-level variables
across firms within the manufacturing industry clusters analyzed in our quantitative
study. The data set spans 1980-2018, allowing us to capture the heterogeneity at the

firm level over time and examine long-term trends in the dynamics of capital, labor, and

productivity.

Table 3: Summary Statistics of Firm Variables

Variable Max Mean Min Obs SD
In(K;st) 12.51 3.07 -7.84 85,091 2.84
In(ws - List) 11.53 3.34 -5.34 85,091 2.32
In(L;st) 6.78 0.10 -6.91 85,091 2.14
In(Pst - YVise) 11.95 3.68 -7.85 85,091 2.56
In(TFPR;s) 11.82 2.23 -7.95 85,091 0.82
In(TFPQ;st) 15.36 4.07 -11.48 85,091 1.70

Note: This table presents summary statistics for firm variables, including maximum
(Max), mean, minimum (Min), standard deviation (SD), and number of observations
(Obs). All values are in natural logarithms. Source: Compustat’s North American

Fundamentals Annual.
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Table 4 presents the distribution of In(7y;s) across different industry clusters. Some
industries exhibit relatively high average values, such as Leather and Leather Products
and Apparel and Finished Products, whereas others, such as Petroleum Refining and
Primary Metal Industries, display much lower means. The standard deviation also differs
considerably, with industries like Leather and Leather Products and Tobacco Products
showing relatively low dispersion, while Petroleum Refining and Chemicals and Allied
Products exhibit greater variability.

Finally, we work with an unbalanced panel, allowing for free firm entry while also
ensuring that our analysis is not subject to survival bias. Moreover, at the aggregate

level, we do not find strong evidence of sectoral heterogeneity.

Table 4: Distributional Properties of In(7;s)

Industry Cluster Mean Std. Dev. Min Max # Obs.
Electronic and Electrical Equipment 2.472 1.179 -6.864 8.706 15034
Miscellaneous Manufacturing 2.583 1.033 -3.850 8.227 13285
Industrial and Commercial Machinery 2.445 0.949 -4.395 9.209 12044
Chemicals and Allied Products 2.540 1.371 -5.179 11.360 11420
Food and Kindred Products 1.757 1.062 -5.501 7.480 4967
Transportation Equipment 2.030 0.976 -3.977 7.378 4800
Fabricated Metal Products 1.711 0.940 -6.166 5.226 3476
Primary Metal Industries 1.109 1.155 -8.902 7.239 3144
Rubber and Miscellaneous Plastic Products  1.621 0.997 -3.046 4.942 2532
Printing and Publishing 2.188 1.220 -3.986 6.625 2509
Paper and Allied Products 1.078 1.170 -7.122 4.871 2083
Apparel and Finished Products 2.561 1.141 -1.406 11.078 2053
Stone, Clay, Glass, and Concrete 1.153 1.225 -4.627 6.707 1533
Petroleum Refining 0.860 1.299 -5.180 8.595 1443
Textile Mill Products 1.415 0.924 -5.804 5.162 1392
Furniture and Fixtures 1.908 0.796 -2.207 6.438 1300
Lumber and Wood Products 1.252 1.282 -5.286  5.092 1223
Leather and Leather Products 3.013 0.866 0.669 5.988 600
Tobacco Products 2.691 0.709 1.376 4.851 253

Note: This table presents the distributional properties of In(7g;s:) across different industry clusters.
The values represent the mean, standard deviation, minimum, and maximum for each category. The
last column shows the number of observations per industry. Less than 1% of observations have missing
values due to the log transformation, as the logarithm of zero or negative values does not exist. Source:
Compustat’s North American Fundamentals Annual.
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4 Research Design

This section outlines our empirical strategy to evaluate the impact of the JGTRRA on
various economic outcomes, including the capital wedge (7y;s:). We focus on how the re-
form differentially affected “treated” firms—particularly those paying dividends—relative
to “control” firms that did not pay dividends.

To capture these differential effects over time, we employ a two-way fixed effects
(TWFE) model, including both firm and time fixed effects. By leveraging variation in
treatment status across firms and over time, this framework allows us to isolate the causal

impact of the JGTRRA on economic distortions.

4.1 Empirical Strategy

As defined in Chetty and Saez (2005), dividends can be classified into two types
of payouts: regular dividends and special dividends. Regular dividends are periodic
and recurrent, typically distributed quarterly, annually, or semiannually, whereas special
dividends are one-time, nonrecurring payments that do not necessarily indicate a firm’s

long-term commitment to distributing earnings.
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Figure 1: Dividend-Paying Firms Over Time

Note: This figure shows the proportion of firms classified as consecutive dividend payers, defined as those paying
dividends for at least five consecutive years. The cutoff year of 2003 corresponds to the implementation of the JGTRRA.
Source: Compustat’s North American Fundamentals Annual.

Our treatment group consists of dividend-paying firms, but due to data limitations,
where observations are only available at an annual frequency, we cannot rely solely on
dividend payments in 2002 to classify firms. This constraint is essential to avoid misclas-
sifying firms that issued special dividends, which are one-time distributions, rather than

those that consistently engage in regular dividend payments.

15



To ensure a more precise classification, we define treated firms as those that paid
dividends at least five times between 1980 to 2002, establishing a baseline for firms with
a consistent dividend-paying history. Firms that do not meet this threshold are assigned
to the control group, allowing for a structured comparison between companies with a
long-term commitment to dividends and those that do not regularly distribute earnings
to shareholders.!!

We can see in Figure 1 that the proportion of firms classified as consecutive dividend
payers remained relatively stable before and after the implementation of the JGTRRA
in 2003. However, to avoid capturing firms that directly responded to the policy change,
we exclude those that started paying dividends after 2003 from our analysis.

Another important concern is how firms might respond to the JGTRRA. Although
changes in dividend policies are relatively uncommon, we investigate whether significant
adjustments were made in the period surrounding the reform. Figure 2 presents evidence
on firm status by dividend payment behavior, based on a balanced panel from 1996 to
2006. It categorizes firms into those that continued paying dividends, stopped paying
dividends, or initiated payments after 2003. However, since this was a one-time change,
it should not influence the long-term evolution of anomalies. As we can see, there were
stable firms that continued paying dividends, as well as those that consistently did not
pay dividends. However, to avoid capturing firms that directly responded to the policy

change, we exclude those that started paying dividends after 2003 from our analysis.

453
(44.1%) 435
(7.5%)

(42.4%)
62
- ]

Paid and kept paying Didn't pay and kept not paying Paid and stopped paying Didn't pay and started paying

7

. . o e .
Figure 2: Firm Status by Dividend Payment Behavior
Note: Dividend-paying firms are those that paid dividends at least five times. The 2003 cutoff marks the JGTRRA implementation.
Categories include firms that continued, stopped, or started paying dividends after 2003. Source: Compustat’s North American
Fundamentals Annual.

"DeAngelo and DeAngelo (1990) shows that regular dividends are persistent over time.
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After applying the necessary data cleaning procedures, we obtained a final sample
of 7778 unique firms. Within this sample, 1656 firms (21.26%) are classified as treated,
meaning they consistently paid dividends according to our defined criteria. The remaining
6132 firms (78.74%) form the control group, consisting of firms that did not meet the
threshold for consecutive dividend payments. This classification ensures a structured
comparison between companies with a long-term commitment to dividends and those

without a consistent dividend distribution policy.

4.2 Estimation Setup

Identifying causality in finance and economics is inherently challenging, as randomized
controlled trial (RCT) conditions are difficult to achieve in these fields. Therefore, a
common approach is to rely on quasi-experimental methods, such as the JGTRRA, to
estimate causal effects. As our treated and control groups have been defined, we must
verify whether they follow parallel trends. To do so, we estimate the following Dynamic
Difference-in-Differences specification:

Here, the variable Divid;s represents the treatment group of dividend-paying firms
in year t, categorized as pre- or post-JGTRRA. The indicator variable I captures each
year before and after the policy.

In Equation 12, the baseline is established by taking the year prior to JGTRRA as
our reference period, normalizing fa002 = 0. We include firm fixed effects (¢;) and time
fixed effects (\) to control for economic shocks affecting corporate tax structures across

firms, as well as other temporal shocks influencing effective tax rates.

Tk’zst Z ﬁ] j - t Dividist + ¢z + )\t + €ist (12)
j#2002

We expect to observe only non-significant coefficients in the pre-treatment period,
meaning that §; should not be statistically significant before JGTRRA. This would pro-
vide evidence that both groups followed similar trends in the outcome variable before the
reform took place.

It is important to note that Equation 12 does not represent our causal estimation.
Instead, this specification is used to assess the validity of the parallel trends assump-
tion. By estimating the dynamic Difference-in-Differences model, we verify whether the
pre-treatment coefficients 3; are statistically indistinguishable from zero, which would
indicate that treated and control firms followed similar trends prior to the JGTRRA

reform.
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In Equation 13, we estimate a two-way fixed effects (TWFE) model to evaluate the
causal effect of the JGTRRA on the capital wedge, denoted by 74;s;. The model includes
firm fixed effects (¢;) to capture time-invariant characteristics at the firm level, and time
fixed effects (A\;) to account for aggregate shocks that affect all firms in a given period.
Specifically, the variable Divid; indicates whether a firm pays dividends, and JGT RRA;
is a binary indicator that equals 1 when ¢ > 2003, representing the post-JGTRRA period.
The coefficient 5; measures the policy’s effect on the capital wedge among dividend-paying
firms compared to non-dividend-paying firms.

In addition, following the corporate finance literature and the approaches in Matta
et al. (2025) and Xuewen Kuang and Lin (2024), we include a set of lagged firm-level
controls, denoted by Xiy_1. Specifically, it consists of In(Age;, ), In(Size;;_1), and
In(ROA;;—1). These controls are multiplied by a vector of coefficients I'. We lag all
control variables by one period to mitigate potential endogeneity in the model.

Finally, €;,; represents the idiosyncratic error term. This specification follows the
methodology recommended by Petersen (2008), ensuring appropriate standard error ad-

justments for both firm-level and temporal correlations.

I(7hist) = Bo + B (JGTRRA, - Divid;) + X 1T + i + Ao + €, (13)

Furthermore, we extend our Differences-in-Differences approach to analyze its impact
on additional firm-level variables, allowing for a broader assessment of the JGTRRA’s

effects beyond the capital wedge.

5 Short Selling Constraints and Capital Misallocation: Results
and Analysis

In this section, we present the main findings regarding the impact of the JGTRRA
dividend tax cut on capital misallocation and short-selling activity. The overall results

suggest that the restriction on short selling led to a reducing capital distortions.

5.1 Effect of Short Selling constrains on Capital Misallocation

Our initial estimates rely on a TWFE approach, as specified in Equation 13. The
dependent variable in our setup is In(7x;s ), which captures distortions in capital allocation
across firms. Our treatment group consists of dividend-paying firms, defined as those that
paid dividends at least five times between 1980 and 2002, establishing a baseline for firms
with a consistent dividend-paying history. The control group consists of firms that either

never paid dividends or paid them infrequently before 2003.
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To quantify the impact of the JGTRRA dividend tax cut on capital misallocation, we
estimate the average treatment effect (ATE) of the policy on In(7;s). Our identification
strategy leverages the exogenous nature of the JGTRRA reform, allowing us to compare
the evolution of capital distortions between treated and control firms over time.

Our results, presented in Table 5, confirm that dividend-paying firms experienced a
significant reduction in capital distortions following the JGTRRA reform. The estimated
coefficient on the interaction term JGTRRA; - Divid; is negative and statistically sig-
nificant across different model specifications, indicating that treated firms faced lower

capital misallocation relative to the control group.

Table 5: Effect of Treatment on In(7y;)

All Firms Small Firms Large Firms

(1) (2) (3) (4) (5) (6)
JGTRRA, - Divid; 0.20"* -0.32"* -0.17* -0.35** 0.21** -0.19***
(0.04)  (0.03)  (0.07) (0.05) (0.05)  (0.04)

Controls v v v v v v
Fized Effects:

Year FE v v v v
Firm FE v v v v
Fit statistics:

Observations 76,358 76,358 37,567 37,567 38,791 38,791
R? 0.16 0.82 0.04 0.79 0.04 0.83
Within R? - 0.00 0.01 - 0.02

Note: This table presents the results of a TWFE model estimated using equation 13. Columns (1)—(2)

use the full sample (All Firms), while Columns (3)—(4) restrict the sample to Small Firms, and
Columns (5)—(6) to Large Firms. The dependent variable is In(7x;s¢). Standard errors (in parentheses)
are clustered at the firm level. Statistical significance: *** p < 0.01, ** p < 0.05, * p < 0.1. Firms are
classified as small (large) if their total assets are below (above) the median in a dynamic rule by year.

This effect remains robust even after we modify our measure of aggregate value,
acknowledging that such measures likely contain substantial measurement error (Bils
et al. (2021)). Following Whited and Zhao (2021), Value Added is computed as the sum
of otbdp and imputed wages. Our results are consistent with our baseline findings: the
restrictive short-selling shock induced by the JGTRRA reduced the capital wedge for
dividend-paying firms.
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To explore heterogeneity, we build a binary indicator that classifies firms as small if
their total assets fall below the annual median (and as large otherwise). Our analysis
reveals that smaller firms were more affected by the restrictive speculative shock. This
finding suggests that, due to their lower bargaining power and limited access to financing
sources, these firms are more vulnerable to adverse market shocks, resulting in greater
distortions in capital allocation and investment decisions.

The main result of this interaction is an estimated coefficient indicating that short
selling constraints can reduce capital distortion levels by approximately —27.3%***, a
significant reduction, using firms from the world’s largest financial market. This result!?
suggests that limiting short selling may play a role in improving capital allocation effi-
ciency.

Overall, these findings provide strong empirical evidence that reductions in short sell-
ing activity can alleviate capital misallocation, supporting the hypothesis that speculative
market behavior can create financial frictions that play a crucial role in shaping firms’ ef-
ficiency. In particular, firms facing negative market sentiment tend to experience greater
financial constraints, as pessimistic expectations can increase the cost of capital and limit

investment opportunities.
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Figure 3: Leads and Lags: In(74;)

Note: This figure presents the dynamic effects of the policy change on In(7y;s¢) using Equation 12. The vertical dashed
line represents the baseline year, with leads capturing pre-trends and lags showing post-treatment effects.
Source: Compustat’s North American Fundamentals Annual.

2Denoting the DiD parameter for the In specification as 31, the transformation exp(f;) — 1 yields the
precise proportional difference in growth rates.
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5.2 The Effect of JGTRRA on Capital Misallocation Over Time

To understand the dynamics of the effect of the short selling constraint reduction on
the capital wedge before and after the JGTRRA, we estimate Equation 12. This spec-
ification allows us to assess the evolution of capital misallocation over time, identifying
potential dynamic effects of the reform. The absence of significant pre-treatment trends
reinforces the validity of the DiD strategy, while the evolution of the j3; coefficients in
the post-reform period enables us to analyze the persistence of the tax policy’s impact
on capital allocation efficiency.

The results suggest that before JGTRRA, the estimated coefficients remain close to
zero and are not statistically different from it, supporting the parallel trends assumption.
However, following the reform, there is a significant and persistent decline in In(7y;s)
among treated firms, indicating a reduction in capital wedges post-JGTRRA. This pat-
tern is consistent with the hypothesis that the tax cut altered firms’ financial conditions,

leading to a decrease in capital misallocation.

5.3 Productivity Distributions

A common approach in the misallocation literature is to examine the distribution
of productivity measures over time. Foster et al. (2008) emphasizes the importance of
studying these distributions to better understand resource allocation dynamics and mar-
ket efficiency. Figure 4 presents the distribution of TFPQ for selected years: 1997, 2002,
and 2008. The distribution of physical productivity is adjusted by sectoral productivity

in the absence of distortions, providing a clearer view of underlying efficiency patterns.

[ 1007+ "t 2002 | 2008

Figure 4: Distribution of Physical Productivity

Note: This figure illustrates the distribution of physical productivity across firms for selected years, following the
1
Ao MGT
At

transformation In . Source: Compustat’s North American Fundamentals Annual.
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A noticeable feature is the evolution of the left tail of the distribution. In 1997, the
left tail is thicker, suggesting that policies or market conditions may have allowed the
survival of relatively inefficient firms with lower TFPQ. Over time, this tail becomes
thinner in 2002 and even more so in 2008, indicating a decline in the persistence of low-
productivity firms. This pattern aligns with market selection mechanisms that gradually
improved resource allocation efficiency. Despite these changes in the left tail, the overall
shape of the distribution remains relatively stable, with a consistent peak around zero in
all periods. The gradual decline in density on the left side suggests that inefficient firms
either exited the market or improved their productivity levels over time, reinforcing the

role of competitive pressures in firm dynamics.

Table 6: Dispersion of TFPQ
Std Dev 75 - 25 90 - 10

Year Treated Non-Treated All Treated Non-Treated All Treated Non-Treated All

1996 0.66 0.82 0.71 1.21 1.58 1.60 241 3.09 3.10
1997 0.70 0.84 0.75 1.25 1.70 1.67 245 3.37 3.26
1998 0.66 0.81 0.71 1.25 1.63 1.65 237 3.29 3.23
1999 0.66 0.83 0.72 1.30 1.73 1.73  2.53 3.30 3.29
2000 0.63 0.76 0.68 1.30 1.83 1.77 255 3.50 3.36
2001 0.59 0.73 0.64 1.38 1.91 1.82 247 3.66 3.48
2002 0.60 0.75 0.66 1.35 1.83 1.83  2.58 3.55 3.40
2003 0.64 0.75 0.69 1.42 1.82 1.79 2.6 3.62 3.38
2004 0.61 0.70 0.66 1.38 1.77 1.71 2.48 3.53 3.29
2005 0.59 0.67 0.64 1.35 1.81 1.76  2.48 3.55 3.32
2006 0.58 0.65 0.62 1.29 1.87 1.76  2.56 3.44 3.34
2007 0.60 0.68 0.64 131 1.86 1.84 2.60 3.58 3.47
2008 0.69 0.72 0.71 1.44 2.01 1.98 267 4.12 3.83

Note: Std Dev represents the standard deviation; 75 - 25 denotes the difference between the 75th and

25th percentiles, and 90 - 10 represents the difference between the 90th and 10th percentiles. The
adjusted distribution of physical productivity across firms for selected years, following the
1

o—1
transformation In % . Source: Compustat North America Fundamentals Annual.

st

Table 6 illustrates the dispersion of TFPQ, measured using three key statistics: stan-
dard deviation (Std Dev) and interquartile ranges. These metrics allow for an assessment
of productivity variation among firms over time and the differences between treated and
non-treated groups, particularly in the aftermath of the JGTRRA implementation.

The central dispersion, captured by the interquartile range (75-25), exhibits increasing
fluctuations throughout the period. However, a key aspect to highlight is that the 90-10
interquartile range remains consistently high, indicating a persistent gap between highly
productive firms and those with lower productivity. This pattern suggests that, despite

potential improvements in resource allocation over time, structural factors continue to
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hinder a more pronounced convergence in firm productivity. Additionally, non-treated
firms exhibit higher dispersion than treated firms, emphasizing greater heterogeneity
within this group.

Furthermore, it is important to emphasize that the gap in dispersion between the two
groups remains relatively stable over time, suggesting that dividend-paying firms operate
under structurally different conditions compared to non-paying firms. This pattern may
reflect differences in credit access, financial constraints, investment strategies, or greater
operational stability among firms that regularly distribute dividends.

We also analyze the distribution of Revenue Productivity over time (see Figure 5). The
distribution is highly concentrated around zero, with a pronounced and consistent peak
across all selected years. Here, TFPR shows less dispersion, suggesting that differences
in firms’ revenue-generating efficiency are relatively smaller. It is important to note
that TFPR is equalized across sectors—since there is no firm-specific component beyond
distortions, so the reduced variability is indicative of improved resource allocation at firm
level.

The left tail of the distribution remains relatively stable over periods, suggesting that
low-revenue productivity firms continue to exist over time. However, slight variations in
the density of the peak and the tails might indicate changes in market conditions, pricing
power, or competition dynamics. The stability of the distribution suggests that while the
revenue-generating capabilities of firms can fluctuate, the overall misallocation in terms

of revenue productivity has remained relatively constant during the period analyzed.

[ 1907 3"t 2002 7 2008
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Figure 5: Distribution of Revenue Productivity

Note: This figure illustrates the adjusted distribution of revenue productivity across firms for selected years, following
TFPR;
TFPRgs¢

the transformation In ( ) Source: Compustat’s North American Fundamentals Annual.

Table 7 follows the same structure as previously presented. The statistics remain rela-
tively stable over time. However, it is important to highlight that the 90-10 interquartile
range exhibits a growing and significant difference between highly productive firms and

those with lower productivity, indicating the persistence of heterogeneity in the market.
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In particular, while the control group shows an increase in dispersion measures over
time, the treatment group experiences a slight decline. This suggests that the restrictive
short-selling shock reduced financial frictions for the treated firms, potentially improv-
ing capital allocation and leading to a more homogeneous distribution of productivity
within this group. In contrast, the control group, unaffected by the shock, continues to
experience increasing dispersion, reinforcing the role of financial frictions in shaping firm
heterogeneity.

These findings emphasize the role of market selection mechanisms, capital allocation
efficiency, and firm-level constraints in shaping productivity dispersion over time. While
some degree of misallocation appears to persist, the long-term trends suggest a dynamic

competitive environment where firms continuously adjust to market pressures.

Table 7: Dispersion of TFPR
Std Dev 75-25 90-10

Year Treated Non-Treated All Treated  Non-Treated All Treated  Non-Treated All

1996 0.83 0.80 0.83 1.12 1.07 1.09 2.09 2.27 2.20
1997 0.84 0.81 0.84 1.09 1.05 1.06 2.13 2.30 2.24
1998 0.83 0.78 0.82 1.11 1.10 1.11 2.13 2.38 2.26
1999 0.82 0.80 0.82 1.10 1.10 1.10 2.12 2.32 2.25
2000 0.83 0.80 0.82 1.12 1.16 1.12 2.09 2.44 2.29
2001 0.85 0.82 0.84 1.14 1.19 1.17 2.16 2.55 2.36
2002 0.85 0.77 0.83 1.15 1.13 1.15 2.16 2.34 2.27
2003 0.85 0.79 0.84 1.11 1.16 1.14 2.14 2.44 2.30
2004 0.84 0.87 0.85 1.13 1.17 1.15 2.09 2.38 2.26
2005 0.84 0.91 0.87 1.12 1.23 1.17 2.10 2.39 2.29
2006 0.86 0.90 0.87 1.12 1.24 1.20 2.08 2.43 2.28
2007 0.85 0.90 0.87 1.12 1.17 1.14 2.08 248 2.33
2008 0.85 0.92 0.88 1.08 1.19 1.14 2.07 2.45 2.35

scriptsize Note: Std Dev represents the standard deviation; 75-25 denotes the interquartile range

(difference between the 75th and 25th percentiles), and 90-10 represents the dispersion between the

90th and 10th percentiles. This table presents the adjusted distribution of revenue productivity across
TFPR;.
TFPR.,
America Fundamentals Annual.

firms for selected years, following the transformation In ( ) Source: Compustat North
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6 Concluding Remarks

This paper examined the impact of short selling constraints on capital misallocation
within the framework of Hsieh and Klenow (2009). To investigate this relationship, we
leveraged a quasi-natural experiment stemming from the Job and Growth Tax Relief
Reconciliation Act of 20083.

By utilizing firm-level data from Compustat’s North American Fundamentals Annual
and applying robust econometric techniques, we identified a negative causal relationship
between short selling constraints and capital wedges. Our findings highlight the role of
taxation and speculative restrictions in shaping corporate financial policies. Specifically,
we estimate that short selling constraints reduce capital distortions by approximately
27.3%.

We also find evidence of heterogeneity in the treatment effect. Our results indicate
that smaller firms are more impacted by negative speculative shocks. This suggests that
short selling constraints not only reduce overall capital distortions but may also improve
capital allocation by mitigating the adverse effects of speculation on firms with lower
bargaining power and limited financing options.

From a broader perspective, this research makes three key contributions. First, it
advances the literature on productivity, financial frictions, and misallocation. Second,
it sheds light on the regulatory mechanisms through which short selling affects capital
allocation. Third, it builds upon the findings of Meng et al. (2020), who explored the
effects of short selling on firms’ financial constraints.

Despite the robustness of our results, some limitations remain. Our study relies on
observational data, which, while carefully analyzed, is inherently constrained in estab-
lishing definitive causality. Additionally, the long-term effects of the JGTRRA remain an
open question, requiring further investigation into its sustained impact on firm dynamics
and market structures.

Future research could expand on these findings by leveraging higher-frequency data,
such as semiannual reports, and incorporating credit line datasets to assess financial
constraints through alternative channels. Additionally, new theoretical models could
refine our understanding of tax-induced distortions. Comparative analyses with other
tax reforms could also provide valuable insights into the generalizability of our findings
across different fiscal environments.

In conclusion, this paper underscores the significance of tax policy in shaping corporate
investment decisions and overall real market efficiency. The empirical evidence presented
offers valuable insights for policymakers, helping them design tax reforms that balance

corporate incentives with broader economic efficiency considerations.
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A Appendix

Aggregate Price

For each time ¢, there are S industries, each associated with a sectoral price Pg. We aim
to find the aggregate price P, which is defined as the minimum price required to acquire one
unit of the aggregate benefit at time ¢. This can be formalized as the following minimization

problem:

S

S
C(P,Y;) = min {Z Py - Y, }, subject to: Y; = H Ysetst, Zest =1.
s=1

{Yauby s=1 s=1

The Lagrangian is
S
Lt:ZPst f,—i-)\t( HYﬁ“)
s=1

where )\; is the Lagrange multiplier. The first-order condition with respect to Yy is given
by:
S—{s}

8Lt 0 * 1 95
Yy = Py — A\t - g1 - Y, t H Ystt -

By reorganizing terms and applying the given restrictions, we derive:

Y;
Py=MX -0 - Yit (A1)
Taking P, = )¢, it simplifies to:
Pgt - Yyt
= = A2
est P . Y;g ( )

From Al, we take j as the reference sector. Assuming \; remains constant across sectors,

the relationship can be expressed as:

Pst'szt_Pjt'ijt Y. _Pjt Hst
st —

= = LY
0q-Y:,  0j;-Y, Py 0 7'

Applying the given restrictions and let sector j be constant in relation to sector s

S s Ost S 6w s P
P,t 9 L P‘t s=1 9 " st
v, = [T vt = 2at | Tst oy — (22 .y, ) <S> )
t H st H <Pst Qj,t ]t) (Q]zf Jt H Pst

s=1 s=1 s=1
By aggregating the sectors, we find the numerary price of the final good as a function of the

sectoral prices:

P, S PS 0s S PS Ost
szaj.Yt.HQgS) = PtEH<'9$:> . (A3)
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Sector Price
For each time ¢, there are M, firms, each associated with a sectoral price Pg; and we aim

to find it. This can be formalized as the following minimization problem: The cost function is

defined as:
_g
Mst al] o—1

Mst
{ Pist - }/:ist} , subject to: Yy = [Z Y,.f
i=1

=1

C(P8t7 ){St) - mlrj{f
{S/ist}izslt

The Lagrangian is:

Mst o Mst o—1 Uil
Lst = Z -Pist ' }/ist + )\st }/st - [Z YistU ‘| .
i=1

=1

where Ay is the Lagrange multiplier. The first-order condition with respect to Yjg is given

by:
oL Mgy o1 o—1 -1
6Y~St = Pist = Ast - (Z Yist ) Yiii =0

15t i=1

Reorganizing terms and noting that Ag = Ps, we get the inverse demand equation for each

individual variety equal to:

Pl Yiss =P - Yy = Y;st:ytst‘PZt (A4)
15t

Substituting into the constraint gives:

o1 == _o
Mse 4 (Pst )Ul] o—1

Mt o\ o |71
t S
Yo = Z(ntﬁ,) :[Zyst "\ P,
i=1

it

i=1
Simplifying:
oot Mt EE Mt
Yo = (YSJ PG ZR@Z”) = 1=Py > Py”
i=1 i=1

Thus, the sector price Py is:

) o (A5)
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Firm’s Problem

For each time t, a firm produces output Y;s using labor L;s and capital K, subject to a
production function. The firm faces prices P;g for its output, a wage w for labor, and a rental
rate R for capital. Additionally, there are distortions of capital and product as 7,5 and capital
Trist that influence firm decisions.

The firm’s objective is to maximize its profits:

max It = (1 - Tyz‘st) “ Pist - Yist — wi - List — (1 + Tkist) "Ry - Kt
}/istyL’L'St7K’L'St

Using the definitions of A4 for Pig and Yig = Ajgr - K& - L1

18t 15t

o—1

1 =1
y max iy = (1= Tyist) - Pst - Y7 - [Aist K5 L™ 7 —wie List — (14 Thast) - Re - Kist.
istylvist ;N ist
Taking first-order conditions, we get:
aI_Iist o—1 % A Qg 1—ag 771 A Qg —Q A
OL;st = (1_Tyist)'T‘(l_as)'Pst'Yst ’ [ ist Kist ’ List } ’ ist'Kist'List =W ( 6)
18
8H t oc—1 é %1 Y; t
S = (=) T (1= a) - P Y Vi - 7 = (A7)
o—1
oI, + c—1 1 =1 Y.’
8KZt = (1 - Tyist) : T cag - Py - Y:;tj : }/:gto : Izg;t = (1 =+ Tkist) ‘R (AS)
Dividing both equations, we get the optimal condition:
Kis Wt A
— . A9
Lig (1 + Tkist) R 1 —a, ( )
Using the definitions of A4 and A6:
o RN\ we N (1 The)
P = A ik . AR S U LV A10
ot oc—1 (as> (1_as) Aist'(l_as) ( )
Now, from A6 and Yj:
o—1 1 a 11—« 07_1
wi List = 7= (1= i) - (1= ) - P i - (Ause - K- L) (A11)

Reorganizing terms, where R encompasses the remaining constant components. We get the
following expression:
AL (1 - Tyist)g AT (1 - Tyist)g

Liv=TR- 15t = L. 15t
o (1 + Tgis) 01 LA Tisg)2 @D

(A12)

Now, using the definition of production function, A6 and A9, we find:
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g wy % ATy (1 — Tyist)” A%y (1 — Tyist)”
Y., — . LR s = Y L Al3
w5t {1 — Rt] (1 + Thise )25 ist ¢ (1 + Thise) s (A13)
From A4 and A7, we find:
— 1) P, t " Y; t Wt
MRPLiy 2 (1—ay). 0= Bt Vi Al4
vt ( 8) g Lig (1 - Tyist) ( )
o wt - List
1 — iy — . Al5
Tyist oc—1 (1 - as) : Pist : Y;st ( )
From A4 and A8, we find:
—-1) Pu-Y; 1 ;
MRPK;y 2 o - (0=1) Bt Yiet _ R; - (14 Thist) (A16)
g Kist (1 - Tyist)
Using the definition of 1 — 7,5 on A16 we get:
. L
1 ot =~ (A17)

1_as‘Rt'Kist

The equilibrium allocation of resources across sectors

Now, the aggregate TFP can be found as a function of the misallocation of capital and

labor, solving the equilibrium allocations:

Mst Mst
Let Lg=Y Lig, Ka=Y K, Yig= A K Li %
i=1 i=1
From A2 and Al4 :
1 (U - 1) Pigt - Yiat
Livy——— . (1— . . 0., -P-Y
18t MRPLwt ( 045) o Pst ) }/st st t t
Mst Mst
1 (0 —1) Pist - Yist >
Ly=> Liy= ) (1 — ). st st Py,
st ; st ; (MRPLZSIS o ( 045) Pst . Yst st t t
L ("_1)(1 )-0s¢- P, Yﬂf( ! Pist%st) (U_l)(1 V-0 Py Yy
T VT \MRPLiy - P Yy o v U MRPLy,
Lst oc—1

= -P;-Y;, so we can define this for every sector s or s’ on each time t

e (1= ) 0
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L Lo '
- st _ s't = Lst _ let_ MRPLgst
[MRPLst (e GSt] WLM (1 —ay): es't} wrr, (o) 98%]
—Ll . (1 — ) -0 t
Applying labor clean condition Lg = L; - {MRPL“ v } (A18)
239/:1 MRIlDLS,t (I—-ay)- es’t}
From A2 and A16 :
(o0 —1) 1 1
Ko — ore - P Yo - 0., -P-Y -
ist ag pn ist ist MRPK,, st t t P, Yy
o o (c—1) 1 1
K. = Ko — . P Yo —— .. P.Y, -
st ; ist Zzzl <O[5 pu ist ist MRPK,., st t t P, - szt>
K (0_1) 0 PV, Aﬁ( 1 -Pist'}/ist’> (U_l) 0 P.-Y, 1
st s o st t t pt MRPKzst Pst - Yst s o st t t 7MRPKSt
—_— 1 (0’ - 1) . / .
Ky MRPK - 7 = -P;+Y;, so we can define this for every sector s or s' on each time ¢
Qg - Ust o
1
— -, - Oy
S K= Ky PR

Qg+ 93’t

— Ky, - MRPKy, ————
MRPK,,

Ky - MRPK -
Qg - 951& Qg - Ugly
1
g - Oy
Applying capital clean condition Ky = K; - [MRPK“ * } (A19)
25/21 Q- gs’t:|
MRPK/,
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Productivity

Revenue productivity (T FPR;s) is defined as:

P -Y;
TFPRiy = Pigt - Ajst = —o oo
Kist ’ List
Physical productivity (T'F PQ;st) is defined as:
Yvist
TFPQist = Ajst = . T l—an.
Kzofsi ’ ListOé5

However, since Y is not directly observable, it becomes essential to manipulate the equa-

tions further. Using the relationship from A4, we derive:

1
yo-l_po . yo .~
t 15t ist
i PG Ya

_o_ _o 1
Aist . Kas . Ll—Oés — P‘a—l . Yo'—l .

ist ist ist ist

g
o—1 o—1
Pst ' Y;t

N _o_
A 7Pﬁ Yﬁ 1 1  (PstYsy) o1 (PistYist) o1
ist — Lgst T list _o _1 'Kas .Ll—as - P ’ K% 'Ll—as
P YS! ist ~ Mist st ist " Mist
P75
Ajst = Kst - % (Alg)
Kist ’ List
1
The scalar kg = % is not directly observable. To solve this, Hsieh and Klenow

(2009) propose setting kg = 1, arguing that this assumption does not influence relative pro-

ductivity comparisons or estimates of reallocation gains.

Sectoral Total Factor Productivity

Returning to the definitions of K and Lg:

(O'—]_) 1 Pst'Yst _ g 1
Lo — (1 — 9., - P-Y, — = =MRPLgy - —— -
st o (mas) b BT MRPL,, Ly e 11— ay
(0’—1) 1 Pst'Y'st —_— g 1
Ky = . Ot P Y — = = MRPKg - —
st = O st Lt It MRPK., K., st c—1 o

Let the production of sector s at time ¢ be defined as:

Yy = TFPy - K& - L1

Using mathematical manipulation, the Total Factor Productivity (TF Ps;) is expressed as:
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— o 1\% [Py Yst>1—“s 1
TFP; = MRPK - R . L
ot < st oc—1 as) ( Lst Pst

Substituting the expressions for marginal revenue products (M RPKg and M RPL,):

(o)
7 . 1) (MRPLSt
oc—1 o

o 1 )1—% 1

o—1 1— a, Py

TFP; = (MRPKSt . D
st

Simplifying further, we obtain:

(A20)

_— ————\ l—«
MRPE,\" (MRPL A D
TFPy = 2. ( St) . <St> = TFPRst -
st

1
c—1 s 1— a4 Pfst

From A5, and using the initial definition of TEFPR;g:

1 Mt 1 o—1 ﬁ Mt Aist o—1 ﬁ
PHZ[Z <Pm> ] :E; <TFPRist) ]

i=1

Substituting this into A20, and assuming T'F PRy, is constant in relation to M, we obtain:

1
Mst —_— o—1] o—1
TFPRg
TFPu= |3 (A | TFPR) ] (A2l

i=1

We can manipulate the initial definition of TFPR;s and using A14 and A16 :

Pist Yisr P Yy o {MRPKistrs {MRPListT_aS

ist ist
Qs 11—« Qs Qs
Kzst Lzst ° P?,St }/;,st o—1

TFPR;s =

Qg 1— oy

] ) e

c—1 |ag 1 — a4

TFPR;s = (A22)

1- Tyist

Efficiency Levels

We next calculate the ”efficient” output. If marginal products were equalized across plants,
meaning that revenue productivity does not vary within the same sector, then from A21, in-

dustry TFP can be directly compared with actual output levels:
1
My o1

Ay =TFP, = [Z (Aist)"‘ll : (A23)

=1

To complete, we use the aggregate production function and the sectoral production function:

HY:;st, Vi = TFPy - K& - L7,

to derive:
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S
vi= ] (TFPa- K ‘Lif‘“)e“'

s=1
Finally, for each sector, we calculate the ratio between the observed output Y; and the
efficient output Y,*, which is obtained when the TF PR, of firms is equalized. In this scenario,
Ay = TFPg, allowing us to measure the degree of misallocation within the industry and
estimate the potential output gains when resources are allocated efficiently.
The aggregation of all sectors provides a measure of overall misallocation and the potential
output gains for the entire economy.

Ost

M, <Az-st TFPRy, )"‘1

ZsiE ' TFPstt

36



	Introduction
	Institutional Background: JGTRRA as a Shock to Short Selling and Capital Misallocation
	Model Framework
	Speculative Activity Under the JGTRRA Dividend Tax Shock

	Data
	Key variables
	Data description

	Research Design
	Empirical Strategy
	Estimation Setup

	Short Selling Constraints and Capital Misallocation: Results and Analysis
	Effect of Short Selling constrains on Capital Misallocation
	The Effect of JGTRRA on Capital Misallocation Over Time
	Productivity Distributions

	Concluding Remarks
	Appendix
	Appendix

