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1. Introduction

1. Introduction

Over the past decades, pronounced differences in total factor productivity (TFP) have emerged both
across countries and across sectors, raising a central question: Is there a lost productivity potential?
Are these disparities primarily driven by technological frontier gaps, or do they instead reflect ineffi-
ciencies in how capital and labour are allocated within economies? This question lies at the core of
modern growth theory and is of immediate policy relevance, particularly in advanced economies such
as Germany, where concerns about industrial competitiveness and long-term productivity growth are
increasingly pressing.

The seminal framework of Hsieh and Klenow (2009) provides a compelling perspective: Using firm-
level data for China and India, they demonstrate that much of aggregate productivity differences can
be traced not to technological shortfalls, but to misallocation of resources between firms. Their anal-
ysis shows that when capital and labour are not allocated according to firms’ relative marginal prod-
ucts (MRPs), aggregate output falls well below its potential. In contrast, the U.S. manufacturing sector,
serving as a benchmark, appears closer to efficient allocation, which underscores the decisive role of
institutional and structural factors in shaping productivity outcomes.

Although a growing literature highlights allocative efficiency as a key lever for productivity growth, em-
pirical evidence remains limited for advanced economies and sectors dominated by small and medium
enterprises (SMEs) - such as Germany’s manufacturing base - when it comes to explaining the productiv-
ity puzzle following Calligaris, Del Gatto, Hassan, Ottaviano, and Schivardi (2018) measuring misalloca-
tion in the Italian manufacturing sector. This gap is especially notable given that Germany’s manufactur-
ing sector constitutes both the backbone of its national economy and a pillar of European industrial out-
put. Gaining a deeper understanding of the extent to which productivity is constrained by misallocation
provides not only theoretical insight but also practical guidance for industrial policy, competitiveness,
and resilience strategies.

TFP-Index Comparison (Base Year 2014 = 100) Labour Productivity (LP) Index Comparison (Base Year 2014 = 100)
Manufacturing Sector: Firm-Level (JANIS) vs. National Accounts (Destatis), (2014-2022) Manufacturing Sector: Firm-Level (JANIS) vs. National Accounts (Destatis), (2014-2022)
T T
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2014 2015 2016 2017 2018 2019 2020 2021 2022 2014 2015 2016 2017 2018 2019 2020 2021 2022
Year Year

TFP (JANIS Microdata)  ————~- TFP (National Accounts)

Labour Productivity (JANIS Microdata) = = — — = Labour Productivity (National Accounts)

Source JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022) Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022)

Figure 1: Total Factor Productivity (TFP): Macro-  Figure 2: Labour Productivity (LP): Macro- vs.
vs. Micro-Based Trends in German Manufactur-  Micro-Based Trends in German Manufacturing
ing (2000-2022). Source: JANIS microdata and (2000-2022). Source: JANIS microdata and VGR
VGR (Deutsche Bundesbank, Destatis). Own cal- (Deutsche Bundesbank, Destatis). Own calcula-
culations. tions.

Germany has experienced a marked slowdown in productivity growth despite advances in digitalization,
capital deepening, and global trade integration (International Monetary Fund, 2012; Sachverstandigenrat
zur Begutachtung der gesamtwirtschaftlichen Entwicklung, Nationale Akademie der Wissenschaften
Leopoldina, & acatech - Deutsche Akademie der Technikwissenschaften, 2025). Recent macroeconomic
shocks such as the COVID-19 pandemic have accentuated the debates about resilience, industrial struc-
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ture, and effective allocation of resources (de Vries, Erumban, & van Ark, 2021). Firm-level data offer
a powerful lens for investigating these questions with much finer resolution than aggregate national
accounts (VGR), capturing sharper responses to cyclical and structural shocks (see Figures 1 and 2).

This thesis addresses this gap using a unique empirical approach: By integrating misallocation measure-
ment, reallocation analysis, and flexible input-specific markup estimation in one harmonized micro-
macro dataset, new and nuanced insights can be gained, as well as input-specific, drivers of productiv-
ity. This triad of analytic approaches systematically explores how sector- and firm-level mechanisms,
particularly under crisis shocks, alter productivity dynamics and identify critical bottlenecks for efficient
resource use.

Against this empirical and policy background, the central research question of this thesis is as follows: To
what extent has allocative efficiency and misallocation of inputs in German manufacturing changed be-
tween 2014 and 2022, and which sectoral and firm-level drivers shaped these developments, especially
during the COVID-19 period? The following supporting research questions are addressed:

RQ1: How did allocative efficiency and misallocation in German manufacturing evolve between 2014-2022,
particularly during the COVID-19 Pandemic? RQ2: Which firm-level and sectoral characteristics explain
dispersion patterns, and how did the Covid-19 Pandemic influence them? RQ3: How did reallocation
dynamics change during the COVID-19 Pandemic, and how are they linked to shifts in firm composi-
tion? RQ4: Do factor-specific markups (labour vs. materials) diverge during disruptions, indicating
input-specific distortions?

From these questions, five hypotheses (H) emerge, each empirically testable and grounded in theoret-
ical and policy contexts:

H1: TFPR dispersion increased over 2014-2022, especially during the COVID19 pandemic, implying an
increase in allocative inefficiency. H2: Capital distortions contribute more to misallocation than labour
distortions. H3: Misallocation is heterogeneous between sectors and firm sizes, with crises exacerbating
inefficiencies. H4: The Covariance of within-firm and between-firm in terms of productivity weakened
during the COVID-19 Pandemic, as incumbents retained market shares despite lower productivity. H5:
Labour and material markups diverged more during disruptions, consistent with input-specific distor-
tions.

To empirically assess these hypotheses and research questions, | construct a harmonized micro-macro
dataset combining firm-level balance sheet data from the JANIS database (Research Data and Service
Centre of the Deutsche Bundesbank, 2023) with sectoral aggregates from the German VGR (Statistisches
Bundesamt (Destatis), 2025). This integration allows for novel derivations, such as capital user costs
(UC), real deflators, and sector- and firm-level TFP benchmarks, fully aligned with official standards,
thus strengthening both empirical reliability and policy relevance.

The unique contribution of this thesis lies in the combined use of three state-of-the-art empirical frame-
works and harmonized microdata, enabling a richer diagnosis of productivity constraints and actionable
insights for industrial policy. The findings will inform current debates on competitiveness, SME financ-
ing, and crisis response in the German manufacturing landscape.

The remainder of this thesis is organized as follows. Chapter 2. reviews theoretical foundations and
recent advances. Chapter 3. introduces the data sources and the construction of analytical samples.
Chapter 4. outlines the empirical frameworks. Chapter 5. presents the main findings and relates them
to the literature. Chapter 6. synthesizes limitations, offers policy implications, and suggests avenues for
future research.
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2. Theoretical Framework

This chapter examines the theoretical foundations and recent advances in productivity research. It
highlights key approaches to misallocation and demonstrates how the latest literature extends existing
models, offering new perspectives on efficient resource use in advanced economies.

2.1 Recent Developments

While the framework of Hsieh and Klenow (2009) provides a tractable and widely applied model to
qguantify misallocation, recent literature has broadened the conceptual lens in several important di-
rections. These contributions challenge key assumptions of the original model, refine measurement
approaches, and provide deeper insights into the mechanisms by which resource misallocation arises
and persists in advanced economies.

Technological Heterogeneity and Dynamic Efficiency. In the original Hsieh and Klenow (2009) frame-
work, it is assumed that all firms within a sector share a common production technology and face the
same input prices. However, research by Hopenhayn and Rogerson (2013) and Gopinath, Kalemli-Ozcan,
Karabarbounis, and Villegas-Sanchez (2017) highlights that firms differ not only in productivity levels but
also in their capacity to adopt and implement new, capital-embodied technologies. Distortions thus
reduce both static and dynamic efficiency, discouraging investments in more productive technologies
(Andrews, Criscuolo, & Gal, 2016). This is particularly relevant for Germany, where digitalisation, In-
dustry 4.0, and the energy transition create uneven investment responses across firms (Niehoff et al.,
2022).

Frontier versus Laggard Firms. The literature on productivity leaders and laggards shows that aggregate
productivity increasingly depends on the distributional dynamics within sectors. Andrews et al. (2016)
document that productivity growth is concentrated among frontier firms, while most firms experience
slow or no improvements. Berlingieri, Blanchenay, and Criscuolo (2024) show that the divergence be-
tween frontier and non-frontier firms has widened, driven by uneven access to finance, skills, and digital
technologies. From a misallocation perspective, the reallocation channel—which should shift resources
toward dynamic firms—is increasingly constrained (Gonzalez, Nufio, Thaler, & Albrizio, n.d.).

Market Power and Misallocation. De Loecker, Eeckhout, and Unger (2020) document a broad-based
rise in markups across U.S. industries, linked to reduced business dynamism and lower responsiveness to
shocks. Traina (2018) finds that rising markups depress factor shares and distort MRPs. TFPR dispersion,
the core Hsieh and Klenow (2009) metric, may thus conflate pricing power with allocative inefficiency.
Flexible markup estimation, such as Raval (2023), can help separate these effects.

Macro-Level Productivity Slowdowns. Bils, Klenow, and Malin (2018) argue that aggregate productiv-
ity estimates may conflate misallocation with measurement issues, such as quality-adjusted inputs or
intangible capital. Restuccia and Rogerson (2013) model persistent distortions generating large macroe-
conomic effects, including lower TFP growth and weak reform responses. Micro-level misallocation is
thus a structural feature with economy-wide consequences (Yang, 2021).

Institutional Frictions and Policy Distortions. Restuccia and Rogerson (2013) argue that policies often
unintentionally favor less productive incumbents, through subsidies, tax breaks, or credit guarantees,
while constraining dynamic entrants. Bartelsman, Haltiwanger, and Scarpetta (2013) show that the reg-
ulatory differences between countries explain a substantial variation in allocative efficiency. In Ger-
many, sector-specific regulation, labour market dualism, and firm size-dependent policies can interact
with technological shocks to amplify productivity gaps (Alecke & Mitze, 2023; Eichhorst & Tobsch, 2015;
Heise & Porzio, 2022).
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Capital Costs, Financial Frictions, and User Costs. Heterogeneity in capital UC, driven by differences
in discount rates, depreciation structures, and risk premia, affects capital allocation (Syverson, 2011).
Ignoring these differences biases MRP estimates, which is why | incorporate user cost estimates from
VGR to better measure capital-based distortions (Hall & Jorgenson, 1967; Inklaar & Timmer, 2013).

Macroeconomic Shocks and Reallocation Bottlenecks. Acemoglu and Restrepo (2018) show that au-
tomation may amplify misallocation if institutions fail to facilitate reallocation. Evidence from Gopinath
and Neiman (2014) and Dias, Marques, Richmond, et al. (2016) indicates that crises such as the Great
Recession and the Eurozone crisis generated persistent distortions, as constrained or rigid firms could
not optimally adjust input levels. This thesis extends this perspective to the COVID-19 Pandemic, testing
whether misallocation intensified during the crisis years of the Pandemic.

Research Motivation. Central to the research question, | hypothesize that the sectoral spread of TFPR
has increased over the observation period and that this increase has been particularly pronounced dur-
ing the COVID-19 pandemic, indicating a rise in allocative inefficiency. Within the Hsieh and Klenow
(2009) framework, the analysis further expects that capital distortions have contributed more strongly
to observed misallocation than labour distortions, and that these distortions display significant hetero-
geneity across sectors and firm sizes with crisis-induced shocks exacerbating existing inefficiencies.

In addition, | anticipate that the reallocation of market shares toward more productive firms, as cap-
tured by the Olley and Pakes (1996) (OP)-covariance term from Altomonte and Di Mauro (2022), has
weakened during the COVID-19 period, reflecting a decline in the contribution of reallocation to aggre-
gate productivity growth. This reduction in the Olley and Pakes (1996)-gap is expected to coincide with
shifts in the composition of firms, whereby incumbents retain market share despite lower productivity,
while potential high-productivity entrants face barriers to expansion. Finally, | apply the flexible markup
estimation method of Raval (2023),| hypothesize that labour and material markups have diverged more
strongly during periods of economic disruption, signalling input-specific distortions related to policy
measures such as short-time work schemes or to supply chain rigidities.

This multi-framework approach links microlevel distortions to macroeconomic performance, enabling
a more nuanced and policy-relevant assessment of Germany'’s productivity constraints.

2.2 Hsieh & Klenow (2009)

A central element through which aggregate productivity differs between countries and over time is
the efficiency of resource allocation among heterogeneous producers (Rogerson & Restuccia, 2004;
Syverson, 2011). | follow the framework of Hsieh and Klenow (2009), which embeds firm heterogeneity
into a static monopolistic competition model with Cobb-Douglas technology,

Vi = A K& LE %, (1)

where A,; denotes Hicks neutral TFP, and «; is the sector-specific capital share. Under constant re-
turns and perfect markets, factor inputs equalise productivity-weighted MPs within sectors in a closed
economy (Hsieh & Klenow, 2009)? In the efficient benchmark, TFPR is constant across firms; disper-
sion reflects wedges such as credit constraints, rigid labour markets, or policy distortions (Banerjee &
Duflo, 2005; Midrigan & Xu, 2014). Evidence for the Organization for Economic Cooperation and Devel-
opment(OECD) member countries links the high spread of TFPR to the widening of the laggard frontier
gaps (Andrews et al., 2016); in the German manufacturing context, persistent spread would support the
view that misallocation is a structural source of productivity slowdown (Calligaris et al., 2018; Dias et
al., 2016).

Firm heterogeneity enters via A,;, with sectoral output aggregated using CES preferences (o > 1) Dixit and Stiglitz (1977),
allowing TFPR to serve as a diagnostic of allocative efficiency.



2. Theoretical Framework 2.2 Hsieh & Klenow (2009)

Quantity-based Productivity (TFPQ). According to the Cobb-Douglas specification, quantity-based TFP
is
Ysi
TFPgsi = ——1—a- = Asis (2)
KL

S
measuring technological efficiency net of prices and demand (Solow, 1957; Syverson, 2011). While TFPQ
dispersion reflects pure technological heterogeneity, it is rarely observable in multi-product industries
due to missing physical quantities (Calligaris et al., 2018; De Loecker & Goldberg, 2014; Hsieh & Klenow,
2009). In such settings, TFPR is used instead, but conflates technology with prices; its dispersion there-
fore captures both allocative inefficiency and price variation (Calligaris et al., 2018; Hsieh & Klenow,
2014).

Revenue-based Productivity (TFPR). Revenue-based TFP measures nominal output per input unit,

Py Ys;

TFPRSi = W == PsiAsia (3)
combining technological efficiency A; with firm-specific prices Py; (Calligaris et al., 2018; Hsieh & Klenow,
2009). Under perfect competition with identical prices, TF'PR = T F' P(); in practice, markups, prod-
uct differentiation, and demand heterogeneity cause divergence (De Loecker & Goldberg, 2014; Foster,
Haltiwanger, & Syverson, 2008; Hall, 1988; Melitz, 2003).

In the Hsieh and Klenow (2009) and Calligaris et al. (2018) framework, allocative efficiency implies equal
TF PR across firms within a sector,

TFPRy; =TFPR, Vie€s,

ensuring equalized MRPs and optimal input allocation (Bartelsman et al., 2013; Rogerson & Restuccia,
2004). Deviations from this benchmark,
TFPR
m<5>¢0,

TFPRy

indicate firm-specific distortions—such as taxes, credit frictions, labour market rigidities, or policy-
induced wedges (Midrigan & Xu, 2014; Restuccia & Rogerson, 2013). The variance of log(T F' P R) serves
as a sufficient statistic for misallocation Bartelsman et al. (2013); Restuccia and Rogerson (2013), though
it may also reflect market power Syverson (2011). Higher dispersion signals greater inefficiency and
unrealized productivity potential Andrews et al. (2016); Hsieh and Klenow (2009); for German man-
ufacturing, persistent dispersion would be consistent with misallocation as a structural driver of the
productivity gap Calligaris et al. (2018); Dias et al. (2016).

MRPs and TFPR Composition. In the Hsieh and Klenow (2009) framework with Cobb-Douglas technol-
ogy and constant returns to scale,
Vi = AgKS L%,

the marginal product of capital (MPC) is
Yy Y

=

8Ksi -

which, multiplied by the firm-specific price Ps;, gives
PyYs;

st

MRPCs; = oy
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Analogously, the marginal product of labour (MPL) is

0Ys; Y
= (1—a,)2
8Lsi ( aS) Lsi,
yielding
PY;
MRPLg; = (1 — ay) AL
Lsi

In an efficient factor market, MRPC and MRPL are equalized across firms Bartelsman et al. (2013); Roger-
son and Restuccia (2004), which is equivalent to equalizing TF'PR; ,, since TFPR is a factor-share-
weighted combination of MRPC and MRPL, makes it an indirect measure Calligaris et al. (2018); Hsieh
and Klenow (2009).3

Distortions as Wedges in MPs. In the Hsieh and Klenow (2009) misallocation framework, firm-specific
distortions appear as wedges between MRPs and factor prices,

MRPCSi MRPLsi

TKi = = TLi T T
where r and w denote the capital rental rate across the economy and the wage rate (Restuccia & Roger-
son, 2013; Rogerson & Restuccia, 2004). In an efficient allocation, 7 ; = 71,; = 1 for all firms, that is,
factor prices equal MRPs. Deviations from unity indicate distortions, such as credit constraints, regu-
latory frictions, or policy interventions Besley and Burgess (2004); Hsieh and Klenow (2014); Midrigan
and Xu (2014), that prevent optimal use of input.

TFPR as Geometric Mean of Distorted Marginal Returns. In the Hsieh and Klenow (2009) framework,
TFPR can be expressed as a factor-share-weighted geometric mean of the MRPC and MRPL,

TFPRy < (MRPCy;)® - (MRPLg)' %,

where o is the sectoral capital elasticity (Bartelsman et al., 2013; Rogerson & Restuccia, 2004). This
formulation aggregates input-specific distortions into a single measure of allocative efficiency, with the
geometric mean ensuring proportional weighting by factor shares.

In the structural setup, the productivity at the firm-level Ag; cancels out, so the variation in TF'PR,;
reflects only the distortions (Calligaris et al., 2018; Hsieh & Klenow, 2014). Formally,

(L+75)™
(1=75)

TFPRg
where 7_; K and Tai Y denote capital and output distortions (Andrews et al., 2016; Banerjee & Duflo, 2005).
The dlsper5|on of In(T'F P R;) within a sector thus serves as a sufficient statistic for misallocation, with
a higher dispersion indicating greater potential TFP gains from reallocation (Calligaris et al., 2018; Dias
et al., 2016).

Sectoral Allocative Efficiency Component (A,). The sectoral allocation efficiency component A, cap-
tures the extent to which aggregate productivity in a sector is shaped by the efficiency of resource
allocation between firms. Assuming a CES aggregator with substitution elasticity o > 1, aggregate TFP
in sector s can be expressed as:

TFPR; =
(ZA <TFPRSz> ) ’ (4)

3persistent dispersion in MRPC or MRPL indicates input-specific distortions—such as capital market imperfections, wage
rigidities, or sector-specific policies Andrews et al. (2016); Midrigan and Xu (2014)—and helps identify whether TFPR dispersion
is driven mainly by capital or labour misallocation, thereby clarifying the sources of aggregate productivity differences.
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where A ; is the Hicks neutral productivity at the firm-level, TF' P R ; denotes the TFPR sectoral bench-
mark, and TF PR, ; is the revenue productivity of the firm ¢ (Calligaris et al., 2018; Hsieh & Klenow,
2009).

Reallocation term:
TFPR,

TFPR; (5)

This term measures the deviation of each firm’s TFPR from the sectoral benchmark and therefore re-
flects the degree of misallocation (Calligaris et al., 2018; Rogerson & Restuccia, 2004). The CES aggre-
gation framework highlights that sectoral productivity depends not only on technological fundamentals
A,;, but also on the distribution of inputs across firms (Syverson, 2011). This can be re-expressed as a
sectoral production function in logarithmic form:

InY;=lnA;+alnK;+ (1 —a)lnL,, (6)

where A, summarizes the impact of allocation of resources within the sector on sectoral output. Persis-
tent inefficiencies in A, imply unrealized productivity potential, an aspect particularly relevant when in-
vestigating structural productivity gaps in advanced manufacturing sectors (Calligaris et al., 2018; Hsieh
& Klenow, 2009).

Efficient Allocation (A?). In the Hsieh and Klenow (2009) framework applied by Calligaris et al. (2018)
for Italy, the counterfactual productivity level under perfect allocation is

1
o—1

Ar= (DA ,

%

where all companies in sector s face identical input distortions, i.e. TFPR,; = T F PR, for all ¢ (Calli-
garis et al., 2018; Hsieh & Klenow, 2009).4 In this benchmark, the CES reallocation term equals one. The
gap Af — A quantifies the productivity loss from misallocation, while A;/A* measures the efficiency
of the allocation of input within the sector.®

Factor Shares and Output Elasticities. In the Cobb-Douglas two-factor production framework, «;. and
«; denote the output elasticities of capital and labour. Under perfect competition, these elasticities
correspond to factor income shares:

regK wlL

Vi Ty ag + o =1, 7)

af —
where rx is the rental rate of capital, w the wage rate, and V A value added Calligaris et al. (2018);
Hsieh and Klenow (2009).6

In empirical applications, sector-specific capital elasticities are often recovered as the residual from

unity:
Labour Compensation,
1o s (8)
VAsi

where labour compensation includes wages, salaries, bonuses, and employer social contributions.”

“Typically applied in partial equilibrium with fixed factor prices; in general equilibrium, factor price adjustments imply that
measured wedges are a lower bound on inefficiency (Acemoglu & Zilibotti, 2001; Gollin, 2002).

Spersistent distortions from policy, institutions, or financial frictions can be distinguished from transitory shocks linked to
firm dynamics; cross-country evidence links higher TFPR dispersion to structural rigidities in both developing and advanced
economies (Aghion, Boustan, Hoxby, & Vandenbussche, 2009; Banerjee & Duflo, 2005; Buera & Shin, 2013; Dollar & Wei,
2007; Gopinath et al., 2017; Linarello, Petrella, & Sette, 2019; Young, 2003).

SFactor income shares measure the percentage change in output from a 1% change in the respective input, holding the
other constant; see Hall and Jones (1999) and Caselli (2005).

"This approach is standard in productivity analysis; see Bartelsman et al. (2013), Rogerson and Restuccia (2004), and Bils
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The parameter « assigns the relative weight of capital and labour when constructing TFPQ, TFPR,
MRPC, and MRPL. In doing so, it determines how distortions in each factor market drive the disper-
sion of TFPR.8

Misallocation Measurement. Let TFPR,; denote the revenue productivity of firm i in sector s, and
TFPR, the sectoral average. In the efficient benchmark, TFPR,; = TFPR; for all 7, implying equal-
ized MRPs within sectors. Firms with TFPR,; > TFPR, are under-allocated (should receive more
inputs), whereas those with TFPR,; < TFPR, are over-allocated.

Following Calligaris et al. (2018), aggregate misallocation is proxied by the value-added-weighted vari-
ance of TFPR within sectors:

VA, & vA,

Var(TFPR) = > A A
s=1 i=1 8

(TFPR,; — TFPR,)”, (9)

~

where V Ag; is firm VA, V A, sector VA, and V A the aggregate total. Double weighting ensures that
dispersion reflects welfare-relevant productivity implications rather than mere statistical spread.

In the Hsieh and Klenow (2009) framework and in the work from Calligaris et al. (2018), assuming a CES
aggregator with substitution elasticity o, sectoral TFP is inversely related to the variance of In TFPR:

1

o —

InTFP; =

o—1 g
- In (Z A > — 5 Var (In TFPRy;). (10)

Alarger dispersion implies greater allocative inefficiency and lower aggregate productivity. The economy-
wide TFP loss relative to the frictionless benchmark can be written as follows:

0s
S N, g o—17 o—1
Y * (A, TFPR,
Ve 11 [Z < Ar TFPRSZ-) ] ’ o

s=1 Li=1

where 6, is the sector’s value-added share (Calligaris et al., 2018; Hsieh & Klenow, 2009). The sectoral
dimension highlights structural differences between industries and reveals how sector-specific distor-
tions evolve over time, particularly in response to major economic disruptions such as the COVID-19
shock.

2.3 Olley & Pakes (1996)

To assess how firm heterogeneity and reallocation dynamics shape aggregate productivity, this study
builds on the tradition of decomposition of Olley and Pakes (1996), further developed by Foster, Halti-
wanger, and Krizan (2001), Melitz and Polanec (2015), and Altomonte and Di Mauro (2022). These ap-
proaches distinguish static, level-based decompositions from dynamic, change-based decompositions,
thereby separating productivity into within-firm improvements, redistribution of resources between
incumbent firms, and turnover effects from entry and exit.

Static decomposition. In the Olley and Pakes (1996) framework, aggregate productivity at time ¢ can be

et al. (2018).
8Mis-specified factor shares bias productivity and distortion measures, underscoring the need to align empirical inputs
with the theoretical framework (Gopinath et al., 2017).
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expressed as:

Ny
P, = D + Sit — 5¢)(pit — D ) 12
¥ Dt ;( it — 5¢)(Dit — Dt) (12)

Aggregate Productivity Within (mean productivity)

Between (Olley and Pakes (1996)-gap / allocative efficiency)

where p;; denotes the productivity of the firm ¢, s;; its share of production, p; the unweighted mean
productivity, and s; = 1/N;. The second term, known as the Olley and Pakes (1996)-gap, captures
the covariance between productivity and market share. A positive Olley and Pakes (1996)-gap indicates
that more productive firms command larger market shares, consistent with efficient allocation, while
a negative or small Olley and Pakes (1996)-gap signals potential misallocation (Bartelsman et al., 2013;
Foster et al., 2001; Olley & Pakes, 1996).

Dynamic extensions. Building on Melitz and Polanec (2015) and Foster et al. (2001), changes in ag-
gregate productivity can be decomposed into components within-firm and between-firm terms for in-
cumbents, as well as turnover effects from entry and exit. This dynamic specification highlights how
reallocation and firm demographics contribute to aggregate productivity growth, particularly during
periods of structural change such as the COVID-19 shock.

Focus on static decomposition. This study focuses on static Olley and Pakes (1996)-decomposition,
which is well suited to measuring allocative efficiency at a given time point. The static approach allows
for a detailed analysis of the dispersion and allocation of resources within the sector for each year,
without requiring firm-level panel continuity or complex tracking of entry and exit. This enables robust
cross-sectional comparisons and aligns with the primary aim of quantifying the extent of misallocation
in the German manufacturing sector over the sample period.

Unlike the dispersion-based framework of Hsieh and Klenow (2009), which focuses on input distortions,
the Olley and Pakes (1996)-decomposition emphasizes reallocation patterns within the firm distribution.
As allocation can also be shaped by market power, this study complements the Olley and Pakes (1996)
approach with markup-based indicators. Semi-parametric proxies (e.g., Lerner index) provide first in-
sights, while parametric estimators enable a joint analysis of productivity, distortions, and pricing power
(De Loecker & Warzynski, 2012; Dobbelaere & Mairesse, 2013).

2.4 Raval (2023)

To complement the analysis of misallocation, this study applies the flexible markup estimation frame-
work developed by Raval (2023). This approach extends earlier work and provides a robust estimator
under minimal assumptions, circumventing the need for physical quantity data, which is typically un-
available in European firm-level datasets (see also Bigio and La’O (2020), Bento and Restuccia (2017)).

The method of Raval (2023) is grounded in a Cobb-Douglas production function with constant returns
to scale (CRS), implying that the sum of all factor elasticities equals one:

> =1 (13)

Xe{L,M}

Raval (2023) further assumes constant output elasticities across firms within a sector and cost mini-
mization, such that the first-order condition for input X equates its MRP to its marginal cost:

Py Qi

X, (14)

X X X
it = Mg B -

where pfint denotes nominal expenditure on input X, P;Q;; is firm revenue, and uft( is the input-
specific markup.
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Under these assumptions, the markup for factor X can be expressed as:

Hz)zf == X (15)
Sit
where the revenue cost share sft( is given by:
X
sy = Xt (16)
* PuQu

In the CRS case, the output elasticity 54X can be recovered from the average input expenditure shares
without requiring physical quantities. In the present application, markups are calculated for labour (L)
and materials (M) (Raval, 2023).

The markup estimation by Raval (2023) offers three main advantages for my study. First, it enables
factor-specific markup estimation for labour and materials using only financial data. Second, it comple-
ments the input-based measures of allocative efficiency derived from the dispersion of productivity in
Hsieh and Klenow (2009) and the Olley and Pakes (1996)-decomposition with an output-based perspec-
tive. Third, it allows a direct test of allocative efficiency, which, in this setting, requires the equalization
of factor markups within sectors.

From a theoretical perspective, efficient allocation requires that all input-specific markups are equal
within narrowly defined sectors, regardless of the type of input:

MiLt = M% . (17)

This condition implies that, in an efficient market, the MRP of each input is proportional to its marginal
cost, and no input is systematically over or underutilized relative to others. Tracking these markups over
time offers direct insight into the persistence and nature of input-specific distortions under changing
economic conditions (De Loecker, Goldberg, Khandelwal, & Pavcnik, 2016; Raval, 2023).

Although the Raval (2023) approach estimates input-specific markups under flexible output elasticities,
the existing literature has not explored the direct link between these markups and firm-level allocative
efficiency. This study provides a interlinkage between the Hsieh and Klenow (2009) framework and the
estimation of Raval (2023) by explicitly modeling the relationship between TFPR, TFP, and lagged input-
specific markups, as also seen in Bertelsmann Stiftung (2023). This allows testing whether deviations
from competitive benchmark markups in labour and materials markets are systematically associated
with higher or lower allocative efficiency at the firm-level. Theoretically, under perfect competition and
absence of distortions, input markups should be equal across inputs and uncorrelated with TFPR; sig-
nificant deviations point to market imperfections with potential implications for aggregate productivity
(Raval, 2023).

10



3. Data Description

3. Data Description

| analyze capital and labour misallocation using a new firm-level dataset for German manufacturing
firms from 2014 to 2022, constructed in cooperation with the Deutsche Bundesbank and harmonized
with VGR sectoral aggregates. Restricted access to microdata enables precise identification of input
distortions and productivity patterns, with transparent sample preparation ensuring empirical reliability
and policy relevance (see main findings in Box A).

3.1 Firm-level Data

The data set description is based on the Deutsche Bundesbank Report (Becker, Biewen, Hiiwel, & Schultz,
2024). Since the JANIS database is a confidential source of microdata that is not publicly accessible, pro-
viding a clear and precise description of its structure, variables, and preparation steps is crucial for the
interpretability and credibility of this thesis. This section therefore outlines the characteristics of the
underlying firm-level data, its coverage, and the procedures applied to construct the analytical sample.
The core data source is the JANIS database (Research Data and Service Centre of the Deutsche Bundes-
bank, 2023) ?, provided by the RDSC of the Deutsche Bundesbank, the data report is from 2024, updated
yearly. JANIS contains standardized annual financial statements of German non-financial corporations
from 1997 to 2023 (with 2023 data still subject to revision). For my analysis, | used a raw version com-
prising more than 2.1 million firm-year observations and around 180 standardized accounting variables,
encoded using alphanumeric labels.

The data set contains anonymized company identifiers (JANIS-ID) and includes employment information
based on headcount. Since employment is reported voluntarily, the data exhibit substantial missingness
and ambiguity regarding whether firms report full-time or equivalent full-time staff. Values may refer
to annual averages or end-of-year figures. The financial statements come from two sources. First are
balance sheets submitted to the Deutsche Bundesbank for credit assessments, and second, public filings
with the Federal Gazette. All statements comply with German commercial accounting standards and
undergo internal consistency checks (Becker et al., 2024).

The data set includes granular financial variables such as total assets, equity, sales, sales cost, various
depreciation and tax components, export revenues, pension provisions (disclosed in notes), and R&D
expenses measured in thousand euros. The firms in the sample span a range of legal forms, includ-
ing GmbH (private limited liability company in Germany), AG (public stock corporation in Germany),
partnerships, cooperatives, and sole proprietorships (Becker et al., 2024)."°

Each observation represents a firm-year unit and includes structured data from the balance sheet, in-
come statement, and asset disclosures, as well as metadata on industry classification (WZ 2008, based
on NACE Rev. 2 (Statistisches Bundesamt (Destatis), 2008)), legal form, accounting standard, and firm
size measured by headcount. Sectoral aggregation follows the official mapping of the WZ 2008 sections,
as shown in Figure 3.

?German acronym: Jahresabschliisse von Nichtbanken im Inland - Statistik, translated as Annual Financial Statements of
Domestic Nonbanks - Statistics.

"°GmbH and AG are the most common corporate legal forms in Germany, roughly corresponding to private limited and
public stock corporations, respectively.

1"
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World EU Germany
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Y
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Y

Legend:

ISIC = International Standard Industrial Classification

NACE = Statistical Classification of Economic Activities in the EU
WZ = German Classification of Economic Activities

Figure 3: Mapping of Economic Classifications: 1SIC, NACE, and WZ (World, EU, Germany). Adapted from
Destatis (2008). Own illustration.

Compared to earlier firm-level data sets from the RDSC, JANIS offers better coverage of underrepre-
sented sectors such as information & communication technology and hospitality, and includes a wider
range of small and medium companies. Remaining limitations include short panel durations, missing
observations, and zero values that may reflect non-reporting rather than actual firm behavior (Becker
et al., 2024).

Sectoral Share of Value Added (2000-2022)
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Share of Value Added (%)
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- Construction - Trade - Transport Hospitality Info/Comm
- Finance - Real estate- Business servi- Other economic ser- Public admin
- Education - Heallh/Soci- Arts/Sport - Other services - Private households
- Exterritorial orgs

Source: JANIS Microdata (Deutsche Bundesbank); Own calculations (2000-2022).

Figure 4: Sectoral Composition of Nominal VA in German Manufacturing (2000-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.

Figure 4 displays the annual value-added shares of 21 economic sectors based on firm-level data from
the JANIS database (Research Data and Service Centre of the Deutsche Bundesbank, 2023). Manufac-
turing (highlighted in navy) remains the largest contributor about 40% throughout the period, although
its relative share declines slightly over time. Given its economic weight and broad coverage of compa-
nies, the manufacturing sector is the primary focus of the analysis to ensure representativeness and
analytical consistency.

12
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The analytical sample is constructed through a multi-stage filtering process. In a first step, the sectoral
scope is limited to manufacturing, defined by WZ 2008 codes 10 to 33. Code 19 (refined petroleum) is
excluded due to extreme price volatility and resulting distortions (Eurostat, 2023; International Energy
Agency, 2024).

Second, a capital ratio filter is applied to exclude firms with implausible capital-to-asset ratios based on
sector-specific thresholds. Economically significant large firms are retained through a manual whitelist.

Third, firm identifiers are harmonized over time to ensure panel consistency. Additional firm charac-
teristics are constructed, including legal form, accounting standard, firm age, and size class based on
employment and revenue. The panel comprises companies with observed time span ranging from 1 to
27 years (see the average age of the firm over time in Appendix A in Figure A.17).

Finally, the core variables are constructed. The nominal VA is calculated as the difference between
the sales and intermediate inputs based on the book values. All indicators — including fixed assets,
investment, depreciation, and operating cash flow — are derived from the corresponding book values
reported in the financial statements. Detailed internal comparisons with the commercial register for
the year 2018 revealed that approximately 40% of the companies included in the study are covered by
entries in the commercial register. Observations from 2023 are excluded due to incomplete reporting.
The cleaned and constructed data set serves as the empirical basis for the misallocation estimation
framework introduced in chapter 2.

3.2 National Accounts Data

The JANIS microdata cover only a subset of the German economy. To ensure representativeness, en-
able deflation, and benchmark firm-level results, | complement them with official macroeconomic ag-
gregates.

Sectoral Composition of Gross Value Added (Germany, 2000-2022)
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Source: National Accounts (Destatis); Own calculations (2000-2022).

Figure 5: Sectoral Composition of GVA in Germany (2000-2022). Source: VGR (Destatis). Own calcula-
tions.

The VGR data from (Statistisches Bundesamt (Destatis), 2025) provide this comprehensive macroeco-
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nomic backbone, visualized in Figure 5 the VGR calculations are from May 2025. They cover all sectors
of the German economy and allow for a consistent alignment between micro- and macro-level infor-
mation, which is essential for contextualizing the subsequent productivity decompositions.

Figure 5 presents the sectoral composition of gross VA (GVA) based on official statistical accounts (VGR),
as reported in Table 2 and sourced from (Statistisches Bundesamt (Destatis), 2025) 2.2.1. The manufac-
turing sector - including Manufacturing (core), shown in navy, and Manufacturing (rest, including con-
struction) in dark blue - accounts for approximately 20% of the total GVA. This constitutes the largest
share among all sectors, underscoring both the significance and the credibility of focusing the analysis
on the manufacturing sector.

Unlike the firm-level microdata used in the JANIS-based analysis, these macroeconomic aggregates
cover the entire German economy. This broader sectoral coverage, which includes agriculture, man-
ufacturing, services, and the public sector, provides a representative basis for deflation, sectoral ag-
gregation, and the normalization of capital-labour income shares. This comprehensive scope stands
in contrast to the JANIS microdata (Research Data and Service Centre of the Deutsche Bundesbank,
2023), which are limited to a sample of non-financial corporations and exhibit a stronger concentra-
tion in the manufacturing sectors. To align firm-level records with macroeconomic aggregates, each
firm is assigned a harmonized sector identifier that maps WZ 2008 industries to aggregated CA-CM
sectors. Some subsectors (e.g. CE and CF) are merged because of small sample groups (harmonized to
NACE chracterictics - EU standards). These mappings are applied throughout the analysis for deflation,
sectoral aggregation, and graphical representation (see Table 2).

Table 2: Aggregation of WZ 2008 Manufacturing Sectors Based on VGR Classification (CA-CM). Source:
VGR (Destatis), aggregated from Destatis (2008), WZ 2008 to CA-CM mapping. Own compilation.

Code NACE WZo08 Ranges and Description

1 CA Food, Beverages, Tobacco (10-12)

2 CB Textiles, Apparel, Leather (13-15)

3 cC Wood, Paper, Printing (16-18)

4 CcD Coke and Refined Petroleum (19)

5 CE+CF  Chemicals and Pharmaceuticals (20-21)

6 CG Rubber, Plastics, Glass, Ceramics (22-23)

7 CH Basic and Fabricated Metals (24-25)

8 Cl Electronics and Optics (26)

9 (o] Electrical Equipment (27)

10 CK Machinery and Equipment (28)

1 CL Motor Vehicles and Other Transport (29-30)
12 cM Furniture, Miscellaneous Manufacturing, Repair (31-33)

Source: Aggregation based on VGR classification ((Statistisches Bundesamt (Destatis), 2008), WZ 2008 to CA-CM mapping).

All nominal variables are deflated using sector-specific deflators derived from VGR data provided by
Fachserie 18 (Destatis). Table 3 summarizes the VGR tables used to construct real and nominal series
for VA, production, capital, investment, and labour costs.

GVA (3.2.1) and output (3.2.3) in nominal terms are used to construct sectoral aggregates, while their
chain indices (3.2.2, 3.2.4) serve as deflators to obtain real values. Investment and capital stock series
(e.g., 3.2.9.1,3.2.10.1, 3.2.23.1) are used to derive real capital input and to construct sector-specific capital
stock indicators. Labour input is based on compensation data (2.2.7) and hours worked (2.2.13, 2.2.11),
allowing for the calculation of average labour costs and scaling to the total workforce. GDP data (2.1.1)
are used to normalize returns and compute aggregate shares for capital and labour.

To convert nominal firm-level variables into real terms, sector-specific deflators are constructed using

14



3. Data Description 3.3 Analysis Sample

chain indices from the VGR. For a given variable X in sector s and year ¢, the deflator is computed as:

inal
Deflator®, = _ X x 100 (18)
ER2 real (chain index)
st

All deflators are rebased to 2020 = 100 to ensure consistency between variables. These deflators are
then matched to firm-level observations by industry (WZ 2008) and year.

Table 3: Overview of VGR Tables Used in the Analysis. Source: VGR (Destatis), compilation based on
Destatis (technical series 18).

Table Title (Own English Translation)

Gross Value Added (GVA) and Output

3.2.1 Gross Value Added - Nominal

3.2.2 Gross Value Added - Chain Index

3.2.3 Gross Output - Nominal

3.2.4 Gross Output - Chain Index

Investment and Capital Stock

3.2.9.1 Gross Fixed Capital Formation - Nominal
3.2.10.1 Gross Fixed Capital Formation - Chain Index
3.2.23.1 Gross Capital Stock - Nominal

3.2.25.1 Gross Capital Stock - Chain Index

3.1.3 Gross Capital Stock - Nominal (Overview)
2.1.17 Gross Capital Stock - Real Index

Labour and Compensation

2.27 Compensation of Employees

2.2.13 Hours Worked - Employees

2.2.11 Hours Worked - Total Employment

Macro Aggregates and Returns
2.1.1 Gross Domestic Product - Nominal and Index

Source: Compilation based on data from Statistisches Bundesamt (Destatis) (2025).

The integration of VGR data with JANIS microdata ensures that all firm-level measures are expressed
in real, comparable terms, and aligned with official macroeconomic aggregates, providing a consistent
foundation for the estimation of misallocation presented in chapter 2..

3.3 Analysis Sample

Data for 2013 are retained only to compute growth rates for the (Olley & Pakes, 1996)-decomposition
and are otherwise excluded. Table 4 provides an overview of the number of observations and firms
included in the final analysis sample.

Table 4: Firm Coverage in the Manufacturing Sector (NACE C), 2013-2022 and 2014-2022. Source: JANIS
microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Time Range Unique Firms Observations

2013-2022 24.893 116.224
2014-2022 22.618 102.962
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As shown in Figure 6, the so-called 'submarine effect’ becomes apparent, not every firm appears in
every year, and the entire set of firms is never observed simultaneously. This panel imbalance reflects
both the entry and exit dynamics, as well as incomplete reporting (Becker et al., 2024).

Total Unique Firms by Sector and Year (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank); Own Calculations(2014-2022).

o

Figure 6: Number of Unique Firms by Sector and Year in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

The patterns observed in Figure 7 reveal a consistent decline in entry rates and a simultaneous increase
in exit rates between the capital and labour quintiles over time. This trend aligns with the overall de-
crease in the number of active firms documented in Figure 6, suggesting a gradual erosion of the firm
base during the observation period.

Entry and Exit Rates by Quintile and Year (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank); Own Calc. Source: JANIS microdata (Deutsche Bundesbank); Own Calc.

Figure 7: Entry and Exit Shares by Capital (K) and Labour (L) Quintiles by Sector and Year in German
Manufacturing (2014-2022). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own
calculations.
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Figure A.4 (Appendix A) shows the relative distribution of legal forms between firms in the JANIS micro-
data for the period 2014-2022. The vast majority of firms are registered as Limited liability companies
(GmbH), followed by a smaller share of Limited partnerships with LLC as general partner (GmbH & Co.
KG). All other legal forms, including public limited companies, cooperatives, and sole proprietorships,
account for only a marginal share of the dataset. This distribution reflects the predominance of GmbHs
in the German corporate landscape and highlights the dominance of hybrid legal structures for medium-
sized enterprises.

The merged micro-macro dataset predominantly covers larger firms in terms of employment, capital,
and VA. The following figures provide an overview of the firm structure along key dimensions that are
used in the analysis later.

Before applying any outlier treatment, the firm distribution in the final matched sample is examined
to show its qualitative structure. This motivates the choice of winsorization at the 1% and 99% levels,
which reduces the influence of extreme values. | report alternative results using different time periods,
winsorization thresholds, and value-added measures in Appendix C.

Figure 8 illustrates the distribution of employment across firm size classes (see also share of distribution
of employment in Appendix A). The JANIS microdata exhibit particularly high coverage of medium-sized
and large firms, which together account for the majority of total employment. This reflects both the re-
porting thresholds of the underlying administrative sources and structural characteristics of the German
manufacturing sector, where labour input is concentrated in a relatively small number of firms.

Distribution of Employment by Firm Size (2014-2022)
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Figure 8: Distribution of Employment by Firm Size Class in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

This distribution pattern is relevant for the interpretation of allocative efficiency in empirical analysis.
Since some large firms employ a disproportionate share of total labour, potential inefficiencies in the
allocation of workers—e.g., reflected in unequal MRPs—may have a stronger aggregate impact than
if employment were evenly distributed. In this sense, the dispersion of marginal returns across firms
must be interpreted in light of their employment weights, a point that will be taken up in Section 5..

Figures 9 show the distribution of capital stock between the sizes of firms. Compared to employment,
capital is even more concentrated: The largest firms hold more than 80% of the total capital stock in
the sample. This pronounced skewness motivates the use of only three quantile groups in subsequent
analyses (also underlined in the share of capital in Figure A.2 in Appendix A).
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Distribution of Capital by Size Terciles (2014—2022)
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Figure 9: Distribution of Capital Stock by Tercile Groups in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

From the perspective of resource misallocation, this concentration implies that capital allocation distor-
tions, if present, are likely to generate substantial aggregate TFP losses. In the Hsieh and Klenow (2009)
framework, efficient capital allocation requires the equalization of firm-level MRPC weighted by capi-
tal input. Given the dominance of large firms in the total capital stock, deviations from this condition
among these firms will be especially consequential, as discussed in Section 5..

Figures 10 show the distribution of VA between firms. Similar to capital, VA is highly concentrated among
large firms: the top quantile group accounts for the vast majority of aggregate VA in each year.

Distribution of VA by Size Terciles (2014-2022)
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Figure 10: Distribution of VA by Tercile Groups in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

This concentration reflects the structural characteristics of the German manufacturing sector, in which
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a small number of firms contribute disproportionately to production (also highlighted in the share of
VA in Figure A.3 in the Appendix A). From a measurement perspective, it reinforces the importance
of accurately capturing firm-level variation among large producers, as their weight in aggregate TFP is
substantial.

Sectoral composition and firm characteristics. The sample includes the full spectrum of German manu-
facturing (except petroleum, as stated earlier), ranging from low-tech sectors such as food processing to
high-tech industries such as electronics and automotive. Sectoral coverage is particularly strong in capi-
tal and export-intensive branches, including machinery, chemicals, and transport equipment, reflecting
both structural relevance and data availability in administrative sources.

Figure A.5 (Appendix A) shows that total employment in most manufacturing sectors decreased over
time, especially after 2018. This reflects both firm exits and shrinking firm sizes, consistent with lower
entry and higher exit rates. These trends may signal increasing frictions in labour reallocation or reduced
firm dynamism. As employment becomes more concentrated in fewer firms, aggregate allocative inef-
ficiencies may grow.

Figures A.6 and A.7 confirm that the sectors CL (Motor Vehicles), CK (Machineries) and CH (Metals)
consistently employ the largest workforces, underscoring their central role in German manufacturing.
Panel data reveal a general downward trend in employment in almost all sectors in recent years.

Figures A.8 and A.9 show similar patterns for capital stocks. The highest average capital is concentrated
in CL (Motor Vehicles) and CE+CF (Chemicals and Pharmaceuticals), which also display the greatest
capital intensity per firm.

Firm counts, shown in Figures A.10 and A.11, decreased in most sectors, especially in 2021-2022, reflect-
ing the 'submarine effect’ and trends in entry and exit rates.

Figure A.12 indicates that the ages of the firms range from 30 to 45 years, with the oldest firms in CA
(Food, Beverages, Tobacco), CE + CF (Chemical and Pharmaceuticals) and CB (Textiles).

The duration of the panel (Figures A.13, A.14) is highly polarized: about 25% of the firms appear only
once, while another 25% remain for the entire ten-year period.

Figures A.15 and A.16 reveal that CL (Motor Vehicles) and CE+CF (Chemicals and Pharmaceuticals) con-
sistently lead in employment and capital per firm, while CB, CC, and CM represent sectors with much
lower values.

Together, these patterns highlight the sectoral concentration, entry-exit dynamics, and panel structure
that shape allocative efficiency outcomes in the German manufacturing sector.

Summary statistics. Table 5 and table 6 present descriptive statistics for key firm-level variables in the
years 2014, 2020, and 2022. Variables include employment (L), capital stock (K’), nominal VA (VV A™°™)
and real VA (V A™¢?), restricted to firms observed between 2014 and 2022.
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Table 5: Descriptive Statistics of Firm-Level Variables in German Manufacturing by Year (2014, 2020,
and 2022). Monetary values in €1,000, Employment in persons. Source: JANIS microdata (Deutsche
Bundesbank) and VGR (Destatis). Own calculations.

Variable Obs. Mean Std. Dev.
Year 2014 (N =11,079)
Employment (L) 11079 300.74 2472.64
Capital stock (K) 11079 1884377 201164.00
Wage bill (W) 1079 19547.43 211453.10
Intermediate inputs (M) 11079 7019178 1031883.00
Nominal VA (V A™o™) 1079 25668.67  50336.03
Real VA (V Areal) 11079 42002.84  411438.10
Year 2020 (IV = 11,902)
Employment (L) 11902 265.68 1793.13
Capital stock (K) 11902 18138.83 188 035.60
Wage bill (W) 11902 18652.67 171038.00

Intermediate inputs (M) 11902 57424.95 770818.20
Nominal VA (V/ A™om) 11902 25835.82 52045.96

Real VA (V Areal) 11902 36500.80 314748.90
Year 2022 (N = 10,940)
Employment (L) 10 940 272.31 1819.04
Capital stock (K) 10940 18519.17  201008.20
Wage bill (W) 10940 21952.18 216 315.70

Intermediate inputs (M) 10940 81182.88 1028163.00
Nominal VA (VV A"om) 10940 29 368.41 57 125.01
Real VA (V Areal) 10940 43273.46 417 001.00

Table 6: Descriptive Statistics for the Full Sample of Manufacturing Firms (2014-2022). Monetary val-
ues in €1,000; employment in persons. Source: JANIS microdata (Deutsche Bundesbank) and VGR
(Destatis). Own calculations.

Variable Obs. Mean Std. Dev.
Employment (L) 102962  282.80 2186.57
Capital stock (K) 102962 19010.32 207 807.60
Wage bill (W) 102962 20113.32 209 005.00

Intermediate inputs (M) 102962 70108.46 1062990.00
Nominal VA (V A™om) 102962 26744.03 53046.93
Real VA (V ATeal) 102962 41334.39 406 987.20

Table 5 presents the mean and standard deviation of key variables at the firm-level: employment, capital
stock, wage bill, intermediate inputs and nominal and real VA in the years 2014, 2020, and 2022.

Over the sample period, employment per firm decreased from an average of 301 in 2014 to 266 in
2020, before recovering slightly to 272 in 2022. This pattern is in line with the hypothesized preva-
lence of labour ditsortions (H2) and potentially reflects labour horarding and short-time work schemes
(RQ1,RQ2). The capital stock remained relatively stable at the mean, fluctuating only modestly around
€18,800k, potentially not showing outliers that have a greater dispersion. The average wage bill de-
creased from about € 19, 500k in 2014 to €18,700 k in 2020 and then increased to nearly €22,000k in
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2022. Intermediate inputs saw a substantial drop in 2020, falling from €70,200 k in 2014 to €57, 400Kk,
but increased sharply to more than € 81, 000k in 2022. The nominal VA per firm remained stable be-
tween 2014 and 2020 (about € 25 700 k), with a noticeable increase to € 29 400k in 2022. Real VA
exhibited a similar pattern, decreasing in 2020 and then rising again in 2022.

Across the three years, the large standard deviations for each variable indicate a high degree of hetero-
geneity in firm size, input use, and productivity. For example, the distribution of employment, capital
stock and VA is highly dispersed, with a small number of very large firms driving up both the mean and
the variation.

Table 6 summarizes the entire sample period (2014-2022). The average manufacturing firm in Germany
employed 283 people, held €19,010 k in capital stock, and generated €26,744 k in nominal VA, all with
substantial spread around each mean.

These trends highlight substantial changes in firm activity, particularly around 2020, and emphasize
the diverse scale and structure of firms in the sector. The observed variation and the dynamics across
years provide an essential context for interpreting allocative efficiency and productivity dispersion in
subsequent analysis.

The cleaned and deflated micro-macro dataset, summarized in Table 5, reveals marked changes in em-
ployment, capital intensity, and VA during the sample period, with clear disruptions around 2020. These
descriptive patterns align with the hypothesized role of factor-specific distortions and crisis-induced
shocks in shaping allocative efficiency. Based on this evidence, the dataset enables empirical imple-
mentation of the structural misallocation framework by Hsieh and Klenow (2009), as well as comple-
mentary approaches by Altomonte and Di Mauro (2022) and Raval (2023), to quantify and unravel the
drivers of these dynamics. Taken together, the descriptive evidence highlights substantial variation in
firm-level input structures, capital intensity, and VA over years, consistent with the hypothesized role of
sectoral heterogeneity and crisis-induced distortions. These patterns provide the empirical background
for the subsequent econometric analysis, where the cleaned and deflated micro-macro data set is used
to quantify misallocation and allocative efficiency dynamics. A detailed summary of the analysis sample
(2014-2022), including firm coverage, dynamics, size structure, and sectoral composition, is provided
in the Appendix A in a result box A.
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4. Methodology

This section presents the empirical implementation of the multi-method approach framework. A com-
plete mapping of research questions and hypotheses to analytical frameworks is provided in Appendix B.1.

(Hsieh & Klenow, 2009): Misallocation Framework. The empirical strategy operationalizes the misallo-
cation framework outlined in Section 2.2 to test the central hypothesis that persistent input distortions
contribute substantially to productivity losses in the German manufacturing sector based on Calligaris
et al. (2018); Hsieh and Klenow (2009). Capital input K; is measured as the book value of fixed assets,
while labour input L,; corresponds to headcount employment. The nominal VAV AY™ is calculated as
sales minus intermediate inputs,

VAYP™ = sales,; — intermediate inputs,;,

and is deflated using sector-year gross VA deflators from the VGR to obtain real VA,

nom

yarea — VAT 0
st Deflator; ’
thereby allowing for a distinction between revenue-based and quantity-based productivity measures
(detailed implementation in Appendix B.2). Sector-specific capital elasticity o is inferred from the ob-
served labour cost share as .
wagebill;
@s = 1= 7 mom
VALS
where wagebill,; includes wages, salaries, bonuses, and employer social contributions; the ratio is ag-
gregated to the sector-year level to mitigate measurement error (see Appendix B.2).

Firm-level TFP is computed as the residual from a Cobb-Douglas production function,

V Ag;
s 1— rs’
Ka'\ Lsi “

St

TFP; =

with V' A,; defined either in nominal terms to obtain T'F PR or in real terms to obtain quantity-based
productivity (T'F'P(). In the misallocation framework of Hsieh and Klenow (2009) and Calligaris et al.
(2018), the dispersion within the sector in TFPR is an indirect indicator of allocative inefficiency. TFPR is
defined as

VAM

TFPRsrL — o rl—al?
KsaiSLsi «

and its dispersion is measured as Var(ln T'F' P R;; ), weighted by the firm’s share in the nominal sectoral
VA (weighting scheme in Appendix B.2).

To link TFPR to input-specific distortions, | also compute the MRPC and MRPL:

ag - VAR MRPL.. — (1—ay)-VAX™

MRPCy; =
o Ksi Lsi ’

which represent the returns to each factor in revenue terms. Under frictionless allocation, MRPC and
MRPL are equalized between firms within a sector, implying constant TFPR. In practice, persistent dis-
persion in either MRPC or MRPL indicates factor-specific misallocation. In the analysis, the dispersion
of In M RPC and In M RPL is calculated analogously to TFPR, and the three measures (TFPR, MRPC,
MRPL) are compared over time and across sectors, including in the graphical analysis of Section 5..

Sectoral productivity A, is obtained using a constant elasticity of substitution (CES) aggregator with
elasticity of substitution ¢ = 3 (in line with Calligaris et al. (2018); Hsieh and Klenow (2009)) that
incorporates distortions within the sector. A counterfactual benchmark A? is calculated under the as-

22



4. Methodology

sumption that TFPR is equalized between all firms in the sector, that is, MRPs are identical within s.
The total observed and counterfactual TFPs are then derived using fixed output weights 6, with the
full CES derivations, sectoral benchmark definitions, and weighting procedures documented in the Ap-
pendix B.2.

Based on the theoretical framework and the descriptive patterns observed in the data, the Hsieh and
Klenow (2009) implementation is expected to reveal persistently high within sector dispersion in TFPR,
consistent with the presence of substantial and long-lasting input distortions in German manufacturing.
Given the descriptive evidence of larger variation in capital-related returns, | expect MRPC dispersion to
exceed MRPL dispersion, pointing to frictions in capital allocation as a more prominent source of misal-
location. This pattern is anticipated to be particularly pronounced in capital-intensive sectors and during
periods of economic stress, such as the 2008-2009 financial crisis and the 2020 COVID-19 shock, when
allocative frictions tend to be amplified. Furthermore, counterfactual efficiency benchmarks A% are
expected to lie systematically above observed A, across sectors, indicating a non-negligible efficiency
gap and suggesting that reallocating resources toward more productive firms could yield substantial
aggregate TFP gains.

(Olley & Pakes, 1996):Decomposition Strategy. To complement the dispersion-based misallocation
analysis of Hsieh & Klenow (2009), | apply the decomposition framework introduced by Olley and Pakes
(1996), which builds on Altomonte and Di Mauro (2022). This method separates aggregate productivity
changes into a component within a firm, which captures the productivity growth of incumbent firms,
and a component term of between-firm productivity, reflecting the reallocation of market shares be-
tween firms with heterogeneous productivity levels. Applying this approach to both LP and TFP allows
me to assess whether the allocative patterns observed in the misallocation framework are consistent
between different productivity concepts and measurement strategies.

The decomposition uses real VA per employee for LP,

VAR

LP; =
it Lit )

and TFP as calculated in the Hsieh and Klenow (2009) implementation (Section 4.), based on real VA,
real inputs, and user-cost adjusted capital. Both measures are expressed in logs and winsorized at the
1st and 99th percentiles within each sector-year. Firm-level employment shares s;; are used as weights,
with average shares s;; taken over two consecutive years; as a robustness check, value-added shares
are also applied (see Appendix B.3).

Aggregate productivity change is decomposed into the within component,

Z Aln Py - 55,
ieC

where C'is the set of continuing firms, and the between component,

1
> S P +InPyy ) - Asgr,
ieC

where As;; is the change in a firm’s employment share. A positive between-term indicates reallocation
toward more productive firms. Aggregate productivity growth A In P?®8 is checked to equal the sum
of these two components up to rounding error. As an additional consistency check, the (Olley & Pakes,
1996)-gap is computed annually as the covariance between the deviations of market share and the
deviations in productivity from the sectoral mean.

All components are calculated at the 2-digit WZo8 level (harmonized as showsn in Table 2) and then
aggregated to manufacturing using sectoral employment weights. This decomposition provides a com-
plementary perspective to the static HK framework: if the between-firm term is large and persistent,
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resource reallocation plays a substantial role in driving aggregate productivity growth; if instead the
within-firm term dominates, technological improvements at the firm-level are the main driver.

By implementing the Altomonte and Di Mauro (2022) decomposition for both LP and TFP, | obtain a view
of productivity growth that explicitly distinguishes between technological improvements within com-
panies and efficiency gains from resource reallocation between companies. If the research hypothesis
holds, the between-firm component should contribute significantly to aggregate productivity growth
and its dynamics should align with the misallocation patterns detected in the Hsieh and Klenow (2009)
analysis. Findings show that technological innovation among individual companies contributes more to
overall productivity changes than shifts in how resources are distributed.

(Raval, 2023)): Input-Specific Markup Estimation.

To complement the allocation methodologies, | apply the factor-specific markup estimation framework
proposed by Raval (2023). This approach allows for direct measurement of potential distortions in input
markets by estimating separate markups for labour and material inputs. The empirical strategy is imple-
mented in four steps (complete derivations, data definitions and robustness checks in the appendix B.4).

First, the nominal revenue cost shares are calculated for each input X € {L, M} as

x_ 0
it = 2% X e{L, M}
it

where CostiLt denotes total labour compensation (wages plus employer social contributions) and Costf-‘t/[
intermediate inputs and services. Nominal sales are deflated using the sectoral production value defla-
tor deflator_prodval, to obtain real output Yj;.

Second, | estimate the firm-level output elasticities éft{ using the production function:

InYi = Bo+ Br In Ky + B5In Ly + BA In My + wiy + it

where K; is the real capital stock (constructed via the perpetual inventory method), L;; the headcount,
and M;; the input of the real materials. The elasticities OiLt and 95‘{[ are recovered from the estimated
coefficients (Raval, 2023).

Third, input-specific markups are obtained as

X

2
Ni)t(:%v XE{L’M}
it

Under perfect competition and efficient allocation, markups should be equal across inputs within a

sector, i.e. M{é R~ H%- Persistent divergence between p” and 1M signals factor-specific distortions.

Fourth, | examine the temporal co-movement of these markups and their relationship with productivity
measures from (Hsieh & Klenow, 2009) implementation via fixed-effects regressions:

In(pf;) = BIn(uy ) + v + 0s + o + €t
ID(Y;t) = BL ln(uf:t_l) + BM ID(M%—I) + Tt + (53 + (67 + Eit

where Y;; is either TFPR;; or TFPQ;;, ~y; are fixed effects for the year, fixed effects for the sector 4,
and fixed effects for the firm «;. Lagged markups mitigate the endogeneity bias; standard errors are
clustered at the firm-level.
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Based on the data description from chapter | hypothesize that material markups uM will on average
exceed labour markups 17, reflecting greater pricing power and tighter constraints in intermediate in-
put markets relative to labour markets. This divergence is expected to widen during periods of high
TFPR dispersion, such as the COVID-19 pandemic, consistent with output distortions interacting with
input-specific frictions. If the regression analysis reveals a positive association between lagged material
markups and TFPR but a weaker or even negative association for labour markups, it would indicate that
capital- and material-intensive firms have a comparative advantage in sustaining productivity under dis-
torted conditions, whereas labour market frictions contribute less to allocative efficiency gains. Such a
finding would support the view that Raval-based markup estimation offers a complementary dimension
to the HK framework by distinguishing the sources of allocative inefficiency across input markets.
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5. Results

Building upon the theoretical frameworks and the development of a consistent micro-macro data archi-
tecture, this section presents the empirical findings. For analytical clarity, the interpretation of results
is systematically structured at the firm-level, sectoral, and aggregate levels of analysis."

5.1 Misallocation Framework

As summarised in Box B.2, the misallocation analysis reveals persistent inefficiencies factor allocation,
and thus in aggregate TFP, particularly after 2018.

5.1.1 Firm-Level Analysis.

In the Hsieh and Klenow (2009) framework, the dispersion of TFPR between firms serves as an indirect
measure of misallocation: higher variance signals greater deviations from efficient allocation of inputs,
and thus larger potential aggregate TFP gains from reallocation.

TFPR Dispersion in the Manufacturing Sector (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure 11: Evolution of TFPR Dispersion in German Manufacturing (2014-2022). Source: JANIS microdata
(Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Figure 11 shows the evolution of allocative efficiency in the German manufacturing sector between 2014
and 2022, measured as the annual variance of logarithmic transformation of TFPR between firms."
Calligaris et al. (2018) observe an earlier time period from 1995 (base year) to 2015, but even in this

"Appendix C.2 contains detailed robustness checks employing alternative winsorization thresholds (2%-98%, 5%-95%) to
verify the stability of the results.

">TFPR dispersion is a standard proxy for misallocation in the Hsieh and Klenow (2009) framework, where a higher variance
indicates a greater deviation from efficient allocation of factors. This sales-based variant follows Calligaris et al. (2018) and
De Loecker and Goldberg (2014).
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period they show reatively higher dispersion for the Italian manufacturing sector, peaking after the
financial crisis between 0.35 and 0.4.

The results reveal a pronounced temporal variation in TFPR dispersion, addressing RQ1 on the evolution
of allocative efficiency over time. Between 2014 and 2016, the variance of the TFPR decreases slightly,
suggesting a modest improvement in allocative efficiency. From 2016 to 2018, the dispersion increases,
which could reflect cyclical investment patterns or sector-specific changes in capital availability David
and Venkateswaran (2019) and supply chain disruptions in 2018 caused by Trump’s first tariff wave on
steel and aluminum Bown and Kolb (2018); Financial Times (2018). After a renewed contraction in 2019,
the variance of TFPR increases sharply in 2020 with the onset of the COVID-19 pandemic, peaks in 2021,
and only eases in 2022, yet remains above precrisis levels.

This persistence aligns with evidence from Dias et al. (2016) and David and Venkateswaran (2019) that
large shocks can leave lasting misallocation scars, directly confirming H1: sectoral TFPR dispersion in-
creased over the observation window, with a pronounced surge during the COVID-19 pandemic.

These dynamics match the macroeconomic channel in Bagaee and Farhi (2019), whereby distortions
at the firm and sector levels amplify aggregate productivity losses. The pandemic in particular acted
as aKeynesian supply shock “” (Guerrieri, Lorenzoni, Straub, & Werning, 2022), creating sector-specific
constraints and demand changes that further increased the spread of TFPR (Dingel & Neiman, 2020;
Fadinger, Schymik, et al., 2020). Appendix Figure C.20 confirms these analysis results using 2000 as the
base year. The qualitative dynamics remain robust, showing the findings are not driven by the choice
of benchmark year.

MRPC Dispersion in the Manufacturing Sector (2014-2022)

Variance of log marginal revenue productivity of capital (In(MRPC))
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure 12: Dispersion of MRPC in German Manufacturing (2014-2022). Source: JANIS microdata
(Deutsche Bundesbank) and VGR (Destatis). Own calculations.

The dispersion of MRPC across firms isolates capital-specific distortions: a higher variance indicates a
greater wedge between actual and efficient capital allocation within sectors (Hsieh & Klenow, 2009).

Figure 12 shows the evolution of the dispersion of MRPC in the German manufacturing sector from
2014 to 2022. During 2014-2017, the dispersion remains low and stable, suggesting a comparatively
even capital distribution. This coincides with the early phase of the unconventional monetary policy of
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the European Central Bank, when liquidity support and historically low interest rates improved financ-
ing conditions for many firms, including SMEs (Altavilla, Giannone, & Lenza, 2014; Altavilla, Pariés, &
Nicoletti, 2019).

From 2018 onward, dispersion increases markedly, signalling a widening gap in capital allocation be-
tween more and less productive firms. Drivers likely include tightening credit standards in certain sec-
tors, heterogeneous access to long-term financing, and shifts in banking relationships that favor in-
cumbents over younger and potentially more productive entrants (Beck, 2020; Berlin & Mester, 2015;
Meinen, Parrotta, Sala, & Yalcin, 2022).

This period also coincides with the first tariff wave imposed by the Trump administration, introducing
25% duties on steel and 10% on aluminium in March and June 2018. These measures disrupted global
value chains and may have tightened financing conditions for firms reliant on imported intermediates,
exacerbating capital market frictions (Bown & Kolb, 2018; Financial Times, 2018).

Dispersion peaks in 2020 with the onset of COVID-19, reflecting both reduced investment opportunities
for some firms and an uneven distribution of liquidity support: well-connected firms or those in sectors
less affected secured more favorable financing terms (Jimenez, Laeven, Martinez Miera, & Peydro, 2022;
Laeven & Valencia, 2020).

Although MRPC dispersion declines slightly in 2022, it remains well above the 2014 baseline, indicating
persistent postcrisis distortions in capital markets. This sustained elevation suggests that accommoda-
tive monetary policy alone is insufficient to restore allocative efficiency once sector-specific shocks and
structural credit frictions take hold (Gopinath et al., 2017; Kalemli-Ozcan, Laeven, & Moreno, 2022).

MRPL Dispersion in the Manufacturing Sector (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure 13: Dispersion of MRPL in German Manufacturing (2014-2022). Source: JANIS microdata
(Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Figure 13 shows the evolution of dispersion in MRPL in German manufacturing firms from 2014 to 2022.
In contrast to capital misallocation, the increase in MRPL dispersion begins earlier, with a steady upward
trajectory visible from the beginning onward. This trend continues until 2018, reaching a significantly
higher level than in the base year 2014. After a brief contraction in 2019, the dispersion rises again in
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2020, peaking in 2021 before stabilizing at a persistently elevated level in 2022. Appendix Figure C.22
confirms the robustness of these trends when using 2000 as the base year.

The earlier onset of an increase in labour misallocation compared to capital may be linked to structural
characteristics of the German labour market and institutional frameworks that affect input flexibility.
Measures such as short-time work schemes, continued wage payments during temporary work stop-
pages, and labour hoarding have been shown to reduce separations and preserve employment rela-
tionships during downturns (Arico & Stein, 2012; Boeri & Bruecker, 2014).

While effective at mitigating unemployment spikes, these policies can also lead to labour hoarding
and slower reallocation of workers towards more productive firms, thereby increasing MRPL dispersion
(Balleer, Gehrke, Lechthaler, & tian Merkl, 2016; Garnadt, von Rueden, & Thiel, 2021).

This effect may be amplified during periods of economic stress such as the COVID-19 pandemic, when
state interventions cushioned labour demand shocks but simultaneously prolonged mismatches be-
tween labour allocation and firm productivity (Giupponi & Landais, 2022a).

When comparing factor-specific distortions, the MRPL dispersion remains lower than the MRPC disper-
sion (logged variances of approximately 0.28-0.31 vs. 0.90-1.10, respectively), suggesting that capital
distortions are more severe, supporting H2: capital distortions contribute more to observed misallo-
cation than labour distortions in scale, also seen in Calligaris et al. (2018) for the Italian manufactur-
ing sector. However, the persistent post-2016 increase in the MRPL dispersion underscores that labour
market frictions and state interventions can have enduring effects on allocative efficiency, even in highly
regulated labour markets with strong employment protection.

5.1.2 Sectoral Analysis.

Figure 14 presents a sectoral decomposition of the TFPR dispersion in the German manufacturing sector
(see the aggregation of the WZ 2008 manufacturing sectors based on the VGR classification (CA-CM)
in Table 2), which provides deeper insight into heterogeneity in allocative efficiency across industries.

Sector Contributions to TFPR Dispersion in the Manufacturing Sector (2014-2022)
Dashed line at 2020 indicates COVID-19 shock

CA: Food products CB: Textiles and leather CC: Wood, paper, printing

Figure 14: Sectoral Contributions to TFPR Dispersion in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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Aclear structural break emerges in the pandemic year 2020, when many branches experienced a marked
increase in the dispersion of MRPs, signalling heightened misallocation.

The industries most affected include chemicals and pharmaceuticals (CE-CF), rubber and plastics, glass
and ceramics (CG), basic metals (CH), machinery (CK), and food processing (CA). Several of these sectors
exhibited relatively low TFPR dispersion precrisis, suggesting that the increase was mainly driven by
COVID-19-induced disruptions in supply chains and production processes. In contrast, industries such
as basic metals (CH), fabricated metal products (CH), and mechanical engineering (CK) already showed
elevated dispersion before 2020, which was further exacerbated during the pandemic (Bonadio, Huo,
Levchenko, & Pandalai-Nayar, 2021; Evenett, 2020).

A distinct pattern emerges in the automotive sector (CL). Although motor vehicle manufacturing expe-
rienced a decline in the spread of TFPR in 2020 - possibly due to rapid adaptation and restructuring of
demand - aerospace and rail transport manufacturing (CL) experienced a temporary increase in spread,
which subsided largely in 2021. This is consistent with evidence on sectoral resilience and adaptability
in manufacturing value chains. In contrast, the food and beverage industry (CA) maintained relatively
stable allocative profiles, reflecting its essential sector status and limited exposure to global supply dis-
ruptions (Cirera et al., 2021; Javorcik, 2020).

Policy interventions critically shaped these outcomes. On the labour side, short-time work schemes
and wage continuation policies mitigated employment losses but slowed the reallocation of workers
towards more productive firms, in line with evidence on labour hoarding in downturns (Balleer et al.,
2016; Giupponi & Landais, 2022a).

On the capital side, emergency aid, liquidity support, and investment subsidies maintained firm opera-
tions regardless of relative productivity, delaying market-based capital reallocation and contributing to
rising MRPC dispersion in capital-intensive industries (Guerini, Nesta, Ragot, & Schiavo, 2020).

Interestingly, sectors with comparatively lower reliance on state aid, such as food manufacturing (CA),
displayed more stable dispersion patterns, suggesting that while fiscal and credit policies play a stabiliz-
ing role in crises, they can also introduce persistent allocative inefficiencies by dampening competitive
selection mechanisms (De Ridder, 2024).

In summary, these findings support H3 by demonstrating pronounced heterogeneity in misallocation
across sectors and firm sizes, while also directly addressing RQ2 through the identification of key ex-
planatory characteristics—namely, industry affiliation, pre-crisis TFPR dispersion, supply chain expo-
sure, essential sector status, reliance on state aid, and sectoral adaptability—that shape the patterns of
TFPR and MRPC dispersion, as well as their shifts during crisis periods.

5.1.3 Aggregate Analysis.

Figure 15 shifts the perspective from sectoral and input-specific patterns to the central aggregate out-
come of the misallocation framework: the productivity gap between the aggregate TFP observed and its
hypothetical efficient counterpart. Following Hsieh and Klenow (2009), this gap captures the extent to
which capital and labour are not distributed in proportion to firm-level productivities, thus quantifying
allocative inefficiency at the macrolevel.

The observed series reflects realized productivity given the prevailing distortions, while the efficient
series estimates the counterfactual TFP attainable under frictionless reallocation of inputs. Both are ex-
pressed as cumulative changes relative to 2014, chosen as the benchmark year to ensure comparability
of trends.
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Observed and Efficient Aggregate TFP (2014-2022)

Observed vs. counterfactual TFP development in the Manufacturing Sector relative to 2014
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Figure 15: Observed vs. Efficient TFP and Allocative Losses in German Manufacturing (2014-2022, rela-
tive to 2014). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

The results in Figure 15 indicate three distinct phases. First, from 2014 to 2018, observed and efficient
TFP moves broadly in parallel, with modest allocative losses of 1-2%. This period is consistent with
findings from European manufacturing data showing relatively stable dispersion patterns in MPs before
the COVID-19 pandemic (Calligaris et al., 2018).

Second, from 2018 to 2020, the efficiency gap widens as efficient TFP continues to grow while observed
TFP stagnates. By 2020, efficient TFP is roughly 10% above the 2014 level, whereas observed TFP has
increased by only about 5%, yielding an allocative loss of approximately 5%—the highest in the sample
period. This magnitude is far below the potential TFP gains estimated by Hsieh and Klenow (2009) for
China and India (30-60%) when benchmarked against the United States, reflecting the fact that Ger-
many already operates at a comparatively high allocative efficiency level. It is, however, in line with
more moderate gaps reported for advanced European economies.Calligaris et al. (2018) find efficiency
losses of up to 23% in the Italian manufacturing sector when TFPR dispersion is equalized. Their ob-
servation window spans from 1995 to 2015, which may imply an even greater missed potential given
the long period covered, with different crises, like the financial crisis peaking the dispersion, included
(Calligaris et al., 2018).

Third, in 2021-2022, partial recovery is observed. Allocative losses narrow slightly in 2021, but remain
elevated (around 4-5%) and increase again in 2022 as observed TFP stagnates while efficient TFP contin-
ues to grow. These persistent gaps echo concerns from the post-pandemic literature that crisis-induced
interventions—while stabilising output and employment—may prolong inefficiencies by slowing the
exit of unproductive firms and dampening factor reallocation (De Ridder, 2024; Guerini et al., 2020).

Importantly, this widening efficiency gap does not imply an absolute fall in productivity—both observed
and efficient TFP rise over the sample period. Rather, it reflects a relative underperformance compared
to the efficient benchmark. In other words, had the allocation efficiency of 2014 been maintained
throughout the period, observed aggregate TFP would likely have followed a higher trajectory, more
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closely aligned with the efficient series. The estimated 5% gap in 2020 therefore represents foregone
productivity gains relative to this counterfactual path—a loss that compounds over time and leaves the
economy persistently below its potential (Bartelsman et al., 2013; Rogerson & Restuccia, 2004).

While a 5% efficiency gap is economically meaningful in a high-income context, it is modest compared
to the magnitudes reported in the original Hsieh and Klenow (2009) study, where potential TFP gains
from frictionless reallocation reached 30-60% for China and India relative to the United States. This
divergence is intuitive: in emerging economies, factor market distortions are larger and more persistent,
creating greater scope for allocative efficiency gains. In contrast, German manufacturing operates in a
relatively mature institutional environment with tighter productivity distributions, limiting the potential
upside from perfect reallocation.

Relative to other advanced economies, the magnitude observed here is in line with cross-country evi-
dence for Europe. In the sample from Calligaris et al. (2018), Italy exhibits higher misallocation and TFPR
variance than Germany, reflecting structural rigidities and weaker firm dynamics.

In particular, the widening efficiency gap after 2018 signals a departure from pre-pandemic stability
and a decreasing trend in allocation efficiency—directly answering RQ1: allocation efficiency in German
manufacturing declined over time, especially during the COVID-19 pandemic.

Technology Heterogeneity. To complement the aggregate and sectoral results, this section examines
whether productivity dynamics are driven by firm-level technological heterogeneity. | compute TFPQ
and classify the firms as frontier (top decile), laggard (bottom decile), and the rest. This corresponds di-
rectly to the perspective of “global frontier vs. laggard” perspective in the recent productivity literature,
which documents widening gaps and slower diffusion of best practices (Andrews et al., 2016; Syverson,
2011).

TFP Growth Relative to 2014 — Frontier vs. Rest TFP Growth Relative to 2014 — Frontier vs. Laggard
Manufacturing Sector Comparison weighted by Real Value Added (2014-2022) Manufacturing Sector Comparison weighted by Real Value Added (2014-2022)
T

A4

T T T T T T T T T T T T T T
2014 2015 2016 2017 2018 2019 2020 2021 2022 2014 2015 2016 2017 2018 2019 2020 2021 2022
Year Year

Frontier (Top 10%) = = — — = Rest (Bottom 90 %) Frontier (Top 10%) = = — — = Laggard (Bottom 10 %)

Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022), Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022),

(a) Frontier vs. Rest (b) Frontier vs. Laggards

Figure 16: Frontier, Rest, and Laggard TFPQ Dynamics in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Figure 16(a) shows that TFPQ growth in German manufacturing has been disproportionately driven by
frontier firms, with a widening gap versus the rest after 2018, likely showing the winner-takes-it-all
behaviour. This pattern is consistent with international evidence on an expanding frontier-laggard dif-
ferential and frictions that slow the diffusion of managerial and technological improvements (Andrews
et al., 2016; Bloom, Sadun, & Van Reenen, 2016; Comin & Mestieri, 2010). The robustness check in
Appendix Figure C.23 confirms that the frontier advantage is not sensitive to the base year.

Figure 16(b) explicitly adds the laggards, while they show a similar pattern, they lag in scale even lower
behind. Although there is tentative convergence before 2018, the gap widens markedly thereafter and
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peaks around the COVID shock. The deterioration among the laggards is mirrored in a higher dispersion
of TFPR and a higher dispersion of MRPC / MRPL, indicating that the resources remained tied to low-
productivity plants rather than reallocated to the frontier, which addresses RQ2 concerning firm-level
and sectoral characteristics explaining dispersion and evolving patterns over time (Decker, Haltiwanger,
Jarmin, & Miranda, 2016; Foster et al., 2008).

Figure A.17 provides sectoral trends in the average age of German manufacturing firms from 2014 to
2022, based on the newly constructed data set. Several sectors, including chemicals & pharmaceuticals
(CE+CF) and machinery (CK), show a clear increase in average firm age, while sectors such as electronics
(Cl) and transport equipment (CL) maintain a relatively younger profile over time.

These patterns support my empirical finding that younger cohorts, visible in sectors with a lower av-
erage firm age, are overrepresented among the productivity frontier and demonstrate faster postcrisis
recovery. In contrast, sectors with older firms tend to show greater persistence in the laggard status, in
line with the literature: younger plants adapt technologies more rapidly and respond more strongly to
competitive pressures (Aghion, Blundell, Griffith, Howitt, & Prantl, 2009; Hsieh & Klenow, 2014). Older
firms, as seen in sectors such as food (CA) and textiles (CB), typically have more rigid capital structures
and face greater adjustment frictions, which, combined with financing constraints, slow their ability
to deepen capital and respond to shocks (Asker, Collard-Wexler, & De Loecker, 2014; Gopinath et al.,
2017). Figure A.17 therefore illustrates how sectoral differences in age structure can reinforce the ob-
served frontier-laggard split.

These results additionally provide evidence for H2, as they illustrate persistent resource misallocation:
rather than being reallocated to more productive frontier plants, resources remain concentrated among
laggards, resulting in higher dispersion of TFPR and MRPC/MRPL. This not only underscores the impor-
tance of firm-level and sectoral characteristics in explaining observed dispersion patterns (as addressed
in RQ2), but also highlights how shocks such as the pandemic can exacerbate these inefficiencies over
time.

Taken together, the gains led by the frontier and the stagnation of the laggard suggest that the diffusion
and reallocation of technology operated below the potential over 2018-2022. This is consistent with the
aggregate TFP gap: Even as the best performers advanced, frictions in the tails (age, size, finance, and
supply chain exposure) limited economy-wide catch-up, providing evidence for H3 that misallocation
displays strong heterogeneity across sectors, firm sizes, and ages, and that exogenous shocks exacerbate
these existing inefficiencies. Without targeted reallocation and diffusion policies, such as improving
managerial practices, easing financing bottlenecks for scalable entrants, and facilitating labour mobility,
the productivity reserves documented here are unlikely to be fully realized (Andrews et al., 2016; Bloom
et al., 2016; Syverson, 2011).

5.2 Decomposition Framework

To further unravel the mechanisms driving the aggregate productivity dynamics, | apply the decomposi-
tion framework introduced by Olley and Pakes (1996) and adopted by Altomonte and Di Mauro (2022).
This approach separates changes in aggregate productivity into two sources: within-firm improvements
and reallocation of resources across firms with different productivity levels. My goal is to assess how
much of observed productivity growth arises from firm-level efficiency gains versus improved resource
allocation. As summarized in Box B.3, the Olley and Pakes (1996)-decomposition shows that gains within
the firm clearly dominate reallocation effects.
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Olley-Pakes Decomposition of Labour Productivity (2014-2022)

Firm-level contributions to productivity growth, pre- and post-COVID
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Figure 17: Decomposition of LP Growth in German Manufacturing: Within-Firm vs. Between-Firm Con-
tributions (2014-2022). Source: JANIS microdata (Deutsche Bundesbank)and VGR (Destatis). Own cal-
culations.

The decomposition of Olley and Pakes (1996) for LP (Figure 17) reveals three phases:

First (2014-2015), aggregate growth is high, with both the within-firm and between-firm components
positive, although the between-term is smaller. This matches European evidence that reallocation plays
a minor role in stable periods (Andrews et al., 2016; Syverson, 2011).

Second (2016-2018), all components are reduced and the difference between terms becomes negative,
indicating that employment shares have shifted away from the most productive firms, consistent with
documented structural frictions (Dias et al., 2016).

Third, the COVID-19 shock (2020) produces the steepest decline in the sample: both within-firm pro-
ductivity and the between-term drop by around 5%. This signals simultaneous performance losses and
limited cleaning reallocation (Barrero, Bloom, & Davis, 2020; Bartik et al., 2020). Pandemic stabilization
policies—such as short-time work, wage subsidies, and liquidity guarantees—help explain this pattern.
These interventions preserved incumbent employment matches but muted competitive selection, al-
lowing low-productivity firms to retain market shares while high-productivity entrants faced growth
barriers (Giupponi & Landais, 2022b).

The postpandemic rebound in 2021 was driven almost entirely by within-firm gains, with the between-
term barely positive and flat in 2022. This “after-play” effect, where reallocation fails to amplify after
support is withdrawn, reflects a COVID-19 paradox: Policy prevented short-term collapse but delayed
structural adjustment.

The TFP decomposition (Figure 18) shows a similar weakness in the between-firm term, but with nu-
ances.
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Olley-Pakes Decomposition of TFP (2014-2022)

Firm-level contributions to productivity growth, pre- and post-COVID
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Figure 18: Decomposition of TFP Growth in German Manufacturing: Within-Firm vs. Between-Firm
Contributions (2014-2022). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own
calculations.

From 2014 to 2019, the between-firm term in the Olley and Pakes (1996)-decomposition is mostly nega-
tive or close to zero, contributing little to aggregate TFP growth. In 2020, both aggregate and within-firm
TFP collapse by about 5%, while the between-term remains near zero but trends upward through 2021
- contrasting with LP, where reallocation turned strongly negative. This indicates that the impact of the
TFP pandemic operated mainly through uniform declines within the firm rather than spikes due to mis-
allocation in that year. In particular, the effects of COVID-19 here reflect state subsidies to firms, which
are not fully captured in the model due to missing profit data; thus, the leverage of reallocation arising
from capital misallocation is muted.

In 2021, the between-term turn modestly positive (1-2%), and aggregate and within-firm productivity
rebound strongly by approximately 10%. By 2022, the reallocation term returns to zero: mirroring LP,
where the short-lived reallocation boost quickly fades and is not well detected within this model and
its restrictions.

These results confirm H4: the Olley and Pakes (1996)-covariance term weakened during COVID-19, nar-
rowing the Olley and Pakes (1996)-gap as incumbents retained market shares despite lower productivity,
and high-productivity entrants faced limitations in expanding. Addressing RQ3, the evidence shows a
structural break in the dynamics of reallocation during the pandemic: between-firm term contributions
plummeted for LP or stayed neutral for TFP in 2020, recovered only briefly in 2021, and did not persist af-
ter the pandemic. The resilience of low-productivity incumbents underscores the effectiveness of state
interventions in preserving capacity, but also their unintended consequence of delaying market-based
reallocation.

The Olley and Pakes (1996) findings are aligned with the Hsieh & Klenow (2009) evidence in this the-
sis: TFPR and MRPC increased in 2020-2021, but the Olley and Pakes (1996)-covariance did not increase
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correspondingly. Both frameworks converge on the same conclusion—pandemic-era distortions height-
ened misallocation and muted competitive selection, highlighting the policy challenge of restoring both
within-firm efficiency and the reallocation channel.

5.3 Evidence on Markups

This section adds a third analytical perspective by examining firm-level price-cost markups using the
flexible estimation approach of Raval (2023). Key results are presented in Box B.4.

5.3.1 Descriptive Evidence.

Factor-specific markups in German manufacturing deviated and diverged substantially between 2014
and 2022, with this divergence most pronounced during the COVID-19 pandemic—answering RQ4,
which asks whether factor-specific markups deviate and diverge in periods of disruption, and providing
evidence for input-specific distortions.

Labour and material markups followed different cyclical paths, implying that disruptions affected factor
markets asymmetrically. Labour markups were more volatile and sensitive to labour-market policies
(e.g., short-time work), while material markups were more directly impacted by supply-chain shocks
and cost pass-through. These deviations point to persistent input-specific frictions: labour hoarding,
bargaining power asymmetries, and input bottlenecks, not captured by TFPR dispersion or Olley and
Pakes (1996)-gap measures alone.

Markup Dispersion (P90/P50) Over Time (2014-2022)
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Figure 19: Markup Dispersion (90/50 Percentile Ratio) for Labour and Materials in German Manufac-
turing (2014-2022). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calcula-
tions.

Figure 19 confirms that labour and material markups diverged most strongly in 2020, as material markups
surged and labour markups fell or stabilized. This divergence is consistent with input-specific distor-
tion: pandemic-era supply shortages increased the MRP of materials, while extensive labour-market
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interventions muted wage and employment adjustments—confirming H5 that input markups diverged
most strongly during periods of disruption. The persistence of higher material-markup dispersion into
2021-2022, along with a rebound in labour-markup dispersion, suggests that both temporary shocks
and structural rigidities contributed the widening of the input wedges.

From a perspective of misallocation, this mirrors the Hsieh and Klenow (2009) finding of a rising TFPR
dispersion without a corresponding increase in reallocation, implying that competitive equalization of
MPs remained incomplete during and after the pandemic.

Figure 19 shows that the dispersion levels are systematically higher for materials, ranging between ap-
proximately 1.8 and slightly above 2.0 than for labour, which fluctuates between 1.6 and 1.7. This persis-
tent gap suggests that material-input wedges are more heterogeneous and less subject to competitive
equalisation than labour wedges.

These findings reinforce H2 by demonstrating that material-input wedges exhibit persistently greater
heterogeneity compared to labour-input wedges, indicating that resources are not efficiently reallo-
cated, and competitive pressures are less effective in equalizing markups across firms with respect to
materials.

Over time, material-markup dispersion declined mildly until 2017, then rose steadily to a peak in 2021
before easing slightly in 2022. In contrast, labour-markup dispersion fell until 2016, rose briefly in 2018,
then dropped sharply in 2020 before rebounding. The crisis year 2020 stands out: material dispersion
surged while labour dispersion fell, consistent with heterogeneous market disruptions—supply-chain
bottlenecks in materials input versus muted labour adjustment due to stabilisation policies (Balleer et
al., 2016; Giupponi & Landais, 2022b).

From the Hsieh and Klenow (2009) perspective, elevated and widening dispersion signals greater mis-
allocation, as MRPs deviate more strongly between firms within narrowly defined sectors. The asym-
metric shock response in 2020 suggests that input-specific wedges (TM # TL) shifted rapidly in oppo-
site directions, potentially reflecting differences in adjustment costs, contract rigidity, and exposure to
global shocks. According to the Olley and Pakes (1996) and Altomonte and Di Mauro (2022) decompo-
sition frameworks, the pandemic shock corresponds primarily to changes within the firm in mark-ups,
with limited evidence of reallocation between firms during the crisis years - consistent with the Olley
and Pakes (1996)-gap patterns observed in this analysis.

5.3.2 Regression Results.

Correlation Between Labour and Material Markups. Before assessing the productivity implications of
input markups (Table 9), it is essential to examine whether labour and material markups move together
over time. Such co-movement would suggest the presence of common factor market distortions that
could jointly affect allocative efficiency.

To quantify this relationship, | estimate the following specification:
In(pl;) = M Os+ i+
n(lu’it) = ﬁln(uit ) + Yt + 0s + ay + €, (19)

where ¢, d5, and «; denote year, sector, and fixed effects of the firm, respectively. This corresponds
closely to Equation (9) in Raval (2023), but is adapted to the German manufacturing context and my
sales-based markup estimation framework.

Table 7 reports the results. The estimated elasticity of B = 0.558 (p < 0.01) lies above the 0.4-0.5
range documented by Raval (2023) for US manufacturing, indicating a strong and statistically significant
co-movement between labour and material markups in German manufacturing. The within-R? of 0.386
suggests that material markups and fixed effects explain a substantial share of the variation in labour
markups.
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Such a high degree of correlation implies that factor-specific distortions often evolve jointly rather than
independently. This pattern is consistent with institutional and structural characteristics of the German
economy, including coordinated wage bargaining Dustmann, Fitzenberger, Schonberg, and Spitz-Oener
(2014); Jager, Naidu, and Schoefer (2024), integrated supply chain relationships Carvalho, Nirei, Saito,
and Tahbaz-Salehi (2020); Schmieder, von Wachter, and Heining (2023), and regulatory frameworks
that shape labour and intermediate input markets (Conway, Janod, & Nicoletti, 2005). In the Hsieh and
Klenow (2009) framework, such correlated distortions imply common wedges across factor markets,
thereby amplifying aggregate TFP losses (e.g. Amiti, Itskhoki, & Konings, 2019; De Loecker & Goldberg,
2014).

Table 7: Relationship Between Labour and Material Markups in German Manufacturing Firms
(2014-2022). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Dep. var.: In(Markupy,)

In(Markup;) 0.558™**
(0.00582)

Year fixed effects Yes
Industry fixed effects (2-digit) Yes
Firm fixed effects Yes
Observations 102,962
Number of firms 22,618
Within R? 0.386

Notes: Fixed-effects (within) regression with firm-level panel data. Robust standard errors clustered at the firm-level in
parentheses. All specifications include year and 2-digit industry dummies. *** p < 0.01.

In the context of RQ4 and H5, this finding suggests that the pandemic shock and subsequent recovery re-
inforced multi-dimensional inefficiencies, rather than triggering purely input-specific adjustments. The
persistence of this co-movement highlights that shocks such as the COVID-19 pandemic can simulta-
neously disrupt multiple input markets, amplifying allocative inefficiency as reflected in the dispersion
patterns documented in Figure 19.

Time Trends in Input Markups. To analyse the temporal evolution of input-specific market power, |
estimate fixed-effects regressions of the form:

In(piy) =m +0s + i + e, X € {L, M}, (20)

where +; denotes fixed effects by year, J, controls sector heterogeneity by two digits, and «; captures
persistent firm-level heterogeneity. This specification follows Raval (2023), who emphasizes the impor-
tance of distinguishing markups by input type to uncover input-specific distortions in production.

Table 8 reveals three key patterns. First, labour markups were relatively stable before 2019 but rose
sharply in 2020 (’3/2LO20 = 0.032, p < 0.01) due to wage rigidities, short-time work, and output contrac-
tions Giupponi and Landais (2022c); OECD (2021), before falling markedly in 2022 (%3022 = —0.064,p <
0.01). Second, material price increases increased steadily from 2015, reaching a peak in 2020 (@%20 =
0.088,p < 0.01)—almost three times the gain in the price of labour - driven by supply chain disrup-
tions Carvalho et al. (2020); Schmieder et al. (2023), with only partial correction in 2022 (&%22 =
—0.031,p < 0.01). Third, the larger amplitude for materials and the sharper post-peak decline for
labour reflect differing adjustment mechanisms: coordinated wage bargaining versus globalized input
sourcing.

From a misallocation perspective, the pandemic not only altered the level of input-specific markups but
also increased their co-movement across inputs (see Table 7). This supports RQ4 and H5, showing that
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during COVID-19, distortions in labour and material markets became more synchronised, amplifying
their joint impact on allocative efficiency. Moreover, the sharper and more persistent increase in ma-
terial mark-ups indicates that structural features -such as sectoral wage bargaining, coordinated supply
chains, and regulatory frameworks - can prolong the effects of shocks, maintain mark-up differentials,
and reinforce dispersion as a key misallocation channel in the Hsieh and Klenow (2009) framework,
consistent also with H2.

Table 8: Time Trends in Labour and Material Input Markups in German Manufacturing Firms
(2014-2022). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

In(Markup;) In(Markup,,)

Year FE coefficients

2015 -0.00785*** 0.01194***
(0.00259) (0.00271)
2016 0.02299*** 0.03395***
(0.00284) (0.00315)
2017 0.00764** 0.01505***
(0.00301) (0.00334)
2018 -0.01499*** 0.01569***
(0.00313) (0.00354)
2019 0.00694** 0.03699***
(0.00324) (0.00369)
2020 0.03182*** 0.08783***
(0.00342) (0.00385)
2021 -0.00297 0.02512***
(0.00355) (0.00401)
2022 -0.06441*** -0.03076***
(0.00383) (0.00436)
Within R? 0.0168 0.0196

Notes: Coefficients are from fixed-effects panel regressions of log input markups on year and sector dummies. Parentheses
indicate firm-level clustered standard errors. The base year is 2014. *** p < 0.01, ** p < 0.05.

Extension: Input Markups and Productivity. To explore whether factor-specific distortions systemati-
cally affect firm-level productivity, | extend the baseline Hsieh and Klenow (2009) specification by in-
cluding lagged labour and material markups estimated following Raval (2023).

This approach allows for distinguishing the productivity effects of deviations from competitive bench-
mark markups at the input level. The one-year lag mitigates potential reverse causality, whereby con-
temporaneous productivity shocks could influence markup setting.

Table 9 reports the results for both InTF P and InTFPR as dependent variables. All regressions
include fixed effects for the firm, year, and sector; standard errors are clustered at the firm-level.

The results indicate a statistically significant and economically meaningful relationship between the
input mark-ups from the previous year and the current productivity. A 1% increase in the labour markup
is associated with an estimated 0.035% rise in TF P and 0.032% in T F PR. In contrast, a 1% increase
in material mark-up reduces T'F'P by 0.022% and T F PR by 0.018%. These contrasting signs suggest
that factor-specific market imperfections have asymmetric effects on productivity.

39



5. Results 5.3.2 Regression Results.

Table 9: Fixed-Effects Regressions of Productivity on Lagged Input Markups in German Manufacturing
Firms (2014-2022). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calcula-
tions.

MNMWmTFP (2)InTFPR

Lagged labour markup 0.0351*** 0.0325***
(0.00842) (0.00830)

Lagged material markup  -0.0218** -0.0184**
(0.00854) (0.00846)
Year FE Yes Yes
Sector FE (2-digit) Yes Yes
Firm FE Yes Yes
Observations 74,657 74,657
Number of firms 17,038 17,038
Within R? 0.0224 0.0575

Notes: Coefficients are from fixed-effects panel regressions of productivity measures on lagged log input markups,
controlling for year and 2-digit sector fixed effects. Parentheses indicate firm-level clustered standard errors. *** p < 0.01,
** p < 0.05.

The positive association between labour markups and productivity may reflect mechanisms such as
efficiency wages, skill complementarity, or labour hoarding in downturns, consistent with Klette and
Griliches (1996). In contrast, Bertelsmann Stiftung (2023) report negative effects for an earlier period
(2007-2016), which may reflect differences in data coverage, sample composition, and, most impor-
tantly, the absence of the COVID-19 pandemic in their observation window.

The negative link for material markups supports the view that high intermediate input prices restrict
the scale and efficiency of the downstream firm, in line with Aghion, Antonin, and Bunel (2021).

In summary, this chapter has documented persistent and crisis-driven patterns of misallocation and
input-specific distortions in German manufacturing. The analyses reveal how factor market frictions,
policy interventions, and firm heterogeneity jointly constrain aggregate productivity gains. These in-
sights provide an empirical foundation for the concluding chapter, where | synthesise the main findings
and discuss implications for policy and future research.
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6. Conclusion

6. Conclusion

Over the past decade, allocative efficiency in German manufacturing has deteriorated markedly, with
COVID-19 accelerating pre-existing structural weaknesses, showing: There is a lost productivity poten-
tial. By leveraging harmonized firm-level microdata and integrating three complementary analytical
frameworks—misallocation measures (Hsieh & Klenow, 2009), reallocation decompositions (Olley &
Pakes, 1996), and markup estimation (Raval, 2023)—this study presents a comprehensive perspective
on the interplay between factor market distortions, reallocation dynamics, and input-specific frictions.
These findings offer novel insights into the persistent puzzle of unrealized productivity potential in the
sector.

The evidence shows persistent and widening gaps in MRPs, especially for capital, indicating sustained
frictions in capital allocation. These distortions are concentrated in large, capital-intensive sectors and
intensified during the pandemic. Reallocation has weakened: the covariance term in the Olley and Pakes
(1996)-decomposition declined steadily, particularly in 2020-2021, suggesting that high-productivity en-
trants faced scaling barriers while incumbents retained market share despite lower productivity. TFPR
dispersion increased markedly from 2017 onward, spiking during COVID-19, with MRPC distortions out-
weighing labour distortions by scale. Markup estimates reveal parallel movements in labour and ma-
terial markups until 2020, followed by pandemic-induced divergence and only partial reconvergence
thereafter.

These patterns indicate that static misallocation, weakened reallocation dynamics, and asymmetric in-
put frictions reinforce each other, compounding their negative impact on aggregate productivity. While
allocative distortions capture inefficiencies in factor allocation, reallocation dynamics reflect whether
high-productivity firms expand; the simultaneous rise in misallocation and fall in reallocation efficiency
during crises signals both greater inefficiency and reduced corrective capacity.

From a policy perspective, improving aggregate productivity requires more than technological diffusion.
First, reducing capital market frictions, e.g., expanding access to equity and long-term financing for pro-
ductive SMEs, could lower the MRPC dispersion. Second, labour market reforms, such as more flexible
short-time work schemes with conditionality, could preserve reallocation incentives during downturns.
Third, competition policy should strengthen the link between productivity and market share to enable
the scaling of high-productivity entrants. Finally, sector-specific measures to mitigate input distortions,
e.g., diversifying supply chains and adopting digital supply chain tools, could reduce markup volatility,
especially for materials. Embedding these steps in a coherent productivity strategy with regular moni-
toring would enable timely policy responses.

Interpretation of misallocation indicators warrants caution. Counterfactual gains from reducing the dis-
persion of TFPR may overstate the efficiency potential, as the model assumes frictionless reallocation.
The dispersion in MRPC / MRPL may partially reflect genuine heterogeneity in technology, risk, or input
quality. The dataset excludes informal and non-incorporated firms, possibly understating inefficiencies.
Moreover, forcing rapid reallocation could generate negative externalities, especially in niche sectors or
during automation-driven capital-labour substitution.

Future research should integrate physical output data to enable the quantity-based variant, extend the
analysis to services and construction sectors, and test robustness under alternative production func-
tions such as CES with capital-labour substitution. It should also examine the role of innovation and
automation in driving substitution effects, employ a dynamic Olley and Pakes (1996)-decomposition
with firm-level entry and exit, analyze markup dynamics using scanner or transaction-level data, and
conduct cross-country comparisons with harmonized microdata to identify institutional drivers of al-
locative efficiency and misallocation.

The broader implication is that the challenge for Germany’s manufacturing productivity lies less in tech-
nological capacity than in the inefficient deployment of existing resources. Without targeted reforms to
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6. Conclusion

ease capital and labour frictions and safeguard reallocation incentives, allocative inefficiency will con-
tinue to weigh on long-term growth. Enhancing allocative efficiency should not be treated as a narrow
microeconomic issue but as a strategic priority to maintain productivity in the face of demographic
change, technological disruption, and global competition.
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A Descriptive Figures

Appendice

A Descriptive Figures

This section presents supplementary descriptive plots from Section 3.3. While not essential for the main
empirical narrative, they provide further transparency regarding the sectoral, legal, and size structure
of the matched JANIS-VGR dataset.

Key Results: Analysis Sample (2014-2022)

¢ Firm coverage. Final sample: 25,591 manufacturing firms (=119,000 observations); unbalanced
panel due to entry/exit (“submarine effect”).

¢ Firm dynamics. Declining entry and rising exit across K/L quintiles (Fig. 7) = shrinking firm base;
consistent with H1: declining allocative efficiency over time.

e Size structure. Employment and capital highly concentrated in medium/large firms; top capi-
tal quantile >80% of total K (Figs. 9-A.2) = distortions among large firms have outsized TFP
impact.

e VA. Strong concentration mirrors capital (Figs. 10-A.3) = supports H2: misallocation in
capital-intensive segments has larger aggregate effects.

e Sectoral composition. Coverage strong in CL (Motor Vehicles and Other Transport), CE+CF
(Chemicals and Pharmaceuticals), CK (Machinery and Equipment) (Appendix A) = relevant for
sectorally heterogeneous distortions (links to RQ2).

e Firm age. Average age 30-45 years; older in CA (Food, Beverages, Tobacco), CE+CF, CB (Tex-
tiles, Apparel, Leather); younger in CM (Furniture, Misc. Manufact., Repair), Cl (Electronics and
Optics), CL (Motor Vehicles and Other Transport) = H3: younger firms adjust more flexibly to
distortions.

¢ Panel duration. ~25% singletons vs. ~25% full-period survivors = coexistence of persistent vs.
transitory distortions (links to RQ1/RQ3 on dynamics and distribution).
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Source: JANIS microdata (Deutsche Bundesbank); Own Calculations (2014-2022).

Figure A.1: Share of Employment by Firm Size Class in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank). Own calculations.

Share Firm Size Distribution by Capital Stock (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank); Own Calculations (2014-2022).

Figure A.2: Share of Capital Stock by Firm Size Class in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank). Own calculations.
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Share Firm Size Distribution by VA (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure A.3: Share of VA by Firm Size Class in German Manufacturing (2014-2022). Source: JANIS micro-
data (Deutsche Bundesbank). Own calculations.
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Figure A.4: Relative Share of Legal Forms among Firms in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank). Own calculations.
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Total Employment by Sector and Year (2014-2022)
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Figure A.5: Total Employment by Sector and Year in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.
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Source: JANIS microdata (Deutsche Bundesbank); Own Calculations(2014-2022).

Figure A.6: Average Employment by Sector in German Manufacturing (2014-2022). Source: JANIS mi-
crodata (Deutsche Bundesbank). Own calculations.
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Employment by Sector and Year (2014-2022)
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Figure A7: Employment per Sector and Year in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.
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Figure A.8: Capital Stock by Sector and Year in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.
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Capital Stock by Sector (2014-2022)
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Figure A.9: Average Capital Stock by Sector in German Manufacturing (2014-2022). Source: JANIS mi-
crodata (Deutsche Bundesbank). Own calculations.
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Figure A.10: Average Number of Firms by Sector in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.
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Number of Firms per Year (2014-2022)
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Figure A.11: Average Number of Firms by Year in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.
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Figure A.12: Average Age of Firms in German Manufacturing (2014-2022). Source: JANIS microdata
(Deutsche Bundesbank). Own calculations.
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Panel Duration per Firm (2014-2022)
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Figure A.13: Panel Duration of Firms in German Manufacturing (2014-2022). Source: JANIS microdata
(Deutsche Bundesbank). Own calculations.
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Figure A.14: Firm Count per Sector and Year in German Manufacturing (2014-2022). Source: JANIS
microdata (Deutsche Bundesbank). Own calculations.
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Avg. Employment per Firm over Time by Sector (2014-2022)
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Figure A.15: Average Employment per Firm by Sector over Time in German Manufacturing (2014-2022).
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Source: JANIS microdata (Deutsche Bundesbank). Own calculations.
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Figure A.16: Average Capital Stock per Firm by Sector over Time in German Manufacturing (2014-2022).
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Source: JANIS microdata (Deutsche Bundesbank). Own calculations.
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Average Firm Age per Sector over Time (2014-2022)
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Source: JANIS microdata (Deutsche Bundesbank); Own Calculations(2014-2022).

Figure A.17: Average Firm Age by Sector over Time in German Manufacturing (2014-2022). Source:
JANIS microdata (Deutsche Bundesbank). Own calculations.
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B Empirical Implementation

B.1 Research Questions and Hypotheses

Frameworks used: HK = Hsieh and Klenow (2009) (sales-based variant Calligaris et al. (2018)); OP
= Altomonte and Di Mauro (2022); Olley and Pakes (1996); Raval = Raval (2023).

e RQ1 (HK): How did allocative efficiency and misallocation in German manufacturing evolve be-
tween 2014-2022, particularly during COVID-19?

¢ RQ2 (HK, heterogeneity): Which firm-level and sectoral features explain dispersion and how did
crisis shocks change these patterns?

e RQ3 (OP): How did the reallocation dynamics change during the COVID-19 Pandemic and how
are they linked to shifts in firm composition?

e RQ4 (Raval): Do factor-specific markups deviate and diverge during disruptions, indicating
input-specific distortions?

Hypotheses
e H1 (HK): Sectoral TFPR dispersion increased over 2014-2022 and especially during COVID-19 =
allocative inefficiency rose.

e H2 (HK): Capital distortions contribute more to observed misallocation than labour distortions.

e H3 (HK, heterogeneity): Misallocation displays strong heterogeneity across sectors and firm
sizes; crisis shocks exacerbate existing inefficiencies.

e H4 (OP): The Olley and Pakes (1996)-covariance term weakened during COVID-19 (smaller Olley
and Pakes (1996)-gap), with incumbents retaining market shares despite lower productivity and
high-productivity entrants facing expansion barriers.

e Hs (Raval): Labour and material markups diverged more strongly during periods of disruption
= input-specific distortions.

B.2 Hsieh & Klenow (2009): Misallocation Framework

Key Results: Misallocation in German Manufacturing, 2014-2022

e Persistent increase in TFPR dispersion since 2018, peaking during COVID-19.

e Capital misallocation (MRPC dispersion) exceeds labour misallocation (MRPL) in scale, both
great dispersion.

e Pandemic-related policies stabilised output but prolonged allocative inefficiencies.
e Aggregate TFP efficiency gap reached 5% in 2020, remains at elevated level.

e Frontier-laggard divergence widened post-2018, with laggards dragging aggregate productiv-
ity.

The empirical implementation proceeds in the following steps:
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B Empirical Implementation B.2 Hsieh & Klenow (2009): Misallocation Framework

Step 1: Constructing VA. Firm-level nominal VA is defined as:
VAY™ = sales,; — intermediate inputs,;, (21)

where s indexes sectors and 7 indexes firms. To control for inflation and sector-specific price dynamics,
nominal values are converted into constant prices using sector-year gross VA deflators from the VGR:

nom

V A"
VAe = s, 22
5 Deflator; x (22)

Step 2: Estimating Factor Shares. In the Cobb-Douglas framework, the sector-specific capital elastic-
ity o is inferred from the observed labour cost share, following Calligaris et al. (2018) and De Loecker

and Goldberg (2014):
wagebill ;
g — ]. — W, (23)

where wagebill; includes wages, salaries, bonuses, and employer social contributions. The ratio in (23)
is aggregated to the sector-year level to mitigate measurement error.

Step 3: Computing TFP. Firm-level TFP in Calligaris et al. (2018); Hsieh and Klenow (2009) is obtained
as the residual derived from estimation of a Cobb-Douglas production function:

VAgi

TFPsi = ——5—o>
K;SLsi o

(24)

where K; and Lg; are firm-level capital and labour inputs, and « is taken from Equation (23). Two
variants are distinguished:

e TFPR: Equation (24) with V A,; = V AT™ from Equation (21).

e Quantity-based productivity (T'F' PQ): Equation (24) with V A,; = VA;ef' from Equation (22).

Step 4: Allocative Efficiency and Misallocation. Following Hsieh and Klenow (2009), within sector
dispersion in revenue productivity is measured as:

Var(InTFPRy;), (25)

and the aggregate TFP gap relative to the efficient allocation is computed as:

05
TFP* TFPR
TP = H 5 » (26)
s (HiEs TFPRSZ“)
with 6, denoting the sectoral share of total VA.
Step 5: Revenue Productivity (TFPR) and Consistency Check. Revenue productivity is defined as:
v Anom
TFPRM == %7812_%, (27)
Ksi‘ Lsi ‘

where V A%™ is nominal VA from Equation (21), K; and L,; are firm-level capital and labour inputs,
and « is the sector-specific capital elasticity from Equation (23).
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B Empirical Implementation B.2 Hsieh & Klenow (2009): Misallocation Framework

In a frictionless, competitive market, T'F' P R; would be identical across all firms ¢ within sector s. Dis-
persioninInTF PR,;, as in Equation (25), is therefore an indicator of resource misallocation (Calligaris
et al., 2018; Hsieh & Klenow, 2009).

Step 6: Consistency with MRPs. In a Cobb-Douglas production setting, TFPR reflects a weighted ge-
ometric mean, combining MRPC and MRPL according to their elasticities in the production function
Calligaris et al. (2018); Hsieh and Klenow (2009):

TFPRy = (MRPCy;)® - (MRPLg)' ™ (28)

where M RPC; and M RPL,; are given by:

MRPC,; = O‘;(/Am (29)
MRPLy = 1= asz VAT (30)
si
As a validation step, | compute the firm-level ratio:
TFPRs; (31)

(MRPCy;)* - (MRPLg) ™’

and evaluate its proximity to unity across the sample. Values close to one indicate internal consistency
of the estimated productivity and MRP measures. Systematic deviations may signal measurement error,
misspecification of elasticities, or violations of constant returns to scale.

Step 7: Sectoral Productivity Aggregation. Following Hsieh and Klenow (2009) and Calligaris et al.
(2018), sector-level productivity is aggregated using a constant elasticity of substitution (CES) framework
that accounts for within sector distortions:

1

TFPR, ot
(ZASZ (TFPRs) ) , (32)

1€8

where 0 = 3 denotes the elasticity of substitution across firm varieties. This formulation captures the
efficiency loss from misallocation by penalizing deviations of firm-level revenue productivity from the
sectoral benchmark TFPR;.

Step 8: Firm-Level Physical Productivity. Firm-specific physical productivity A,; is computed as the
residual from a Cobb-Douglas production function using deflated output and observed input quantities:

Vv Areal

Asz =
Qg 1 Qg
KL,

; (33)

where VA;‘?' is real VA (Equation (??)), K; is the real capital stock, L; is the number of employees,
and « is the sector-specific capital elasticity from Equation (23).

Step 9: Sectoral Benchmark TFPR. The benchmark revenue productivity TF PR is defined as the
weighted geometric mean of firm-level TFPR values:

TFPR, = HTFPRG?Z‘ (34)

Y
€S
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B Empirical Implementation B.2 Hsieh & Klenow (2009): Misallocation Framework

where 0; represents the firm’s weight, typically based on its share of sectoral sales or set uniformly. This
benchmark reflects the frictionless equilibrium level of revenue productivity and serves as a reference
point for evaluating allocative distortions within the sector.

Step 10: Benchmark MRPs.  Analogously to the sectoral benchmark for revenue productivity, bench-
mark values for the MRPC and MRPL are defined as:

MRPC, = H MRPC

st 0
€S8 i€s

MRPL, = H MRPL (35)

st )

where 0; ; denotes the firm-specific weight, e.g. based on the share in sectoral sales. These benchmarks
represent the sector-level returns to capital and labour under an efficient allocation.

In empirical work, these theoretical benchmarks are often approximated by unweighted arithmetic
means across firms within sector-year cells:

— 1
X, ~ — ZXSZ" X € {TFPR, MRPC, MRPL}, (36)
Ns i€s

and, for log-transformed values:

— 1
InX,~— E In Xz, X € {TFPR,MRPC,MRPL}. (37)
Ns €S

While geometric means are consistent with the CES aggregation structure in the theoretical model,
arithmetic means are widely used in empirical applications due to their computational simplicity and
direct interpretability in log-variance decompositions (Bartelsman et al., 2013; Calligaris et al., 2018).

Step 11: Aggregate and Counterfactual Productivity. To assess the productivity potential under an
efficient allocation of resources, a counterfactual sector-level productivity measure is constructed. Fol-
lowing Calligaris et al. (2018), this efficient productivity level assumes that all firms within a sector face
identical input prices—i.e., that firm-level TFPR values are equalized. Under this scenario, the counter-
factual aggregate productivity is computed as:

1

o1

Ar = (Z A;ﬂ) : (38)
i€s

where

Y AREAL

Asi =
as 71—
Ksi Lsi

denotes firm-level physical productivity, computed from real VA (V ARFAL), capital K (book-value-based
fixed assets), and labour L (employment per headcount). The elasticity of substitution across firm vari-
eties o is set to the standard value of 3, in line with empirical applications in the misallocation literature
(Bartelsman et al., 2013; Hsieh & Klenow, 2009; Restuccia & Rogerson, 2013).

The measure A% captures the productivity level that would prevail in sector s in the absence of any
distortions in factor allocation. Comparing A, and A7 allows for the quantification of the TFP loss due
to misallocation.

To obtain an aggregate measure of productivity at the national level, sectoral productivity levels are
combined using fixed output weights 6, which are derived from real sectoral sales of VA (1/ ASALESREAL)
in the base year 2020. Following Calligaris et al. (2018), aggregate observed and counterfactual TFP are
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B Empirical Implementation B.2 Hsieh & Klenow (2009): Misallocation Framework

computed as:
n(TFP,) = Ze ), In(TFP) Ze (39)

The difference In(7T'F P;) — In(T'F P;) represents the economy-wide productivity loss attributable to
misallocation.

In line with Hsieh and Klenow (2009), this productivity gap can also be interpreted as a reduction in
aggregate output caused by allocative inefficiency. Specifically, the ratio of observed to efficient output
is expressed as:

0s
S 9 S T Ns s\ 0—17 o-1
Y A\ Ay TFPR
FeU(E) - (5 ) | 0
Y* A ‘ As, TFPRg;
s=1 s=1 Li=1
Equivalently, this relationship can be expressed in terms of TFP aggregates:
TFP [, (A:)™
x S % ’
TFP I_IS:I(AS)QS

(41)

which implies that gains in allocative efficiency—reflected by a convergence of firm-level TFPR values

( 1 ANOM

W) toward the sectoral benchmark—translate directly into increases in aggregate output.

The logarithmic form of this relationship provides a particularly intuitive interpretation:

S
y TFP .
8 <Y> - <TFP*> - Zsl B “

highlighting the role of sector-specific inefficiencies in shaping the macroeconomic performance of the
economy.

Step 12: Measuring Input Misallocation Following Hsieh and Klenow (2009), | assess input misallo-
cation within sectors by computing the dispersion of log-transformed TFPR and the MRPC and MRPL.

Allocative inefficiency is captured by the squared deviation of firm-level TFPR from the sectoral bench-
mark: )
(ln TFPRg — In TFPRS) , (43)

where equal TFPR across firms is a necessary condition for efficiency.

Capital- and labour-specific distortions are measured analogously:

(In MRPCy; —n MRPC,)®, (In MRPLy —In MRPL,). (44)

Each observation is weighted by its nominal value-added share within the sector:

NOM
Wist = VAS” (45)
18 ZZES VANOM )

sit

ensuring that larger firms have proportionally greater influence on the dispersion measures (Bartelsman
et al., 2013; Calligaris et al., 2018).

The weighted variances of InTF PR, In M RPC, and In M RPL are computed annually, enabling the
tracking of allocative efficiency over time and the identification of crisis periods or sector-specific pat-
terns linked to heightened misallocation.
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Step 13: Sectoral and Aggregate Dispersion Measures. Analogously to the benchmark definitions in
Step 10, dispersion measures can be computed for TFPR as well as the MRPC and MRPL. The sector-level
weighted variance for a generic performance measure X € {TFPR, MRPC, MRPL} is defined as:

~ \2
Var(In Xyi) = Y wair - (In X —InXr)", (46)
€8

where w;;; denotes the nominal value-added weight from Equation 45 and X 4 is the sectoral bench-
mark from Equations 35-37. This formulation quantifies the output-weighted deviation of each firm
from the sectoral mean, capturing its contribution to within sector misallocation.

To obtain aggregate dispersion measures, sectoral variances are combined using fixed sectoral output
shares 6,:
Var(In X;) = Z 0, - Vary(In X,;), X € {TFPR, MRPC, MRPL}. (47)
S

Here, 6, is based on sectoral value-added sales.

B.3 Olley & Pakes (1996): Decomposition Framework

Key Results: ( )-Decomposition

o Within-firm efficiency as main driver: From 2014-2022, productivity growth in German man-
ufacturing was largely attributable to improvements within-firms, with reallocation playing a
secondary role.

¢ Reallocation weak and unstable: Between-firm contributions were mostly small or negative,
briefly turning positive in 2021 before stagnating again in 2022.

o Deviation from theoretical expectations: Contrary to standard models predicting a cleansing
effect after major shocks, postcrisis reallocation remained muted.

e Policy context: The results are consistent with evidence that extensive government sup-
port—such as credit guarantees, ultra-low interest rates, and liquidity provision—shielded
low-productivity incumbents and dampened market selection pressures, thereby constrain-
ing reallocation mechanisms.

The decomposition is implemented in the following steps:

Step 1: Sample Selection | restrict the sample to manufacturing firms (WZo8: 10-33), consistent with
the Hsieh and Klenow (2009) implementation. Each firm is assigned its most frequent 2-digit WZo8
sector code. Sectors with fewer than 100 observations in a given year are excluded to ensure robustness.

Step 2: Variable Construction Firm-level productivity measures are computed for both variants:

e LP: real VA from the JANIS dataset per full-time equivalent employee.

e TFP: as computed in the Hsieh & Klenow (2009) implementation, based on real output, real inputs,
and user-cost-adjusted capital.

Log transformations are applied to reduce skewness, and variables are winsorized at the 1st and 99th
percentiles within each sector-year to mitigate the influence of extreme values.

In all subsequent formulas, P;; denotes the productivity measure used in the decomposition, which
takes two alternative forms:

60



B Empirical Implementation B.3 Olley & Pakes (1996): Decomposition Framework

1. LP: |
V Area
Py=LP;=—"1 (48)
Lt
2. TFP:
Py =TFPy (49)

as computed in the Hsieh & Klenow (2009) framework described in Section 4..

The use of P;; in generic notation allows a uniform presentation of the decomposition equations, while
maintaining full comparability between the LP and TFP variants.

Step 3: Weight Definition Following ?, firm-level employment shares are defined as:
L
ZjESt L]t ’

where L;; is employment in firm i at time ¢, and S; denotes the set of all firms in the sector in year t.
For comparisons, | use average weights across two consecutive years:

Sit = (50)

1
Sit = i(sit +Sit—1). (51)

As a robustness check, | repeat the decomposition using value-added shares instead of employment
shares to assess the sensitivity of results to the weighting scheme.

Step 4: Within-Firm Component The within component captures average productivity growth of in-
cumbent firms:
Within = Z (Aln Py - 53), (52)
ieC

where C'is the set of continuing firms between ¢ — 1 and ¢.

Step 5: Between-Firm Component The between component measures changes in employment shares
weighted by average productivity:

1
Between = Z (2(ln Py+InP;4)- ASz‘t) ; (53)
ieC

where As;; = s; — s;+—1. A positive value indicates reallocation toward more productive firms.

Step 6: Aggregate Productivity Change and Olley and Pakes (1996)-gap Check Aggregate productivity
growth is computed as:

Aln P = Z(ID Pit - sit) — Z(ID Pii—1-sit-1), (54)

7 7

and verified to be closely approximated by the sum of the within and between components. As an
additional consistency check, | compute the Olley and Pakes (1996)-gap

OP—Gapt = Z(Sz‘t — Et)(ln -Pit — lIli_Pt),

7

to capture the static allocation component in each year.
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Step 7: Sectoral Aggregation All components are calculated at the 2-digit WZ08 sector level and ag-
gregated to the manufacturing sector using sectoral employment weights.

B.4 Raval (2023): Markup Estimation

Key Results: Markup Analysis

] Dispersion Patterns (P90/P50): Material markups are persistently more dispersed than labour markups

(avg. gap ~ 0.2 points). Dispersion peaked in 2020 for materials (=~ 2.05) while labour dispersion dropped

to =~ 1.63, indicating asymmetric input-specific shocks.

Time Trends:

e Labour markups: Modest volatility pre-2019, +3.3% in 2020 (p<0.01) due to wage rigidities/short-time
work, then —6.1% in 2022.

e Material markups: Steady rise from 2015, +8.6% in 2020 (p<0.01) under supply-chain bottlenecks,
partial correction (—2.8%) in 2022.

Cross-Input Correlation: EIasticityB = 0.561 (p<0.01), above U.S. baseline (0.4-0.5), suggesting stronger

co-movement of distortions across inputs in Germany. Within-R? = 0.391.

¢ During the pandemic, synchronized distortions in labour and material markups became more evident.
Institutional features (sectoral bargaining, coordinated supply chains, regulation) likely reinforced per-
sistence and synchronisation of markups.

e Elevated and asymmetric markup dispersion during disruptions supports H5 and highlights multi-
dimensional inefficiencies (RQ4) not captured by TFPR or Olley and Pakes (1996)-gap measures alone.

The estimation follows four main steps:

Step 1: Construction of Revenue Cost Shares. For each firm 7 in year ¢, nominal revenue cost shares
are computed for labour and materials:

Wagebill,

L it

S, = _—,

i Sales;; (55)

M _ Intermediate Inputs,;; (56)
u Sales;;

where Sales denotes nominal revenue, Wagebill represents total labour compensation (wages plus so-
cial security), and Intermediate Inputs captures expenditure on materials and services. All variables are
obtained from the JANIS firm-level balance sheet dataset.

Step 2: Estimation of Output Elasticities. The production function is specified as:
InY; = Bo + B In Kyt + Brie In Lig + Barie In Mg + wie + €3¢, (57)

where Y}, is real output (sales deflated by the sectoral output deflator deflator_prodval), K is
the real capital stock (constructed via the perpetual inventory method), L;; is labour input, and M;; is
real intermediate materials input. From this estimation, the firm-specific coefficients 6% and 62! are

recovered as output elasticities.
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Step 3: Calculation of Factor-Specific Markups. Markups are computed by dividing the estimated
output elasticity by the observed cost share:

oL

Wi = (58)
Sit
oM

M% = ﬁ (59)

it
This yields separate measures of pricing power for labour and materials, capturing potential factor-
specific distortions. For aggregation, | compute weighted averages across all manufacturing firms using

employment weights .S;, so that larger firms have proportionally greater influence on the aggregate
markup.

Step 4: Panel Regression Analysis. Following (Raval, 2023), | examine the empirical relationship be-
tween factor-specific markups using a fixed-effects panel regression:

In(uf) = BIn(u’) + v + 05 + o + €, (60)

where ; are year fixed effects, §, are 2-digit sector fixed effects, and «; are firm fixed effects. To analyse
the time trends in each markup separately, | estimate:

ln(uft() =y +0s+a; + €y, forX e{L,M}. (61)

Under efficient allocation, factor markups should converge across inputs, implying uL R ,uM within
sectors. Divergence between labour and material markups—especially during periods of high TFPR dis-
persion in the HK analysis— would indicate the presence of output distortions that complement the
input distortions measured by TFPR. Thus, the Raval framework provides a complementary lens to as-
sess allocative efficiency in German manufacturing over 2014-2022, focusing on the convergence or
divergence of factor-specific markups over time, including during shocks such as the COVID-19 pan-
demic.

Extension. The empirical specification extends the Hsieh and Klenow (2009) framework by incorpo-
rating input-specific markups estimated following Raval (2023). | estimate the following fixed-effects
panel regression:

In(Yiy) = BrIn(ufy_y) + By In(uli_y) + 7 + s + o + €, (62)

where ,uL and ,uM denote labour and material markups, respectively, and Y;; is either (i) TFPR;;, mea-
suring allocative efficiency within sectors, or (ii) TFP;;, measuring quantity-based productivity. Both
measures are computed following (Hsieh & Klenow, 2009).

Lagged markups are included to address potential simultaneity and reverse causality concerns, ensuring
that contemporaneous productivity shocks do not mechanically affect measured markups. Year fixed ef-
fects () control for macroeconomic shocks, sector fixed effects () capture persistent industry-specific
differences, and firm fixed effects («;) absorb time-invariant heterogeneity. Standard errors are clus-
tered at the firm-level.
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C Robustness Checks

C Robustness Checks

C.1 Observation Window

This appendix section presents robustness checks to verify that the main findings are not driven by
the specific choice of the observation window. By applying an alternative time period and base year
for index normalisation, it is shown that the underlying patterns remain consistent across samples,
confirming that the results are not an artefact of the selected time frame.

Observed and Efficient Aggregate TFP (2000-2022)
Observed vs. counterfactual TFP development in the Manufacturing Sector relative to 2014
Observed TFP

Efficient TFP (counterfactual)

Allocative efficiency

1 1 1 1 1 1 1
N

TFP deviation from 2000 (%)
80 85 90 95 100 105 110 115 120 125 130 135 140

T T T T T T T T T T T T
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
Year

Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.18: Observed vs. Efficient TFP and Allocative Losses in German Manufacturing (relative to
2000). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Sector Contributions to TFPR Dispersion in the Manufacturing Sector (2000-2022°
Dashed line at 2020 indicates COVID-19 shock
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Figure C.19: Sectoral Contributions to TFPR Dispersion in German Manufacturing (relative to 2000).
Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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TFPR Dispersion in the Manufacturing Sector (2000-2022)

Variance of log revenue productivity (In(TFPR))

Variance In(TFPR)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.20: Dispersion of TFPR in German Manufacturing (relative to 2000). Source: JANIS microdata
(Deutsche Bundesbank) and VGR (Destatis). Own calculations.

MRPC Dispersion in the Manufacturing Sector (2000-2022)-

Variance of log marginal revenue productivity of capital (In(MRPC))
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.21: Dispersion of MRPC in German Manufacturing (relative to 2000). Source: JANIS microdata
(Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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MRPL Dispersion in the Manufacturing Sector (2000-2022)

Variance of log marginal revenue productivity of labour (In(MRPL))

Variance In(MRPL)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.22: Dispersion of MRPL in German Manufacturing (relative to 2000). Source: JANIS microdata
(Deutsche Bundesbank) and VGR (Destatis). Own calculations.

TFP Growth Relative to 2000 — Frontier vs. Rest

Manufacturing Sector Comparison weighted by Real Value Added (2000-2022)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.23: TFPQ of Frontier vs. Rest Firms in German Manufacturing (relative to 2000). Source: JANIS
microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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C.2 Winsorizing

TFP Growth Relative to 2000 — Frontier vs. Laggard

Manufacturing Sector Comparison weighted by Real Value Added (2000-2022)
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).
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Figure C.24: TFPQ of Frontier vs. Laggard Firms in German Manufacturing (relative to 2000). Source:
JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

C.2 Winsorizing

This section reports robustness checks for the choice of winsorizing thresholds in the Hsieh-Klenow
analysis. While the main results are based on trimming extreme values of VA at the 1% and 99% per-
centiles, alternative specifications using 2%-98% and 5%-95% thresholds are implemented to ensure
that the findings are not driven by a few extreme observations. The persistence of the main patterns
across these alternative thresholds confirms that the baseline results are not an artefact of the chosen
winsorization level for the same time period as in the main analysis (2014-2022).

Variance In(TFPR)

TFPR Dispersion in the Manufacturing Sector (2014-2022)

Variance of log revenue productivity (In(TFPR))Based on nominal Value Added; Winsorized at 2%-98%
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).
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Figure C.25: Robustness check: TFPR dispersion in German manufacturing (nominal VA, winsorized at
2%-98%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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MRPC Dispersion in the Manufacturing Sector (2014-2022)

Variance of log marginal revenue productivity of capital (In(MRPC))Based on nominal Value Added; Winsorized at 2%-98%
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.26: Robustness check: MRPC dispersion in German manufacturing (nominal VA, winsorized at
2%-98%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

MRPL Dispersion in the Manufacturing Sector (2014-2022)

Variance of log marginal revenue productivity of labour (In(MRPL))Based on nominal Value Added; Winsorized at 2%-98%
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.27: Robustness check: MRPL dispersion in German manufacturing (nominal VA, winsorized at
2%-98%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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Sector Contributions to TFPR Dispersion in the Manufacturing Sector (2014-2022

Dashed line at 2020 indicates COVID-19 shock; Based on nominal Value Added; Winsorized at 2%-98%
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Figure C.28: Robustness check: Sectoral contributions to TFPR dispersion in German manufactur-
ing (nominal VA, winsorized at 2%-98%). Source: JANIS microdata (Deutsche Bundesbank) and VGR
(Destatis). Own calculations.

Observed and Efficient Aggregate TFP (2014-2022)

Robustness check: Nominal Value Added variant, winsorized at 2%—-98%
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Figure C.29: Robustness check: Aggregate observed and efficient TFP in German manufacturing (nom-
inal VA, winsorized at 2%-98%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis).
Own calculations.
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TFPR Dispersion in the Manufacturing Sector (2014-2022)

Variance of log revenue productivity (In(TFPR))Based on nominal Value Added; Winsorized at 5%-95%
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Figure C.30: Robustness check: TFPR dispersion in German manufacturing (nominal VA, winsorized at
5%-95%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

MRPC Dispersion in the Manufacturing Sector (2014-2022)

Variance of log marginal revenue productivity of capital (In(MRPC))Based on nominal Value Added; Winsorized at 5%-95%
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.31: Robustness check: MRPC dispersion in German manufacturing (nominal VA, winsorized at
5%-95%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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C.2 Winsorizing

Variance In(MRPL)

MRPL Dispersion in the Manufacturing Sector (2014-2022)

Variance of log marginal revenue productivity of labour (In(MRPL))Based on nominal Value Added; Winsorized at 5%—-95%
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Figure C.32: Robustness check: MRPL dispersion in German manufacturing (nominal VA, winsorized at
5%-95%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.

Sector Contributions to TFPR Dispersion in the Manufacturing Sector (2014-2022]

Dashed line at 2020 indicates COVID-19 shock; Based on nominal Value Added; Winsorized at 5%-95%
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Figure C.33: Robustness check: Sectoral contributions to TFPR dispersion in German manufactur-
ing (nominal VA, winsorized at 5%-95%). Source: JANIS microdata (Deutsche Bundesbank) and VGR
(Destatis). Own calculations.
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C Robustness Checks

C.3 H & K - Framework Total-Output Based

Observed and Efficient Aggregate TFP (2014-2022)

Robustness check: Nominal Value Added variant, winsorized at 5%—95%
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Figure C.34: Robustness check: Aggregate observed and efficient TFP in German manufacturing (nom-
inal VA, winsorized at 5%-95%). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis).

Own calculations.

C.3 H &K -Framework Total-Output Based

As an additional robustness check, | replicate the analysis using total output as base for VA instead of
VA sales based as the basis for productivity and TFPR measurement for the same time period as in the
main analysis (2014-2022). The sample is winsorized at the same threshold 1" and 99" percentiles to
ensure comparability with the baseline. Results remain qualitatively robust.
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.35: Robustness check: TFPR dispersion in German manufacturing (VA, total-output based).
Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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C.3 H & K - Framework Total-Output Based
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Figure C.36: Robustness check: MRPC dispersion in German manufacturing (VA, total-output based).
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Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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Source: JANIS microdata (Deutsche Bundesbank) and National Accounts (Destatis); Own Calculations (2014-2022).

Figure C.37: Robustness check: MRPL dispersion in German manufacturing (VA, total-output based).
Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calculations.
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C Robustness Checks

C.3 H & K - Framework Total-Output Based

Sector Contributions to TFPR Dispersion in the Manufacturing Sector (2014-2022

Dashed line at 2020 indicates COVID-19 shock; Value Added Based on Total-Output
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Figure C.38: Robustness check: Sectoral contributions to TFPR dispersion in German manufacturing
(VA, total-output based). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own

calculations.

Observed and Efficient Aggregate TFP Total-Output Based (2014-2022)
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Figure C.39: Robustness check: Aggregate observed and efficient TFP in German manufacturing (VA,
total-output based). Source: JANIS microdata (Deutsche Bundesbank) and VGR (Destatis). Own calcu-

lations.

74



List of Resource Persons

List of Resource Persons

Dr. Philipp Meinen - Head of Structural Group, Central Department for Economics, Deutsche
Bundesbank

Dr. Marcus Jippner - Internship Supervisor, Senior Economist, Structural Group, Central Department
for Economics, Deutsche Bundesbank

75



References References

References

Acemoglu, D., & Restrepo, P. (2018, June). The race between man and machine: Implications of technol-
ogy for growth, factor shares, and employment. American Economic Review, 108(6), 1488-1542.
Retrieved from https://www.aeaweb.org/articles?id=10.1257/aer.20160696 doi: 10
.1257/aer.20160696

Acemoglu, D., & Zilibotti, F. (2001, 05). Productivity differences*. The Quarterly Journal of Economics,
116(2), 563-606. Retrieved from https://doi.org/10.1162/00335530151144104 doi: 10
1162/00335530151144104

Aghion, P., Antonin, C., & Bunel, S. (2021). A theory of falling growth and rising rents. AER: Insights,
3(2), 165-182. doi: 10.1257/aeri.20200358

Aghion, P., Blundell, R., Griffith, R., Howitt, P., & Prantl, S. (2009, 02). The effects of entry on incumbent
innovation and productivity. The Review of Economics and Statistics, 91(1), 20-32. Retrieved from
https://doi.org/10.1162/rest.91.1.20 doi: 10.1162/rest.91.1.20

Aghion, P., Boustan, L., Hoxby, C., & Vandenbussche, J. (2009). The causal impact of education on
economic growth: evidence from us. Brookings papers on economic activity, 1(1), 1-73.

Alecke, B., & Mitze, T. (2023). Institutional reforms and the employment effects of spatially targeted
investment grants: The case of germany’s grw. Retrieved from https://arxiv.org/abs/2302
.11376

Altavilla, C., Giannone, D., & Lenza, M. (2014). The financial and macroeconomic effects of omt
announcements (ECB Working Paper No. 1707). Frankfurt a. M.. Retrieved from https://
hdl.handle.net/10419/154140

Altavilla, C., Paries, M. D., & Nicoletti, G. (2019). Loan supply, credit markets and the euro area financial
crisis. Journal of Banking Finance, 109, 105658. Retrieved from https://www.sciencedirect
.com/science/article/pii/S037842661930233X doi: https://doi.org/10.1016/j.jbankfin
.2019.105658

Altomonte, C., & Di Mauro, F. (2022). The economics of firm productivity: Concepts, tools and evidence.
Cambridge University Press.

Amiti, M., Itskhoki, O., & Konings, J. (2019, 02). International shocks, variable markups, and domestic
prices. The Review of Economic Studies, 86(6), 2356-2402. Retrieved from https://doi.org/
10.1093/restud/rdz005 doi: 10.1093/restud/rdzoos

Andrews, D., Criscuolo, C., & Gal, P. N. (2016). The best versus the rest: The global productivity slow-
down, divergence across firms and the role of public policy (OECD Productivity Working Papers
No. 5). Paris: OECD Publishing. Retrieved from https://doi.org/10.1787/63629cc9-en
doi: 10.1787/63629cc9-en

Arico, F. R., & Stein, U. (2012). Was short-time work a miracle cure during the great recession? the case
of germany and italy. Comparative Economic Studies, 54(2), 275-297.

Asker, J., Collard-Wexler, A., & De Loecker, J. (2014). Dynamic inputs and resource (mis)allocation.
Journal of Political Economy, 122(5), 1013-1063. Retrieved from https://doi.org/10.1086/
677072 doi: 10.1086/677072

Balleer, A., Gehrke, B., Lechthaler, W., & tian Merkl, C. (2016). Does short-time work save jobs? a
business cycle analysis. European Economic Review, 84, 99-122. Retrieved from https://
www.sciencedirect.com/science/article/pii/S0014292115000720 (European Labor
Market Issues) doi: https://doi.org/10.1016/j.euroecorev.2015.05.007

Banerjee, A. V., & Duflo, E. (2005). Chapter 7 growth theory through the lens of development economics.
In P. Aghion & S. N. Durlauf (Eds.), (Vol. 1, p. 473-552). Elsevier. Retrieved from https://wuw
.sciencedirect.com/science/article/pii/S1574068405010075 doi: https://doi.org/
10.1016/51574-0684(05)01007-5

Bagaee, D. R., & Farhi, E. (2019, 09). Productivity and misallocation in general equilibrium*. The
Quarterly Journal of Economics, 135(1), 105-163. Retrieved from https://doi.org/10.1093/
qje/qjz030 doi: 10.1093/qje/qjz030

76


https://www.aeaweb.org/articles?id=10.1257/aer.20160696
https://doi.org/10.1162/00335530151144104
https://doi.org/10.1162/rest.91.1.20
https://arxiv.org/abs/2302.11376
https://arxiv.org/abs/2302.11376
https://hdl.handle.net/10419/154140
https://hdl.handle.net/10419/154140
https://www.sciencedirect.com/science/article/pii/S037842661930233X
https://www.sciencedirect.com/science/article/pii/S037842661930233X
https://doi.org/10.1093/restud/rdz005
https://doi.org/10.1093/restud/rdz005
https://doi.org/10.1787/63629cc9-en
https://doi.org/10.1086/677072
https://doi.org/10.1086/677072
https://www.sciencedirect.com/science/article/pii/S0014292115000720
https://www.sciencedirect.com/science/article/pii/S0014292115000720
https://www.sciencedirect.com/science/article/pii/S1574068405010075
https://www.sciencedirect.com/science/article/pii/S1574068405010075
https://doi.org/10.1093/qje/qjz030
https://doi.org/10.1093/qje/qjz030

References References

Barrero, J. M., Bloom, N., & Davis, S. J. (2020). Covid-19 is also a reallocation shock.

Bartelsman, E., Haltiwanger, J., & Scarpetta, S. (2013, February). Cross-country differences in pro-
ductivity: The role of allocation and selection. American Economic Review, 103(1), 305-34.
Retrieved from https://www.aeaweb.org/articles?id=10.1257/aer.103.1.305 doi:
10.1257/aer.103.1.305

Bartik, A. W., Bertrand, M., Cullen, Z. B., Glaeser, E. L., Luca, M., & Stanton, C. T. (2020). How are small
businesses adjusting to covid-19? early evidence from a survey.

Beck, T. (2020). Finance in the times of coronavirus. Economics in the Time of COVID-19, 73, 73-76.

Becker, T., Biewen, E., Hiiwel, D., & Schultz, S. (2024). Individual financial statements of non-financial
firms (janis), data report 2024-18 - metadata version janis data-doc-v14 (Tech. Rep.). Deutsche
Bundesbank, Research Data and Service Centre. doi: 10.12757/Bbk.JANIS.9723.14.14

Bento, P., & Restuccia, D. (2017, July). Misallocation, establishment size, and productivity. American Eco-
nomic Journal: Macroeconomics, 9(3), 267-303. Retrieved from https://wuw.aeaweb.org/
articles?id=10.1257/mac.20150281 doi: 10.1257/mac.20150281

Berlin, M., & Mester, L. J. (2015, 06). Deposits and relationship lending. The Review of Financial
Studies, 12(3), 579-607. Retrieved from https://doi.org/10.1093/revfin/12.3.0579 doi:
10.1093/revfin/12.3.0579

Berlingieri, G., Blanchenay, P, & Criscuolo, C. (2024). The great divergence(s). Research Policy,
53(3), 104955. Retrieved from https://www.sciencedirect.com/science/article/pii/
S50048733324000040 doi: https://doi.org/10.1016/j.respol.2024.104955

Bertelsmann Stiftung. (2023). Price markups, productivity and competition (Tech. Rep.). Giitersloh: Ber-
telsmann Stiftung. Retrieved from https://www.bertelsmann-stiftung.de/fileadmin/
files/BSt/Publikationen/GrauePublikationen/NW Price Markups.pdf

Besley, T., & Burgess, R. (2004, 02). Can labor regulation hinder economic performance? evidence from
india*. The Quarterly Journal of Economics, 119(1), 91-134. Retrieved from https://doi.org/
10.1162/003355304772839533 doi: 10.1162/003355304772839533

Bigio, S., & La’0, J. (2020, 05). Distortions in production networks*. The Quarterly Journal of Economics,
135(4), 2187-2253. Retrieved from https://doi.org/10.1093/qje/qjaa018 doi: 10.1093/
gje/qgjaao18

Bils, M., Klenow, P. J., & Malin, B. A. (2018). Resurrecting the role of the product market wedge in
recessions. American Economic Review, 108(4-5), 1118-1146.

Bloom, N., Sadun, R., & Van Reenen, J. (2016). Management as a technology? (Vol. 22327). National
Bureau of Economic Research Cambridge, MA.

Boeri, T., & Bruecker, H. (2014, 08). Short-time work benefits revisited: some lessons from the great
recession. Economic Policy, 26(68), 697-765. Retrieved from https://doi.org/10.1111/j
.1468-0327.2011.271.x doi: 10.1111/].1468-0327.2011.271.X

Bonadio, B., Huo, Z., Levchenko, A. A., & Pandalai-Nayar, N. (2021). Global supply chains in the
pandemic. Journal of International Economics, 133, 103534. Retrieved from https://wuw
.sciencedirect.com/science/article/pii/S0022199621001148 doi: https://doi.org/
10.1016/].jinteco.2021.103534

Bown, C. P.,, & Kolb, M. (2018). Trump’s steel and aluminum tariffs: How wto retaliation works. Peterson
Institute for International Economics. (https://www.piie.com/blogs/trade-investment
-policy-watch/trumps-steel-and-aluminum-tariffs-how-wto-retaliation-works
[Accessed 13 Aug 2025])

Buera, F. J., & Shin, Y. (2013). Financial frictions and the persistence of history: A quantitative ex-
ploration. Journal of Political Economy, 121(2), 221-272. Retrieved from https://doi.org/
10.1086/670271 doi: 10.1086/670271

Calligaris, S., Del Gatto, M., Hassan, F., Ottaviano, G. I. P., & Schivardi, F. (2018, 09). The productivity
puzzle and misallocation: an italian perspec-tive. Economic Policy, 33(96), 635-684. Retrieved
fromhttps://doi.org/10.1093/epolic/eiy014 doi: 10.1093/epolic/eiyo14

Carvalho, V. M., Nirei, M., Saito, Y. U., & Tahbaz-Salehi, A. (2020, 12). Supply chain disruptions: Evidence

77


https://www.aeaweb.org/articles?id=10.1257/aer.103.1.305
https://www.aeaweb.org/articles?id=10.1257/mac.20150281
https://www.aeaweb.org/articles?id=10.1257/mac.20150281
https://doi.org/10.1093/revfin/12.3.0579
https://www.sciencedirect.com/science/article/pii/S0048733324000040
https://www.sciencedirect.com/science/article/pii/S0048733324000040
https://www.bertelsmann-stiftung.de/fileadmin/files/BSt/Publikationen/GrauePublikationen/NW_Price_Markups.pdf
https://www.bertelsmann-stiftung.de/fileadmin/files/BSt/Publikationen/GrauePublikationen/NW_Price_Markups.pdf
https://doi.org/10.1162/003355304772839533
https://doi.org/10.1162/003355304772839533
https://doi.org/10.1093/qje/qjaa018
https://doi.org/10.1111/j.1468-0327.2011.271.x
https://doi.org/10.1111/j.1468-0327.2011.271.x
https://www.sciencedirect.com/science/article/pii/S0022199621001148
https://www.sciencedirect.com/science/article/pii/S0022199621001148
https://www.piie.com/blogs/trade-investment-policy-watch/trumps-steel-and-aluminum-tariffs-how-wto-retaliation-works
https://www.piie.com/blogs/trade-investment-policy-watch/trumps-steel-and-aluminum-tariffs-how-wto-retaliation-works
https://doi.org/10.1086/670271
https://doi.org/10.1086/670271
https://doi.org/10.1093/epolic/eiy014

References References

from the great east japan earthquake*. The Quarterly Journal of Economics, 136(2), 1255-1321.
Retrieved from https://doi.org/10.1093/qje/qjaa044 doi: 10.1093/gje/qjaac44

Caselli, F. (2005). Chapter 9 accounting for cross-country income differences. In P. Aghion & S. N. Durlauf
(Eds.), (Vol. 1, p. 679-741). Elsevier. Retrieved from https://www.sciencedirect.com/
science/article/pii/S1574068405010099 doi: https://doi.org/10.1016/51574-0684(05)
01009-9

Cirera, X., Cruz, M., Davies, E., Grover, A., lacovone, L., Cordova, J. E. L., ... Torres, J. (2021, 02). Policies
to support businesses through the covid-19 shock: A firm level perspective. The World Bank
Research Observer, 36(1), 41-66. Retrieved from https://doi.org/10.1093/wbro/1kab001
doi: 10.1093/wbro/lkaboo1

Comin, D. A., & Mestieri, M. (2010, May). The intensive margin of technology adoption (Working
Paper No. 11-026). Harvard Business School BGIE Unit. Retrieved from https://ssrn.com/
abstract=1676302 doi: 10.2139/s5rn.1676302

Conway, P, Janod, V., & Nicoletti, G. (2005). Product market regulation in oecd countries: 1998 to 2003.

David, J. M., & Venkateswaran, V. (2019, July). The sources of capital misallocation. American Economic
Review, 109(7), 2531-67. Retrieved from https://wuw.aeaweb.org/articles?id=10.1257/
aer.20180336 doi: 10.1257/aer.20180336

Decker, R. A., Haltiwanger, J., Jarmin, R. S., & Miranda, J. (2016, May). Declining business dynamism:
What we know and the way forward. American Economic Review, 106(5), 203-07. Retrieved
from https://www.aeaweb.org/articles?id=10.1257/aer.p20161050 doi: 10.1257/aer
.p20161050

De Loecker, J., Eeckhout, J., & Unger, G. (2020, 01). The rise of market power and the macroeconomic
implications*. The Quarterly Journal of Economics, 135(2), 561-644. Retrieved from https://
doi.org/10.1093/qje/qjz041 doi: 10.1093/qje/qjz041

De Loecker, J., & Goldberg, P. K. (2014). Firm performance in a global market [Journal Article]. Annual Re-
view of Economics, 6(Volume 6, 2014), 201-227. Retrieved from https://www.annualreviews
.org/content/journals/10.1146/annurev-economics-080113-104741 doi: https://doi
.0rg/10.1146/annurev-economics-080113-104741

De Loecker, J., Goldberg, P. K., Khandelwal, A. K., & Pavcnik, N. (2016). Prices, markups, and trade
reform. Econometrica, 84(2), 445-510. Retrieved from https://onlinelibrary.wiley.com/
doi/abs/10.3982/ECTA11042 doi: https://doi.org/10.3982/ECTA11042

De Loecker, J., & Warzynski, F. (2012, May). Markups and firm-level export status. American Economic
Review, 102(6), 2437-71. Retrieved from https://www.aeaweb.org/articles?id=10.1257/
aer.102.6.2437 doi: 10.1257/a€er.102.6.2437

De Ridder, M. (2024, January). Market power and innovation in the intangible economy. American
Economic Review, 114(1), 199-251. Retrieved from https://www.aeaweb.org/articles?id=
10.1257/aer.20201079 doi: 10.1257/aer.20201079

de Vries, K., Erumban, A., & van Ark, B. (2021). Productivity and the pandemic: Short-term disrup-
tions and long-term implications. International Economics and Economic Policy, 18(3), 541-570.
Retrieved from https://doi.org/10.1007/510368-021-00515-4 doi: 10.1007/510368-021
-00515-4

Dias, D., Marques, C. R., Richmond, C., et al. (2016). Comparing misallocation between sectors in
portugal. Banco de Portugal, Economics Research Department Economic Bulletin and Financial
Stability Report Article, 201602.

Dingel, J. I., & Neiman, B. (2020). How many jobs can be done at home? Journal of Public Eco-
nomics, 189, 104235. Retrieved fromhttps://www.sciencedirect.com/science/article/
pii/S0047272720300992 doi: https://doi.org/10.1016/].jpubeco.2020.104235

Dixit, A. K., & Stiglitz, J. E. (1977). Monopolistic competition and optimum product diversity. The
American Economic Review, 67(3), 297-308. Retrieved 2025-08-11, from http://www. jstor
.org/stable/1831401

Dobbelaere, S., & Mairesse, J. (2013). Panel data estimates of the production function and product

78


https://doi.org/10.1093/qje/qjaa044
https://www.sciencedirect.com/science/article/pii/S1574068405010099
https://www.sciencedirect.com/science/article/pii/S1574068405010099
https://doi.org/10.1093/wbro/lkab001
https://ssrn.com/abstract=1676302
https://ssrn.com/abstract=1676302
https://www.aeaweb.org/articles?id=10.1257/aer.20180336
https://www.aeaweb.org/articles?id=10.1257/aer.20180336
https://www.aeaweb.org/articles?id=10.1257/aer.p20161050
https://doi.org/10.1093/qje/qjz041
https://doi.org/10.1093/qje/qjz041
https://www.annualreviews.org/content/journals/10.1146/annurev-economics-080113-104741
https://www.annualreviews.org/content/journals/10.1146/annurev-economics-080113-104741
https://onlinelibrary.wiley.com/doi/abs/10.3982/ECTA11042
https://onlinelibrary.wiley.com/doi/abs/10.3982/ECTA11042
https://www.aeaweb.org/articles?id=10.1257/aer.102.6.2437
https://www.aeaweb.org/articles?id=10.1257/aer.102.6.2437
https://www.aeaweb.org/articles?id=10.1257/aer.20201079
https://www.aeaweb.org/articles?id=10.1257/aer.20201079
https://doi.org/10.1007/s10368-021-00515-4
https://www.sciencedirect.com/science/article/pii/S0047272720300992
https://www.sciencedirect.com/science/article/pii/S0047272720300992
http://www.jstor.org/stable/1831401
http://www.jstor.org/stable/1831401

References References

and la-bor market imperfections. Journal of Applied Econometrics, 28(1), 1-46. Retrieved from
https://onlinelibrary.wiley.com/doi/abs/10.1002/jae.1256 doi: https://doi.org/
10.1002/jae.1256

Dollar, D., & Wei, S.-J. (2007). Das (wasted) kapital: firm ownership and investment efficiency in china.
National Bureau of Economic Research Cambridge, Mass., USA.

Dustmann, C., Fitzenberger, B., Schénberg, U., & Spitz-Oener, A. (2014, February). From sick man of
europe to economic superstar: Germany’s resurgent economy. Journal of Economic Perspectives,
28(1), 167-88. Retrieved from https://wuw.aeaweb.org/articles?id=10.1257/jep.28.1
.167 doi: 10.1257/jep.28.1.167

Eichhorst, W., & Tobsch, V. (2015). Not so standard anymore? employment duality in germany. Journal
for Labour Market Research, 48(2), 81-95. Retrieved fromhttps://doi.org/10.1007/s12651
-015-0176-7 doi: 10.1007/512651-015-0176-7

Eurostat. (2023). Harmonised index of consumer prices (hicp) methodology — energy products [Com-
puter software manual]. Luxembourg. Retrieved from https://ec.europa.eu/eurostat/

Evenett, S. J. (2020). Covid-19 and trade policy: Why turning inward won't work. URL: https://voxeu.
org/content/covid-19-and-trade-policywhy-turning-inward-won-t-work.

Fadinger, H., Schymik, J., et al. (2020). The effects of working from home on covid-19 infections and
production a macroeconomic analysis for germany. Covid Economics, 9(24), 107-139.

Financial Times. (2018). Us tariffs on steel and aluminium spark global trade tensions. (https://
www.ft.com/content/c41c54d0-f2b1-4450-9b94-b6a3db8ebcc9 [Accessed 13 Aug 2025])

Foster, L., Haltiwanger, J., & Syverson, C. (2008, March). Reallocation, firm turnover, and efficiency:
Selection on productivity or profitability? American Economic Review, 98(1), 394-425. Retrieved
from https://www.aeaweb.org/articles?id=10.1257/aer.98.1.394 doi: 10.1257/aer
.98.1.394

Foster, L., Haltiwanger, J. C., & Krizan, C. J. (2001). Aggregate productivity growth: Lessons from mi-
croeconomic evidence. In New developments in productivity analysis (pp. 303-372). University
of Chicago Press.

Garnadt, N., von Rueden, C., & Thiel, E. (2021). Labour reallocation dynamics in germany during the
covid-19 pandemic and past recessions (Arbeitspapier No. 08/2021). Wiesbaden. Retrieved from
https://hdl.handle.net/10419/250880

Giupponi, G., & Landais, C. (2022a, 12). Subsidizing labour hoarding in recessions: The employment and
welfare effects of short-time work. The Review of Economic Studies, 90(4), 1963-2005. Retrieved
fromhttps://doi.org/10.1093/restud/rdac069 doi: 10.1093/restud/rdacoé69

Giupponi, G., & Landais, C. (2022b, 12). Subsidizing labour hoarding in recessions: The employment and
welfare effects of short-time work. The Review of Economic Studies, 90(4), 1963-2005. Retrieved
from https://doi.org/10.1093/restud/rdac069 doi: 10.1093/restud/rdacoé9

Giupponi, G., & Landais, C. (2022c, 12). Subsidizing labour hoarding in recessions: The employment and
welfare effects of short-time work. The Review of Economic Studies, 90(4), 1963-2005. Retrieved
fromhttps://doi.org/10.1093/restud/rdac069 doi: 10.1093/restud/rdacoé9

Gollin, D. (2002). Getting income shares right. Journal of Political Economy, 110(2), 458-474. Retrieved
fromhttps://doi.org/10.1086/338747 doi: 10.1086/338747

Gonzalez, B., Nuiio, G., Thaler, D., & Albrizio, S. (n.d.). Monetary policy and capital misallocation.

Gopinath, G., Kalemli-Ozcan, , Karabarbounis, L., & Villegas-Sanchez, C. (2017, 06). Capital allocation and
productivity in south europe®. The Quarterly Journal of Economics, 132(4), 1915-1967. Retrieved
fromhttps://doi.org/10.1093/qje/qjx024 doi: 10.1093/qje/qjx024

Gopinath, G., & Neiman, B. (2014, March). Trade adjustment and productivity in large crises. American
Economic Review, 104(3), 793-831. Retrieved from https://www.aeaweb.org/articles?id=
10.1257/aer.104.3.793 doi: 10.1257/aer.104.3.793

Guerini, M., Nesta, L., Ragot, X., & Schiavo, S. (2020). Firm liquidity and solvency under the covid-19
lockdown in france. OFCE policy brief.

Guerrieri, V., Lorenzoni, G., Straub, L., & Werning, . (2022, May). Macroeconomic implications of covid-

79


https://onlinelibrary.wiley.com/doi/abs/10.1002/jae.1256
https://www.aeaweb.org/articles?id=10.1257/jep.28.1.167
https://www.aeaweb.org/articles?id=10.1257/jep.28.1.167
https://doi.org/10.1007/s12651-015-0176-7
https://doi.org/10.1007/s12651-015-0176-7
https://ec.europa.eu/eurostat/
https://www.ft.com/content/c41c54d0-f2b1-4450-9b94-b6a3db8e6cc9
https://www.ft.com/content/c41c54d0-f2b1-4450-9b94-b6a3db8e6cc9
https://www.aeaweb.org/articles?id=10.1257/aer.98.1.394
https://hdl.handle.net/10419/250880
https://doi.org/10.1093/restud/rdac069
https://doi.org/10.1093/restud/rdac069
https://doi.org/10.1093/restud/rdac069
https://doi.org/10.1086/338747
https://doi.org/10.1093/qje/qjx024
https://www.aeaweb.org/articles?id=10.1257/aer.104.3.793
https://www.aeaweb.org/articles?id=10.1257/aer.104.3.793

References References

19: Can negative supply shocks cause demand shortages? American Economic Review, 112(5),
1437-74. Retrieved from https://www.aeaweb.org/articles?id=10.1257/aer.20201063
doi: 10.1257/aer.20201063

Hall, R. E. (1988). The relation between price and marginal cost in u.s. industry. Journal of Political
Economy, 96(5), 921-947. Retrieved from https://doi.org/10.1086/261570 doi: 10.1086/
261570

Hall, R. E., & Jones, C. I. (1999, 02). Why do some countries produce so much more output per worker
than others?*. The Quarterly Journal of Economics, 114(1), 83-116. Retrieved from https://
doi.org/10.1162/003355399555954 doi: 10.1162/003355399555954

Hall, R. E., & Jorgenson, D. W. (1967). Tax policy and investment behavior. The American Economic Re-
view, 57(3), 391-414. Retrieved 2025-08-11, from http://www. jstor.org/stable/1812110

Heise, S., & Porzio, T. (2022, July). Labor misallocation across firms and regions (Working Paper
No. 30298). National Bureau of Economic Research. Retrieved from http://www.nber.org/
papers/w30298 doi: 10.3386/w30298

Hopenhayn, H., & Rogerson, R. (2013). Job turnover and policy evaluation: A general equilibrium
analysis. In P. Aghion & S. N. Durlauf (Eds.), Handbook of economic growth (Vol. 2B, pp. 2009~
2064). Elsevier. doi: 10.1016/B978-0-444-53540-5.00007-9

Hsieh, C.-T., & Klenow, P. J. (2009, 11). Misallocation and manufacturing tfp in china and india*.
The Quarterly Journal of Economics, 124(4), 1403-1448. Retrieved from https://doi.org/
10.1162/qjec.2009.124.4.1403 doi: 10.1162/gjec.2009.124.4.1403

Hsieh, C.-T., & Klenow, P. J. (2014, 05). The life cycle of plants in india and mexico *. The Quarterly Jour-
nal of Economics, 129(3), 1035-1084. Retrieved from https://doi.org/10.1093/qje/qju014
doi: 10.1093/qje/qjuo14

Inklaar, R., & Timmer, M. P. (2013). Capital, labor and tfp in pwt8. 0. University of Groningen (unpub-
lished), 23-24.

International Energy Agency. (2024). Oil market report: February 2024. Paris. Retrieved fromhttps://
www.liea.org/reports/oil-market-report-february-2024

International Monetary Fund. (2012). Germany: Selected issues. In Imf country report no. 12/161(pp. 3-
23). Washington, D.C.: International Monetary Fund. Retrieved from https://www.elibrary
.imf.org/downloadpdf/display/book/9781616354244/ch003.pdf

Jager, S., Naidu, S., & Schoefer, B. (2024). Collective bargaining, unions, and the wage structure: An
international perspective.

Javorcik, B. (2020). Global supply chains will not be the same in the post-covid-19 world. COVID-19 and
trade policy: Why turning inward won’t work, 111, 111-116.

Jimenez, G., Laeven, L. A., Martinez Miera, D., & Peydro, J-L. (2022, March). Public guarantees,
relationship lending and bank credit: Evidence from the covid-19 crisis (CEPR Discussion Pa-
per No. DP17110). Centre for Economic Policy Research. Retrieved from https://ssrn.com/
abstract=4069918

Kalemli-Ozcan, , Laeven, L., & Moreno, D. (2022, 04). Debt overhang, rollover risk, and corporate
investment: Evidence from the european crisis. Journal of the European Economic Association,
20(6), 2353-2395. Retrieved from https://doi.org/10.1093/jeea/jvac018 doi: 10.1093/
jeea/jvaco18

Klette, T. J., & Griliches, Z. (1996). The inconsistency of common scale estimators when out-
put prices are unobserved and endogenous. Journal of Applied Econometrics, 11(4), 343-361.
Retrieved from https://onlinelibrary.wiley.com/doi/abs/10.1002/%28SICI%291099
-1255%28199607%2911%3A4%3C343%3A%3AAID-JAE404%3E3.0.C0%3B2-4 doi: https://doi
.0rg/10.1002/(SIC1)1099-1255(199607)11:4(343::AID-JAE404) 3.0.CO; 2-4

Laeven, L. A., & Valencia, F. V. (2020, April). Systemic banking crises database: A timely update in covid-
19 times (CEPR Discussion Paper No. DP14569). Centre for Economic Policy Research. Retrieved
from https://ssrn.com/abstract=3594190

Linarello, A., Petrella, A., & Sette, E. (2019). Allocative efficiency and finance. Bank of Italy Occasional

80


https://www.aeaweb.org/articles?id=10.1257/aer.20201063
https://doi.org/10.1086/261570
https://doi.org/10.1162/003355399555954
https://doi.org/10.1162/003355399555954
http://www.jstor.org/stable/1812110
http://www.nber.org/papers/w30298
http://www.nber.org/papers/w30298
https://doi.org/10.1162/qjec.2009.124.4.1403
https://doi.org/10.1162/qjec.2009.124.4.1403
https://doi.org/10.1093/qje/qju014
https://www.iea.org/reports/oil-market-report-february-2024
https://www.iea.org/reports/oil-market-report-february-2024
https://www.elibrary.imf.org/downloadpdf/display/book/9781616354244/ch003.pdf
https://www.elibrary.imf.org/downloadpdf/display/book/9781616354244/ch003.pdf
https://ssrn.com/abstract=4069918
https://ssrn.com/abstract=4069918
https://doi.org/10.1093/jeea/jvac018
https://onlinelibrary.wiley.com/doi/abs/10.1002/%28SICI%291099-1255%28199607%2911%3A4%3C343%3A%3AAID-JAE404%3E3.0.CO%3B2-4
https://onlinelibrary.wiley.com/doi/abs/10.1002/%28SICI%291099-1255%28199607%2911%3A4%3C343%3A%3AAID-JAE404%3E3.0.CO%3B2-4
https://ssrn.com/abstract=3594190

References References

Paper(487).

Meinen, P., Parrotta, P., Sala, D., & Yalcin, E. (2022). Managers as knowledge carriers - explaining
firms’ internationaliza-tion success with manager mobility. Journal of International Economics,
138, 103633. Retrieved from https://www.sciencedirect.com/science/article/pii/
50022199622000654 doi: https://doi.org/10.1016/j.jinteco.2022.103633

Melitz, M. J. (2003). The impact of trade on intra-industry reallocations and aggregate industry produc-
tivity. Econometrica, 71(6), 1695-1725. Retrieved from https://onlinelibrary.wiley.com/
doi/abs/10.1111/1468-0262.00467 doi: https://doi.org/10.1111/1468-0262.00467

Melitz, M. J., & Polanec, S. (2015). Dynamic olley-pakes productivity decomposition with entry and
exit. The RAND Journal of Economics, 46(2), 362-375. Retrieved from https://onlinelibrary
.wiley.com/doi/abs/10.1111/1756-2171.12088  doi: https://doi.org/10.1111/1756-2171
12088

Midrigan, V., & Xu, D. Y. (2014, February). Finance and misallocation: Evidence from plant-level
data. American Economic Review, 104(2), 422-58. Retrieved from https://www.aeaweb.org/
articles?id=10.1257/aer.104.2.422 doi: 10.1257/aer.104.2.422

Niehoff, S., Matthess, M., Zwar, C., Kunkel, S., Guan, T, Chen, L., ... Beier, G. (2022). Sustain-
ability related impacts of digitalisation on cooperation in global value chains: An exploratory
study comparing companies in china, bra-zil and germany. Journal of Cleaner Production,
379, 134606. Retrieved from https://www.sciencedirect.com/science/article/pii/
S50959652622041786 doi: https://doi.org/10.1016/j.jclepro.2022.134606

OECD. (2021). Oecd employment outlook 2021: Navigating the covid-19 crisis and recovery. Paris:
OECD Publishing. Retrieved from https://doi.org/10.1787/5a700c4b-en doi: 10.1787/
5a700c4b-en

Olley, G. S., & Pakes, A. (1996). The dynamics of productivity in the telecommunications equipment in-
dustry. Econometrica, 64(6), 1263-1297. Retrieved 2025-08-13, from http://www. jstor.org/
stable/2171831

Raval, D. (2023). A flexible cost share approach to markup estimation. Economics Letters,
230, 111262. Retrieved from https://www.sciencedirect.com/science/article/pii/
S0165176523002872 doi: https://doi.org/10.1016/j.econlet.2023.111262

Research Data and Service Centre of the Deutsche Bundesbank. (2023). Microdatabase janis 1997-
2023-2 [Dataset]. (Confidential micro data, accessible via Bundesbank research environment)

Restuccia, D., & Rogerson, R. (2013). Misallocation and productivity. Review of Economic Dynam-
ics, 16(1), 1-10. Retrieved from https://www.sciencedirect.com/science/article/pii/
S$1094202512000725  (Special issue: Misallocation and Productivity) doi: https://doi.org/
10.1016/j.red.2012.11.003

Rogerson, R., & Restuccia, D. (2004). Policy distortions and aggregate productivity with heterogeneous
plants (2004 Meeting Papers No. 69). Society for Economic Dynamics. Retrieved from https://
ideas.repec.org/p/red/sed004/69.html doi: None

Sachverstandigenrat zur Begutachtung der gesamtwirtschaftlichen Entwicklung, Nationale
Akademie der Wissenschaften Leopoldina, & acatech - Deutsche Akademie der Technikwis-
senschaften.  (2025).  Nationaler produktivitétsbericht 2025 (Tech. Rep.). Wiesbaden:
Sachverstandigenrat zur Begutachtung der gesamtwirtschaftlichen Entwicklung.  Retrieved
from https://www.sachverstaendigenrat-wirtschaft.de/fileadmin/dateiablage/
gutachten/fg2025/2025 _Nationaler Produktivitaetsbericht.pdf

Schmieder, J. F., von Wachter, T., & Heining, J. (2023, May). The costs of job displacement over the busi-
ness cycle and its sources: Evidence from germany. American Economic Review, 113(5), 1208-54.
Retrieved from https://www.aeaweb.org/articles?id=10.1257/aer.20200252 doi: 10
.1257/aer.20200252

Solow, R. M. (1957). Technical change and the aggregate production function. The Review of Economics
and Statistics, 39(3), 312-320. Retrieved 2025-08-11, from http://www. jstor.org/stable/
1926047

81


https://www.sciencedirect.com/science/article/pii/S0022199622000654
https://www.sciencedirect.com/science/article/pii/S0022199622000654
https://onlinelibrary.wiley.com/doi/abs/10.1111/1468-0262.00467
https://onlinelibrary.wiley.com/doi/abs/10.1111/1468-0262.00467
https://onlinelibrary.wiley.com/doi/abs/10.1111/1756-2171.12088
https://onlinelibrary.wiley.com/doi/abs/10.1111/1756-2171.12088
https://www.aeaweb.org/articles?id=10.1257/aer.104.2.422
https://www.aeaweb.org/articles?id=10.1257/aer.104.2.422
https://www.sciencedirect.com/science/article/pii/S0959652622041786
https://www.sciencedirect.com/science/article/pii/S0959652622041786
https://doi.org/10.1787/5a700c4b-en
http://www.jstor.org/stable/2171831
http://www.jstor.org/stable/2171831
https://www.sciencedirect.com/science/article/pii/S0165176523002872
https://www.sciencedirect.com/science/article/pii/S0165176523002872
https://www.sciencedirect.com/science/article/pii/S1094202512000725
https://www.sciencedirect.com/science/article/pii/S1094202512000725
https://ideas.repec.org/p/red/sed004/69.html
https://ideas.repec.org/p/red/sed004/69.html
https://www.sachverstaendigenrat-wirtschaft.de/fileadmin/dateiablage/gutachten/fg2025/2025_Nationaler_Produktivitaetsbericht.pdf
https://www.sachverstaendigenrat-wirtschaft.de/fileadmin/dateiablage/gutachten/fg2025/2025_Nationaler_Produktivitaetsbericht.pdf
https://www.aeaweb.org/articles?id=10.1257/aer.20200252
http://www.jstor.org/stable/1926047
http://www.jstor.org/stable/1926047

References References

Statistisches Bundesamt (Destatis). (2008). Klassifikation der wirtschaftszweige, ausgabe 2008 (wz
2008). Statistisches Bundesamt. Wiesbaden. Retrieved from https://www.destatis
.de/DE/Methoden/Klassifikationen/Gueter-Wirtschaftsklassifikationen/
klassifikation-wz-2008.html

Statistisches Bundesamt (Destatis). (2025). Inlandsproduktberechnung - detaillierte jahresergebnisse
(vorldufige ergebnisse), fachserie 18 reihe 1.4 - 2024 (rechenstand: Mai 2025). Wiesbaden. Re-
trieved from https://www.destatis.de/fachserien (Tiefgegliederte jahrliche Ergebnisse
der Volkswirtschaftlichen Gesamtrechnungen (Entstehung, Verwendung, Verteilung, Anlagev-
ermogen, Erwerbstatigkeit, gesamtwirtschaftliche Kennzahlen) - Rechenstand: Februar 2025)

Syverson, C. (2011). What determines productivity? Journal of Economic literature, 49(2), 326-365.

Traina, J. (2018). Is aggregate market power increasing? production trends using financial statements.
Production Trends Using Financial Statements (February 8, 2018).

Yang, M.-J. (2021). Micro-level misallocation and selection. American Economic Journal: Macroeco-
nomics, 13(4), 341-368.

Young, A. (2003). Gold into base metals: Productivity growth in the people’s republic of china during
the reform period. Journal of Political Economy, 111(6), 1220-1261. Retrieved from https://
doi.org/10.1086/378532 doi: 10.1086/378532

82


https://www.destatis.de/DE/Methoden/Klassifikationen/Gueter-Wirtschaftsklassifikationen/klassifikation-wz-2008.html
https://www.destatis.de/DE/Methoden/Klassifikationen/Gueter-Wirtschaftsklassifikationen/klassifikation-wz-2008.html
https://www.destatis.de/DE/Methoden/Klassifikationen/Gueter-Wirtschaftsklassifikationen/klassifikation-wz-2008.html
https://www.destatis.de/fachserien
https://doi.org/10.1086/378532
https://doi.org/10.1086/378532

EXECUTIVE SUMMARY

This thesis investigates the development and determinants of allocative efficiency in the German
manufacturing sector from 2014 to 2022. The primary objective is to quantify the extent and
dynamics of factor misallocation and assess its consequences for productivity. To achieve this,
harmonized firm-level data from the JANIS microdata panel of the Deutsche Bundesbank are
combined with national accounts from the German Federal Office of Statistics.

The analysis employs three complementary approaches: the misallocation framework of Hsieh &
Klenow (2009), the Olley—Pakes (1996) decomposition, and input-specific markup estimation
following Raval (2023). The results demonstrate a marked increase in revenue-based total factor
productivity (TFP) dispersion—particularly for the marginal revenue product of capital and
labour—since 2017, with a sharp spike during the COVID-19 pandemic.

Concurrently, the correlation between firm productivity and market share has weakened,
signaling a decline in the effectiveness of reallocative productivity gains. Input-specific markup
estimates further indicate that the pandemic has distorted not only capital markets but also
labour and material markets.

These findings underscore the need for targeted economic policy measures to reduce input-
specific misallocation and to strengthen the reallocation of productive resources. Overall, the
thesis contributes empirical evidence to the literature on misallocation and informs the ongoing
debate on evidence-based industrial policy in Germany, that there is indeed a lost productivity
potential.

MOTS-CLES/KEYWORDS: Productivity, Misallocation, Firm-Level Data, Germany, Capital
Distortions, Labor Market Rigidities, TFPR, Sectoral Analysis (D24, E23, L11, 047)
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