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Comparing methods for markup estimation with an application to EU food retailing 

Koppenberg, Maximilian Hirsch, Stefan

Abstract We compare two contemporary procedures for the estimation of markups: the 

stochastic frontier approach (SFA) and the production function approach (PFA) regarding 

their economic and econometric assumptions and apply them to EU food retailing. Our results 

suggest that the PFA leads to significantly larger markups, yielding an approximated 

welfare loss more than three times larger than predicted by the SFA. In addition, the 

correlation of markups between the two methods is low. We find that altering some of 

the model assumptions leads to convergence of average markups, estimated welfare effects 

and increased correlation between the estimates of the two methods.  

1 Introduction 

Firms’ market power is commonly defined as price markups which are deviations of output 

prices from marginal cost (Bonanno, Russo, and Menapace 2017). Researchers use price 

markups to estimate welfare implications stemming from market power, and finally, to derive 

policy recommendations for competition authorities (e.g. Bhuyan and Lopez 1995; Lavergne, 

Réquillart, and Simoni 2001; Maudos and Fernández de Guevara 2007). However, the various 

methods to estimate price markups are based on different assumptions, and can thereby lead to 

significantly different estimates as recent reviews show (e.g. Perekhozhuk et al. 2017; Sexton 

and Xia 2018). Given that these assumptions are potentially inaccurate, estimates for market 

power and the resulting predicted welfare effects can be biased and recommendations for policy 

makers may be ill advised. According to Sexton and Xia (2018), in contrast to commonly used 

NEIO approaches the most promising methods that yield reliable estimates avoid estimation of 

conjectural elasticities and market conduct, thereby not imposing assumptions on the game that 

is played between the market actors or demand side conditions.  
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We contribute to the market power literature by reviewing two methods that fulfil the 

aforementioned criteria, and apply them to EU food retailing as a case study. The first is the 

comparatively new stochastic frontier approach (SFA) established by Kumbhakar, Baardsen, 

and Lien (2012) using techniques from efficiency analysis to recover price markups. The second 

is the production function approach (PFA) which has been introduced by Hall (1988) and 

further developed by De Loecker and Warzynski (2012). In recent market power studies, both 

methods are frequently used to estimate price markups and welfare effects of market power, to 

derive policy recommendations and/or to analyze the effect of implemented competition policy 

measures (e.g. Asker, Collard-Wexler, and De Loecker 2019; Edmond, Midrigan, and Xu 2018; 

Vancauteren 2013 for the PFA and Lopez, He, and Azzam 2018; Rudinskaya 2019; Silva et al. 

2019 for the SFA). We choose the EU food retailing sector for our analysis since antitrust 

authorities recurrently initiate investigations against food retailing companies in several 

member states, e.g. the Czech Republic, Finland (OECD 2014) or France (European 

Commission 2019) among others due to unfair trading practices towards suppliers or excess 

food prices compared to neighboring countries (European Competition Network 2012). 

Therefore, we expect considerable degrees of market power in the food retail sector. 

The widely applied New Empirical Industrial Organization (NEIO) framework to analyze 

market power relies on the estimation of cost and conduct parameters and conjectural 

elasticities1 (Appelbaum 1982; Bresnahan 1982). The conjectural elasticity approximates how 

close a firm’s or industry’s pricing behavior is to a monopoly. Empirically, the NEIO 

methodology has been applied to a wide set of European and U.S. food processing industries 

and retail sectors (e.g. Mérel 2009; Morrison Paul 2001; Perekhozhuk et al. 2013). However, 

the NEIO approach has been criticized frequently due to its set of underlying assumptions 

regarding 1) ex-ante choice of functional forms (Mei and Sun 2008; Perekhozhuk et al. 2017; 

                                                 
1 The conjectural elasticity measures the expected change of the overall industry’s output due to a change in the 

firm’s output.  
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Sexton 2000), 2) the unrealistic assumption of perfect competition in up- and downstream 

markets (Sexton 2000), and 3) the game theoretical assumptions defining the interactions of 

firms in the market under investigation (Corts 1999; Sheldon 2017). 

Therefore, market power estimated with methods circumventing such assumptions are needed 

to make reliable statements concerning the state of competition of the examined sector. The 

SFA and the PFA belong to this category since they avoid estimation of the conduct parameter 

and demand functions (De Loecker and Warzynski 2012; Kumbhakar, Baardsen, and Lien 

2012; Sexton and Xia 2018). Still, the SFA and the PFA have different underlying assumptions, 

which also translate into different identification techniques of the market power parameter. As 

pointed out by Perekhozhuk et al. (2017), different estimation methods can have severe 

consequences for the results of the analysis of market power. However, there is as yet no study 

that compares the two methods with respect to their economic and econometric assumptions 

and the effect on the resulting markup estimates. We aim to fill this gap by reviewing the two 

procedures and applying them to EU food retailing. 

Our objective is twofold: First, we compare the SFA and the PFA to illustrate their similarities 

and differences and apply both to EU food retailing on the firm-level making use of a rich panel 

data set. Second, we demonstrate how variations of the models’ assumptions influence the 

market power estimates.  

The rest of the paper is structured as follows: We first describe the theoretical economic 

considerations underlying the two approaches to compute markups. This is followed by an 

explanation of the econometric strategies for parameter identification on which both methods 

are based. Thereafter, we apply the SFA and the PFA to EU food retailing as a case study and 

discuss the results. We thereby show how a variation of some assumptions affects markup 

estimates. Finally, we conclude our research.   
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2 Methodology 

The intuition of the SFA is that firms’ output price (P) exceeds marginal costs in the presence 

of market power resulting in the inequality P>MC. Multiplying both sides of the inequality with 

the quotient of output (Y) and total cost (C) yields (Kumbhakar, Baardsen, and Lien 2012):  

P
Y

C
 > MC

Y

C
=

∂C

∂Y

Y

C
=

∂lnC

∂lnY
                                  (1) 

We add a term (u) to the right-hand side of (1) that captures the difference between the ratio of 

revenue over total cost (PY/C) and the cost elasticity (∂lnC/∂lnY) to turn the inequality into an 

equality:  

PY

C
 = 

∂lnC

∂lnY
 + u,   u ≥ 0                     (2) 

The markup (θ) by which price exceeds marginal cost ((P-MC)/MC) is then calculated as the 

markup component u over the estimated cost elasticity (Kumbhakar, Baardsen, and Lien 2012). 

Alternatively, we can make use of the duality between the cost and the transformation function 

to derive an input distance function (IDF) expression of the cost elasticity (Diewert 1971; Färe 

and Primont 1995; Kumbhakar, Baardsen, and Lien 2012) which is frequently used in the 

absence of input price data. From the Envelope theorem follows that the first order condition 

of the Lagrangian for cost minimization is given by:  

 
∂lnC

∂lnY
  = −

∂ ln h(⋅)

∂ ln Y
÷ ∑

∂ ln h(⋅)

∂ ln Xj
j                       (3) 

where h is the transformation function. Imposing homogeneity of degree one in inputs on the 

transformation function (Kumbhakar 2011) and expressing h as an IDF turns (3) into:2 

∂lnC

∂lnY
  = 

∂ ln h(⋅)

∂ ln Y
 = 

∂ ln Xj

∂ ln Y
                         (4) 

                                                 

2 Homogeneity of degree one in inputs is equivalent to ∑
∂ ln h(⋅)

∂ ln Xj
j =  −1 
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where X is the quantity of input j. Hence, the IDF formulation yields the same value for the cost 

elasticity as the cost function approach, although we replace input prices by input quantities 

and therefore, leads to identical markup estimates. The SFA markups (θSFA) are then given by:  

θSFA = 
u

∂ ln Xj

∂ ln Y

               (5) 

The PFA starts from the first order condition of the Lagrangian for cost minimization with 

respect to input j (De Loecker and Warzynski 2012): 

∂L

∂Xj
=Wj-λ

∂Y

∂Xj
=0               (6) 

where W is the price of input j and λ is marginal cost for a given output level since the first 

derivative of the Lagrangian with respect to output equals λ (De Loecker and Warzynski 2012). 

After rearrangement and multiplying both sides by the quantity of input j over output Y, we 

arrive at the output elasticity with respect to input j: 

∂Y

∂Xj
⋅

Xj

Y
=

∂ ln Y

∂ ln Xj
= λ-1⋅

WjXj

Y
              (7) 

We multiply both sides of (7) with P/P and solve for (P-λ)/λ which is equal to (P-MC)/MC since 

λ=MC: 

θPFA  =  
∂ ln Y

∂ ln Xj

PY

WjXj̇
 -1                         (8) 

Note that, from a theoretical point of view, the SFA and PFA should yield the same values for 

markup, i.e. θSFA=θPFA=θ. Equating the markup formulation from the IDF of the SFA 

(u/(∂Xj/∂lnY)) derived above and the one of the PFA (8) yields: 

θSFA =  
u

∂ ln Xj

∂ ln Y

 = u
∂ ln Y

∂ ln Xj
 = θPFA = 

∂ ln Y

∂ ln Xj

PY

WjXj
-1           (9) 

Note that, theoretically, the inverse of the cost elasticity based on the SFA’s IDF is equal to the 

output elasticity of the PFA.  
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3 Identification strategy 

After the theoretical considerations, we turn to the econometric strategy to estimate markups 

with the IDF (SFA) and the production function (PFA). We choose a translog form for both 

since it is the most flexible functional form (Christensen, Jorgensen, and Lau 1973; 

Perekhozhuk et al. 2017). The SFA’s IDF is hence defined as:  

ln(D/X1) = α0 + ∑ α
J
j=2 jln(Xj/X1) + 0.5 ∑ ∑ αK

k=2
J
j=2 jkln(Xj/X1)ln(Xk/X1) + αylnY + 0.5αYY(lnY)2  

 + ∑ α
J
j=2 jYln(Xj/X1)lnY + αTT + 0.5αTTT2 + ∑ α

J
j=2 jTln(Xj/X1)T + αYTTlnY    (10) 

where D is the input distance, T represents a technology term and α are the parameters to 

estimate. By normalizing the IDF by X1, we impose homogeneity of degree one in inputs 

(Kumbhakar 2011). Linear homogeneity stems from the definition of the distance as a vector 

of the input set and is not a result of the technology (Coelli et al. 2005). Besides, the IDF is 

non-decreasing and concave in inputs and non-increasing in output. After taking the first 

derivative with respect to log output, we add two error terms to (10) to make the model 

operational (Kumbhakar, Baardsen, and Lien 2012). The first is u, which captures the markup 

component (distance) and is assumed to follow a half-normal distribution truncated at zero from 

below (u~N+(0, σ2
u)). The second is v and contains all stochastic noise due to, e.g. unobserved 

variables affecting the revenue-cost ratio (Kumbhakar, Baardsen, and Lien 2012). We assume 

v to follow a normal distribution (v~N(0, σ2
v)). Hence, our specification is equal to a stochastic 

frontier where u does not measure cost inefficiency but markup. After taking the first derivative 

with respect to log output, we add subscripts for firm (i) and year (t), and arrive at the estimable 

equation: 

PitYit

Cit
 = (

∂ ln X1

∂ ln Y
)it + uit + vit = αY + αYYlnYit + ∑ α

J
j=2 jYln(Xjit/X1it) + αYTT + uit + vit     (11) 
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The coefficients are identified using simulated maximum likelihood (ML) estimation. Since we 

do not estimate the IDF itself but directly the marginal impact of Y on the IDF, the only property 

we can test is whether the IDF is non-increasing in output. This is the case, if the predicted 

values in (11) are larger than or equal to zero because we specify u as positive deviations from 

the frontier. The one-sided error term u is estimated according to the procedure proposed by 

Jondrow et al. (1982):  

E[uit|εit] = 
σδ

1+𝛿2
(

ϕ(ait)

1-Φ(ait)
-ait)           (12)       

where εit = uit + vit, σ = (σ2
u + σ2

v)
0.5, 𝛿 = σu/σv, ait = εit ∙ 𝛿/σ and ϕ(ait) and Φ(ait) denote the 

standard normal density and cumulative distribution function evaluated at ait, respectively 

(Greene 2005). Since we conduct our analysis with panel data, we test the true random effects 

stochastic frontier model (Greene 2005) against the consistent fixed effects stochastic frontier 

model proposed by Chen, Schmidt, and Wang (2014). We do this by estimating (11) using 

random effects, and include the firm specific means of the independent variables over the time 

period as additional explanatory variables (Joshi and Wooldridge 2019). If the Wald-test rejects 

the Nullhypothesis that all parameter estimates of the individual means are jointly equal to zero, 

we will reject the random effects in favor of the fixed effects model. Note that this is similar to 

the correlated random effects model proposed by Wooldridge (2010). However, Joshi and 

Wooldridge (2019) extend this to the case for unbalanced panels.    

For the PFAs translog production function, we use a second order polynomial functional form 

(De Loecker and Warzynski 2012), and add a productivity term (ω), which leads to (Ackerberg, 

Caves, and Frazer 2015; Levinsohn and Petrin 2003): 

lnY = ∑ β
J
j=1 jlnXj + ∑ β

J
j=1 jj(lnXj)

2 +  ∑ ∑ βK
k=1

J
j=1 jkln(Xj)ln(Xk) + ω + ε, j≠ k     (13) 

where β are the parameters to estimate and ε are unanticipated shocks to output with an expected 

value of zero and are not observed or expected by the firm when deciding on inputs. The 
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production function is monotically increasing and concave in inputs. We explain the procedures 

for testing these monotonicity and concavity in the appendix. Productivity (ω) is not known to 

the researcher but to the firm and represents expected shocks to output, for instance caused by 

managerial ability or planned maintenance of machinery (Ackerberg, Caves, and Frazer 2015; 

Levinsohn and Petrin 2003). Hence, we must estimate ω along with the β. For the identification 

of the production function parameters, we follow Ackerberg, Caves, and Frazer (2015) and De 

Loecker and Warzynski (2012) and rely on a two-step procedure. That is, we account for 

unobserved shocks in productivity which might be correlated with input choices causing 

simultaneity (De Loecker and Warzynski 2012). Following Ackerberg, Caves, and Frazer 

(2015) and Levinsohn and Petrin (2003), we choose material demand to proxy for productivity. 

The reason to use material demand, and not investment as proposed by Olley and Pakes (1996), 

is the frequent occurrence of zero values for investment in many data sets (see Levinsohn and 

Petrin (2003) for a discussion). We define material demand as (Ackerberg, Caves, and Frazer 

2015; Levinsohn and Petrin 2003): 

Mit = qt(Xit, Zit, ωit)            (14) 

where M is material demand, K is capital, L is labor and Z captures other variables that might 

affect optimal input demand. Inverting productivity out of the material demand equation gives:  

ωit = gt (Mit, Xit, Zit)              (15) 

In contrast to Levinsohn and Petrin (2003), we do not identify any parameter of the production 

function in the first stage but run a non-parametric regression (Ackerberg, Caves, and Frazer 

2015): 

lnYit = ∑ β
J
j=1 jlnXjit + ∑ β

J
j=1 jj(lnXjit)

2 + ∑ ∑ βK
k=1

J
j=1 jkln(Xjit)ln(Xkit) + gt (Mit, Xjit, Zit) + εit  

        = ψt(Xjit, Mit, Zit) + εit                 (16) 



9 

 

We obtain estimates of expected output (ψ̂it) and the first stage residuals (ε̂it). Since we treat gt 

non-parametrically, we do not identify any parameter of the production function in this first 

stage. The corresponding moment condition is: 

E[εit | Iit] = E[lnYit - ψt(Xjit, Mit, Zit) | Iit] = 0         (17) 

where I is the information set of the company. For the identification of the production 

parameters in the second stage, we rely on the law of motion of productivity such that 

(Ackerberg, Caves, and Frazer 2015):  

ωit = ft(ωit-1) + ξit =  𝜌 ωit-1 + ξit           (18) 

where ξ is the innovation to productivity and has an expected value of zero given Iit-1. ρ is a 

parameter to estimate. That is, we assume productivity to follow an autoregressive process of 

order one (Ackerberg, Caves, and Frazer 2015). For the second stage, we form the conditional 

moment:  

E[ξit+εit | Iit-1] = E[lnYit – ∑ β
J
j=1 jlnXjit – ∑ β

J
j=1 jj(lnXjit)

2 – ∑ ∑ βK
k=1

J
j=1 jkln(Xjit)ln(Xkit)  

– f(ψt-1(Xjit-1, Mit-1, Zit-1) – ∑ β
J
j=1 jlnXjit-1 – ∑ β

J
j=1 jj(lnXjit-1)

2  

– ∑ ∑ βK
k=1

J
j=1 jkln(Xjit-1)ln(Xkit-1)) | Iit-1) = 0         (19) 

where we plug in the first stage estimates for ψt-1. The unconditional moments depend on the 

assumptions regarding the timing of decisions on input choices (I) made by a firm. Using a 

generalized method of moments (GMM) procedure, we can identify the production function 

parameters and calculate markups according to (8). However, we do not observe the correct 

input expenditure shares due to the εit but have to correct output for the unanticipated shocks 

(De Loecker and Warzynski 2012): 

θ̂it= (
∂lnY

∂lnXj
)

̂

it

(
Pit(Yit-eεit̂)

Pit
XXjit

)-1           (20) 
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where e is Euler’s number. We exponentiate ε since we estimate a translog production function. 

Hence, firms charge their markup based on expected and not realized output.  

Given the econometric strategies for identification of the functional parameters for PFA and 

SFA, we find several differences between the two methods. The PFA assumes that decisions 

on inputs in previous periods at least partly influence current outcomes while this is not 

considered in the SFA. Moreover, the PFA accounts for information known by the firm but 

unknown to the researcher by including a parameter to proxy for these factors. 

Concerning the markup estimates, the SFA will yield only positive markups as the markup 

component u is truncated at zero from below and the cost elasticity cannot be negative. The 

PFA on the other hand, will yield estimates that are positive (negative), if the expenditure share 

of input j in sales is smaller (larger) than the output elasticity with respect to that input. As 

Caselli, Schiavo, and Nesta (2018) point out in their study on French manufacturing from 1990-

2007, there is a significant amount of firms yielding negative markups, i.e. firms selling at 

prices below marginal cost. This is particularly the case when companies face high sunk costs 

for investments, which are expected to generate profits in the future. Alternatively, it might be 

a beneficial strategic move to incur negative markups to outcompete rivals in the market and 

win market shares for the periods ahead. Consequently, the PFA seems to be more appealing 

since it is unrestrictive with respect to markups’ range. However, if we wish to assume that 

firms behave according to neoclassic theory, e.g. when sunk costs play a minor role in an 

industry or market structures are rigid, they will not undercut their marginal cost in output 

pricing decisions. Moreover, it might be forbidden to set prices below cost such as in France 

(Colla and Lapoule 2008). In this case, the SFA would be the superior approach to proxy the 

underlying competitive conditions of the industry analyzed.    

4 An application to European food retailing 
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Now, we turn to a comparison of the SFA and the PFA when applying the approaches to EU 

food retailing and subsequently show how variation of the assumptions of both methods 

influences the resulting markup estimates. Since food retailers do actually not produce goods 

but services, we rely on a value-added production function such that output (Y) is value added.3 

The inputs to produce value added comprise labor (X1) which is given by the number of 

employees, and capital (X2) which we proxy by the amount of fixed assets. For the SFA, we 

use a set of year dummies for T (Kumbhakar, Baardsen, and Lien 2012). For the PFA, we use 

the costs of materials as a proxy for material demand. Moreover, to make the PFA estimable, 

we have to specify the information set (I) at t-1 resulting in the unconditional moments defined 

in (19). We follow Ackerberg, Caves, and Frazer (2015) such that: 

E[ξit+εit | Iit-1] = E[ξit + εit | X1it-1, X2it, X1it-1
2 , X2it

2 , X1it-1X2it, ψt-1(Xjit-1, Mit-1, Zit-1)] = 0   (21) 

Hence, capital (X2) is assumed to be chosen one period ahead of production so that the firm 

knows its capital deployment for t already in t-1. Labor (X1) is determined in the period of 

production. 

We retrieve our data from AMADEUS, which is a database providing financial information on 

firms in all European countries and economic sectors. Our sample consists of four countries 

differing with respect to e.g. geography, (retail) market structure and sales channels: Bulgaria, 

Finland, Portugal and Sweden (USDA 2017a, 2017b, 2018, 2020). For instance, the Finnish 

and Swedish food retail sectors are highly concentrated with the three largest companies polling 

88.3% and 68.6% of total sales in the market (USDA 2017a; USDA 2017b). Portugal shows a 

slightly lower share of 52.2% followed by Bulgaria (31.0%) where a large number of small 

businesses is present in the market. Moreover, the average share of expenditures on food in 

total household expenditures in Bulgaria (19.1%) is almost twice as high as in Finland (11.6%), 

                                                 
3 We calculate value added for each firm by adding the earnings before interest and taxes and the costs of 

employees.  
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while Portugal (16.4%) and Sweden (12.6%) have expenditure shares within this range which 

is likely to impact demand side conditions faced by retailers (Eurostat 2020b). Therefore, we 

expect the competition, and therefore markups, to differ between the investigated countries. We 

want to stress that the goal of our research is not the provision of a representative picture of the 

EU food retailing sector in terms of markups or anticompetitive behavior of firms but to 

understand the differences between markups obtained by the two estimation methods. By 

including the four heterogeneous sectors, we check for the robustness of our results under 

different market conditions. We also considered to include other countries in the analysis but 

either i) data was insufficient (e.g. for Germany) or ii) model convergence was poorly achieved 

for various model specifications (e.g. France) making a methodological comparison of 

estimation approaches impracticable.  

The accounting data set yields information on EU food retailers from 2010-2018 identified by 

their operation in NACE code 47.11 and 47.2.4 We consider all observations as unreasonable 

for which the wage per worker is below the minimum wage in the respective country, and 

exclude them from our analysis. This applies to Bulgaria and Portugal as Finland and Sweden 

do not have a statutory minimum wage (Eurostat 2020f). We are aware of potential biases in 

accounting data caused by, e.g. profit-smoothing, cross-subsidization or different depreciation 

methods (e.g. Barlev and Levy 1979; Fisher and McGowan 1983; Long and Ravenscraft 1984). 

Therefore, we use the bacon algorithm which is based on Mahalanobis distances, to identify 

multivariate outliers (Billor, Hadi, and Velleman 2000; Weber 2010).  

The original sample comprises 17,761, 2,842, 21,854 and 8,722 firm/year observations for 

Bulgaria, Finland, Portugal and Sweden, respectively. 7,774 Bulgarian and 2,680 Portuguese 

observations are dropped due to the minimum wage criterion. The bacon algorithm leads to the 

                                                 
4 The NACE is the official statistical classification of economic activities in the European Community where 

group 47.11 defines “Retail sale in non-specialised stores with food, beverages or tobacco predominating” and 

47.2  “Retail sale of food, beverages and tobacco in specialised stores” (Eurostat 2008). 
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exclusion of 517 (5.2%), 214 (7.5%), 1,233 (6.4%) and 431 (4.9%) firm/year observations for 

Bulgaria, Finland, Portugal and Sweden, respectively. The final sample comprises 3,157, 925, 

5,353 and 2,236 firms and 9,470, 2,628, 17,941 and 8,291 firm/year observations for Bulgaria, 

Finland, Portugal and Sweden, respectively. Table 1 contains the distribution of firms across 

the four countries as well as the descriptive statistics of the variables used in the SFA and PFA 

estimations. Output and input measures are deflated by their respective price indices with base 

year 2010 and measured in thousand Euros (Eurostat 2020c; Eurostat 2020d; Eurostat 2020g).  
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Table 1.  Descriptive statistics of in/output measures (2010-2018) 

 Mean (Standard deviation) 

Country Bulgaria Finland Portugal Sweden 

Number of firms 3,157 925 5,353 2,236 

Number of observations 9,470 2,628 17,941 8,291 

Value added (€1,000) 74.96 (93.13) 643.01 (687.76) 111.57 (157.37) 379.17 (449.13) 

Number of employees 17.38 (19.26) 13.43 (13.14) 7.54 (9.96) 7.22 (7.52) 

Fixed assets (€1,000) 85.82 (167.22) 513.36 (901.00) 132.53 (251.07) 150.84 (245.50) 

Material costs (€1,000) 26.31 (46.20) 4,225.95 (5,633.06) 786.48 (1,306.59) 1,505.61 (2,209.82) 

Revenue-cost ratio 1.01 (0.10) 1.04 (0.09)  1.02 (0.06) 1.04 (0.09) 
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On average, Finish firms have the highest value added of €643,010 while the average Bulgarian 

firm has the lowest (€74,960) which might be attributed to the fact that the concentration in the 

Finish retail sector is the highest among the four countries and the Bulgarian sector is the least 

concentrated (Eurostat 2020a). Concerning inputs, Portuguese and Swedish retailers use similar 

amounts of labor and capital such that Swedish firms seem to be on average more productive 

as their mean of value added (€379,170) is more than three times the value added of Portuguese 

firms (€111,570). The average input endowment is much larger for both inputs in Finland, 

which is in line with the aforementioned high concentration in the sector leading to a larger 

scale of operation. Unsurprisingly, labor deployment is largest in Bulgaria which is the country 

with the lowest labor cost in the EU (Eurostat 2020e). On the other hand, the use of fixed assets 

is lowest in Bulgaria. With respect to the ratio of revenue over cost, the Scandinavian countries 

yield values of 1.04 followed by Portugal (1.02) and Bulgaria (1.01).  

5 Results and discussion of the base specifications 

The estimation results for the SFA and PFA are shown in the appendix (tables A1, A3 and A4). 

For the SFA, we reject the random effects model in favor of the fixed effects model for all of 

the four countries since the p-value of the Wald-test for the joint significance of the individual 

means is below 0.01 (cf. table A2). With respect to functional properties, we identify 2,891 

(30.53%), 1,170 (44.52%), 3,926 (21.88%) and 857 (10.34%) observations for Bulgaria, 

Finland, Portugal and Sweden violating concavity and/or monotonicity in inputs for the PFA 

and/or monotonicity in output for the IDF. Production theory assumes positive marginal 

products of all inputs (monotonicity) such that the production function must be monotonically 

increasing in inputs (Coelli et al. 2005). Moreover, the output must be increasing at a 

diminishing rate for each increment in inputs (concavity). If the IDF is not monotonically 

decreasing in output, it will not be a dual representation of the cost function (Färe et al. 1993). 
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Therefore, we exclude the observations not fulfilling the aforementioned properties from the 

markup analysis since they are inconsistent with economic theory.    

Table 2 shows the descriptive statistics of markups per country for the SFA and the PFA. We 

find that mean markups for the SFA models do not exceed 0.1 in any of the investigated 

countries while values are between 0.30 (Finland) and 0.86 (Sweden) for the PFA. That is, in 

the PFA specification Swedish firms on average charge an output price almost twice the one 

prevailing under perfect competition. A t-test confirms that markups from the PFA significantly 

exceed those from the SFA in all countries (p<0.01). This result might be surprising, as we 

observe a considerable number of negative markups for the PFA. However, the upper 

percentiles of the markups generated with the PFA are also located above the ones from the 

SFA outweighing the negative values. Moreover, mean markups for the PFA are far above the 

median markups in Finland and Sweden. This is driven by few values at the top end of the 

distribution with 66 observations larger than 10. Therefore, we would argue that the median 

provides us with a more suitable impression of the average firm in the samples.   

Table 2.  Descriptive statistics of SFA and PFA markups (base specifications) 

 Bulgaria Finland Portugal Sweden 

 SFA PFA SFA PFA SFA PFA SFA PFA 

Mean 0.08 0.30 0.05 0.66 0.06 0.29 0.10 0.86 

Median 0.07 0.27 0.04 0.29 0.05 0.26 0.09 0.39 

1st percentile 0.01 -0.47 0.01 -0.53 1.7e-3 -0.41 3.3e-3 -0.37 

99th percentile 0.32 1.36 0.20 12.39 0.22 1.38 0.27 7.29 

Correlation coefficients         

Bravais-Pearson  0.06*** 0.05* -3.3e-3 0.08*** 

Spearman rank  0.06*** 0.17*** 0.07*** 0.20*** 

*** p<0.01, ** p<0.05, * p<0.1 

Another interesting fact is the low correlation between markups obtained by the two different 

methods. Hence, we cannot assume that changing the method simply leads to a shift of markups 
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common to all firms leaving the relative ordering of firms with respect to markups unaffected. 

Instead, it additionally entails a different ascription of a firm’s market power compared to its 

peers since particularly the Spearman rank correlation indicates that the ranking of firms’ 

markups also differs between the two methods. These results are robust when we exclude 

negative observations for the PFA.  

To illustrate the severity of the differences in markups, we proxy excess consumer expenditures 

due to market power for both methods, i.e. compared to the situation where P=MC. For each 

firm and year, we divide the amount of revenue generated by one plus the markup to obtain the 

revenue that each firm would have generated under perfect competition.5 Thereafter, we create 

the differences between the hypothetical revenues under perfect competition and actual 

revenues, and sum them across all firms and years. For the markup estimates from the SFA, we 

obtain 1,952.89 million Euros of excess consumer expenditures cumulated over all four 

countries. Using the PFA markups yields a value of 7,070.18 million Euros which is more than 

three times higher than if we used the SFA estimates. Hence, the two methods differ in the 

estimated overall state of competition within the sector, the ranking of firms in terms of market 

power based on estimated markups as well as implied welfare losses for consumers. 

Consequently, they will most likely lead to different recommendations regarding competition 

policies or the judgement of the state of competition in an industry.  

Looking at the cause of the deviating markups, there are several possibilities due to the 

differences of both approaches. As indicated in (9), the output elasticity from the PFA should 

equal the inverse cost elasticity from the SFA. PFA markups are positively related with the 

predicted values of the output elasticity (see equation (20)). We find the output elasticity (PFA) 

                                                 
5 We are aware that this procedure implicitly assumes completely inelastic demand as different prices usually 

would lead to different demand such that revenue changes cannot be calculated as easily as our calculation 

suggests. For precise welfare loss estimation, we would have to estimate a Hicksian demand curve (Lavergne, 

Réquillart, and Simoni 2001). However, our calculation is only meant to illustrate the discrepancy between 

estimates based on SFA and PFA markups, and not to provide us with exact welfare loss estimates.   
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estimates to be significantly smaller than the inverse cost elasticities (SFA) in Bulgaria, Finland 

and Portugal and significantly larger in Sweden (p<0.01). Therefore, this does not explain why 

PFA markups, on average, are larger than SFA markups. However, the difference in median 

markups between the two methods is largest in Sweden (0.3) which is plausible given the results 

on the differences in elasticities. Besides, the markups from the PFA increase strongly for small 

input shares partly leading to very large markups (>10) causing the large deviations between 

PFA and SFA results. But, markups larger than 10 appear unrealistically high given that food 

retailers’ profit margins are found to be thin (<10%), e.g. in France and the United Kingdom 

(Burt and Sparks 1997) or the United States (Evans and Mathur 2014; Just and Gabrielyan 

2018). Our data confirm this since more than 90 percent of the firms have profit to sales ratios 

of less than 10 percent.  

Contrasting our results with previous NEIO literature, the SFA markup estimates seem to be 

more in line with other studies compared to the PFA estimates. Anders (2008) reports markups 

of 0.10 for beef and less than 0.01 for pork retailing in Germany for the period of 1995-2000. 

Similarly, the U.S. beverage milk retail market (Hovhannisyan and Gould 2012) and the 

Austrian dairy product retail market (Salhofer, Tribl, and Sinabell 2012) are not found to deviate 

significantly from perfect competition. On the other hand, Gohin and Guyomard (2000) detect 

larger values of 0.11 to 0.36 for French food retailing over the period 1978 to 1993. Similarly, 

Sckokai, Soregaroli, and Moro (2013) investigate the degree of market power in the Italian 

PDO cheese retail market (2002-2008) and estimate markups of 0.09 to 0.285. Hence, median 

markup estimates based on the PFA in our study are not far off the latter two studies either. 

6 Alternative specifications and their effect on markups 

While the PFA accounts for anticipated shocks to output by the firm through estimating the 

firm’s productivity, the SFA does not deal with this issue in its base specification. Therefore, 
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we re-estimate the SFA including the productivity values from the PFA as an additional input 

(X3) in (11):  

PitYit

Cit
 = (

∂ ln X1

∂ ln Y
)it + uit + vit = αY + αYYlnYit + α2Yln(X2it/X1it) + α3Yln(X3it/X1it) + αYTT + uit + vit

              (22) 

We refer to this specification as the alternative SFA (aSFA) in the following. We report the 

estimation results in table A5, and find that the explanatory power of the base specification 

(table A1) is significantly lower compared with the aSFA using likelihood ratio tests for 

Bulgaria, Portugal and Sweden (p<0.01; cf. table A6). The difference is not significant for the 

Finish case. Table 3 presents the results of the aSFA. In terms of markup, the aSFA leads to 

significantly lower estimates compared to the standard SFA specification in all countries but 

Finland (p<0.01) (see also figure A1). This is intuitive given the fact that we decrease stochastic 

noise by accounting for productivity in the estimation such that the predicted values of the cost 

elasticity increase leading to smaller markup values. Still, the predicted values of the elasticities 

differ significantly between the inverse cost elasticity of the aSFA and the output elasticity of 

the PFA. This is also due to the fact that in contrast to the GMM approach of the PFA, the 

likelihood function of the SFA depends on the ratio of the error variances of the two errors u 

and v6 (see e.g. Aigner, Lovell, and Schmidt 1977; Chen, Schmidt, and Wang 2014; Greene 

2005 for details).  

Another possibility is a different markup specification for the PFA (aPFA). Since the inverse 

of the output elasticity should equal the cost elasticity, it should also be equal to the revenue-

cost ratio: 

PY

C
 = (

∂lnY

∂lnXj
)-1 + r            (23) 

                                                 
6 The likelihood function does actually not include the ratio of  the variances of u~N+(0, σ2

u) and v~N(0, σ2
v) but 

the variance of the untruncated density function of u over σ2
v (Coelli et al. 2005).  
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where ∂lnY/∂lnXj is the output elasticity based on the production function and r is the markup 

component. The markup of the aPFA (θaPFA) is then calculated by multiplying the markup 

component (r) with the output elasticity (∂lnY/∂lnXj). That is, we do not rely on the expenditure 

of one input (see equation (20)) but on total cost (C) to compute markup. In this case, however, 

we cannot disentangle the markup component (r) from stochastic noise (v) as is done during the 

stochastic frontier estimation but we fully attribute a to markup. This might be a strong 

assumption. But, as we already account for unobservables in the estimation of the production 

function, we expect the remaining error due to noise to be small. The aPFA is particularly 

appealing in case of a lack of data on input prices or input expenditures since it only requires 

data on revenue, total cost, the output quantity and input quantities. We present the results of 

the aPFA specification in table 3. In general, we find mean and median markups to decrease 

compared with the base specification in table 2 (p<0.01). The 1st and 99th percentile are located 

closer to each other implying that the markup distributions are denser now (see also figure A2). 

In addition, we do not observe such high values (>10) as for the base specification due to 

decoupling markups from the input share. 
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Table 3.  Descriptive statistics of SFA and PFA markups (alternative specifications) 

 Bulgaria Finland Portugal Sweden 

 aSFA aPFA aSFA aPFA aSFA aPFA aSFA aPFA 

Mean 0.07 4.7e-3 0.05 0.02 0.05 0.02 0.09 0.21 

Median 0.06 0.01 0.04 0.01 0.04 0.02 0.08 0.19 

1st percentile 0.01 -0.31 0.01 -0.34 2.3e-3 -0.17 3.8e-3 0.06 

99th percentile 0.31 0.28 0.20 0.35 0.20 0.22 0.27 0.52 

Correlation coefficients         

Bravais-Pearson  0.15*** 0.26*** 0.19*** 0.60*** 

Spearman rank  0.12*** 0.20*** 0.12*** 0.24*** 

Mean difference to base specification -0.01*** -0.30*** -5.1e-5 -0.64*** -0.01*** -0.28*** -4.6e-3*** -0.66*** 

*** p<0.01, ** p<0.05, * p<0.1
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Comparing the markups of the alternative specifications, the markups based on the aPFA are 

much closer to the aSFA estimates except for the absence of negative markups in the aSFA, 

which is imposed by construction. Calculating again excess consumer expenditures according 

to the procedure described in the previous section gives an amount of 1,836.73 million Euros 

for the aSFA and 3,250.64 million Euros for the aPFA. Hence, in the alternative specifications 

the aPFA yields a value that is slightly less than twice the value from the aSFA compared to 

more than three times in the base specifications. In addition, we find that all correlation 

coefficients increase for the alternative specifications. Hence, using the alternative 

specifications significantly enhances the congruency of the estimates.  

Further contrasting the alternative specifications with the base specifications, we obtain some 

remarkable results in terms of correlations (cf. table 4). Decoupling PFA markups from the 

expenditure and relating it to total cost results in very low (Bulgaria and Sweden) and even 

negative correlations (Finland and Portugal) between the PFA and the aPFA markups. Instead, 

the relationship between the base SFA specification and the aPFA is stronger in all countries. 

With respect to the aSFA and its base specification, the correlation coefficients are close to one. 

In Finland, they are equal to one, which is not surprising given that the likelihood ratio test has 

not rejected the base model in favor of the alternative specification (cf. table A6). In addition, 

the relationship between the aSFA and the PFA estimates is slightly stronger than between the 

SFA and the PFA estimates in the case of Bulgaria, Portugal and Sweden.  
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Table 4.  Correlation analysis of various markup specifications per country 

Bulgaria     Finland     

Pearson-Bravais        

Markup SFA PFA aSFA aPFA Markup SFA PFA aSFA aPFA 

SFA     SFA     

PFA 0.06***    PFA 0.05*    

aSFA 0.96*** 0.08***   aSFA 1.00*** 0.05*   

aPFA 0.13*** 0.10*** 0.15***  aPFA 0.26*** -0.05* 0.26***  

Spearman rank         

Markup SFA PFA aSFA aPFA Markup SFA PFA aSFA aPFA 

SFA     SFA     

PFA 0.06***    PFA 0.17***    

aSFA 0.74*** 0.18***   aSFA 1.00*** 0.17***   

aPFA 0.01 0.15*** 0.12***  aPFA 0.20*** -0.10*** 0.20***  

Portugal     Sweden     

Pearson-Bravais         

Markup SFA PFA aSFA aPFA Markup SFA PFA aSFA aPFA 

SFA     SFA     

PFA -3.3e-3    PFA 0.08***    

aSFA 0.93*** 0.01   aSFA 0.96*** 0.09***   
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aPFA 0.17*** -0.02** 0.19***  aPFA 0.62*** 0.02** 0.60***  

Spearman rank         

Markup SFA PFA aSFA aPFA Markup SFA PFA aSFA aPFA 

SFA     SFA     

PFA 0.07***    PFA 0.20***    

aSFA 0.81*** 0.14***   aSFA 0.89*** 0.29***   

aPFA 0.06*** -0.01 0.12***  aPFA 0.25*** -0.01 0.24***  

*** p<0.01, ** p<0.05, * p<0.1 
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7 Conclusion 

In this paper, we compare two markup identification methods, which are frequently applied in 

recent market power investigations, concerning their assumptions and estimation techniques, 

and apply them to the food retailing sectors of Bulgaria, Finland, Portugal and Sweden for the 

period of 2010 to 2018. The first approach (SFA) borrows from efficiency analysis using 

stochastic frontier technique and treats markups as systematic positive deviations from marginal 

cost pricing. The second method (PFA) is based on the estimation of a production function but 

does not impose any restrictions on the range of markups. 

Our application to EU food retailing indicates that the two methods lead to significantly 

different average markups. The estimates from the SFA are in line with most of the previous 

studies on EU food retailing and suggest that the departure from perfect competition is small. 

The PFA yields much higher values than the SFA and shows a larger dispersion in the 

distribution of markups. Moreover, we find different rankings of firms in terms of markup for 

the two approaches. Lastly, the PFA results in much higher estimated consumer welfare losses 

due to market power compared to the SFA. This can, ceteris paribus, potentially be reflected in 

different judgements of the state of competition in the analyzed sector. Therefore, researchers 

should be careful when it comes to policy recommendations based on consumer welfare loss 

calculations stemming from markup estimates and should adequately consider/discuss the 

underlying assumption when deriving implications.    

In addition, we alter some of the assumptions of the two approaches with respect to the 

economic and econometric identification of markups. When we introduce productivity as an 

additional input in the SFA, markups further decrease. The same tendency holds for decoupling 

markup computation from the input share in sales and relating predicted output elasticities to 

the revenue cost ratio for the PFA as does the SFA. For the alternative specifications, the 

average markup difference along with the difference in estimated consumer welfare loss 
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decrease compared to the base specifications. Moreover, the correlation of the estimates based 

on the alternative specifications increases compared to the base specifications. 

Concerning future research on market power, we would like to encourage other researchers to 

discuss the assumptions made and conduct sensitivity analyses as presented in our article to 

assess the robustness of their results. Otherwise, estimates of welfare effects of market power 

may be biased, and hence, derived policy recommendations will be erroneous. For instance, the 

SFA supposes that firms always charge output prices at least as high as marginal cost. This 

might be quite unlikely in sectors where the need to sustain market shares is high in order to 

not be outcompeted. On the other hand, there might be cases where below marginal cost pricing 

is forbidden such that the assumption of non-negative markups is reasonable.  
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Appendix 

We check for montonicity of the production function in the inputs by calculating partial 

production elasticities for each of the inputs, i.e. ηjit = (∂lnY/∂lnXj)it. If the production function 

is monotonically increasing in inputs, the partial production elasticities will be larger than or 

equal to zero. In case we observe negative elasticities, we test whether they are signficantly 

negative based on a on-sided t-test. The test statistic is given by t = η̂/σ̂η̂ for each observation. 

To obtain an estimate of the elasticity’s standard error in the two input case, we take the square 

root of:  

σ̂η̂jit

2  = σ̂β̂j

2 + (2lnXjit)
2 σ̂

β̂jj

2 + (lnXkit)
2 σ̂

β̂jk

2  + 4lnXjitcov(β̂j,β̂jj) + 2lnXkitcov(β̂j,β̂jk) + 

4lnXjitlnXkitcov(β̂jj,β̂jk)           (24) 

where cov denotes the covariance. For concavity to be fulfilled, the Hessian has to be negative 

semi-definite. In the two input case, this translates into the following condition (Nicholson and 

Snyder 2008):  

∂
2
Y

∂Xj
2

∂
2
Y

∂Xk
2 - (

∂
2
Y

∂Xj∂Xk
)

2

> 0             (25) 

The first derivative of Y with respect to any input j in the two input case is given by:  

∂Y

∂Xj
=

∂ ln Y

∂ ln Xj

Y

Xj
 = 

Y

Xj
(βj + 2βjjlnXj + βjklnXk)         (26) 

The corresponding own second-order partial derivative yields: 

∂2Y

∂Xj
2 =

Y

Xj
2 (2βjj (1-lnXj) – βj – βjklnXk)          (27) 

The cross partial derivative is:  

∂
2
Y

∂Xj∂Xk
=β

jk

Y

XjXk
             (28) 

 

Table A1.  Stochastic frontier estimation results to choose between fixed and random effects 
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  Bulgaria Finland Portugal Sweden 

      

Frontier lnValueadded 0.060*** 0.039*** 0.061*** 0.073*** 

  (0.006) (0.007) (0.002) (0.010) 

 ln(X2/X1) 0.002 -0.006 0.001 -0.002 

  (0.001) (0.004) (0.001) (0.002) 

 2011 0.003 0.003 0.001 0.004 

  (0.002) (0.004) (0.001) (0.003) 

 2012 0.005** 0.003 -0.002** 0.002 

  (0.002) (0.003) (0.001) (0.003) 

 2013 0.002 -0.002 0.001 0.003 

  (0.003) (0.004) (0.001) (0.003) 

 2014 0.009*** -0.007 0.005*** 0.010*** 

  (0.003) (0.006) (0.001) (0.003) 

 2015 0.006* -0.010** 0.004*** 0.007** 

  (0.003) (0.005) (0.001) (0.003) 

 2016 0.008** -0.008** 0.002 0.007** 

  (0.003) (0.004) (0.001) (0.003) 

 2017 0.010*** -0.005 -0.001 0.003 

  (0.004) (0.004) (0.001) (0.003) 

 2018 0.003 -0.015** -0.006*** 0.000 

  (0.004) (0.007) (0.001) (0.004) 

 2010̅̅ ̅̅ ̅̅ ̅ -0.016*** -0.007 -0.002 -0.011* 

  (0.006) (0.012) (0.004) (0.006) 

 2011̅̅ ̅̅ ̅̅ ̅ 0.017 0.024 -0.010 -0.008 

  (0.011) (0.028) (0.008) (0.008) 

 2012̅̅ ̅̅ ̅̅ ̅ -0.017 -0.009 0.006 0.024* 

  (0.018) (0.047) (0.011) (0.014) 

 2013̅̅ ̅̅ ̅̅ ̅ 0.024 -0.076 -0.014 -0.002 

  (0.029) (0.067) (0.012) (0.018) 

 2014̅̅ ̅̅ ̅̅ ̅ -0.007 -0.013 0.013 -0.025 

  (0.034) (0.051) (0.019) (0.026) 

 2015̅̅ ̅̅ ̅̅ ̅ -0.009 0.019 0.023 0.026 
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  (0.058) (0.043) (0.030) (0.026) 

 2016̅̅ ̅̅ ̅̅ ̅ 0.044 -0.009 -0.043 -0.081*** 

  (0.067) (0.057) (0.030) (0.031) 

 2017̅̅ ̅̅ ̅̅ ̅ -0.082 0.102 -0.004 0.099** 

  (0.067) (0.127) (0.032) (0.042) 

 2018̅̅ ̅̅ ̅̅ ̅ -0.001 -0.045 0.013 -0.025 

  (0.047) (0.085) (0.023) (0.025) 

 lnValueadded̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ -0.029*** -0.033*** -0.043*** -0.068*** 

  (0.007) (0.008) (0.003) (0.010) 

 ln(X2/X1)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ -0.003 0.015** -0.000 0.001 

  (0.002) (0.007) (0.001) (0.002) 

 Constant 0.845*** 0.927*** 0.920*** 0.942*** 

  (0.012) (0.021) (0.007) (0.009) 

Usigma Constant -4.474*** -4.826*** -5.895*** -4.460*** 

  (0.234) (0.257) (0.134) (0.180) 

Vsigma Constant -6.545*** -7.201*** -7.554*** -7.178*** 

  (0.305) (0.391) (0.183) (0.205) 

Theta Constant -0.042*** 0.047*** -0.044*** 0.032*** 

  (0.005) (0.016) (0.003) (0.005) 

      

 Observations 9,470 2,628 17,941 8,291 

 Likelihood 10,752 3,423 29,590 10,223 

Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 

Table A2.  Testing random effects against fixed effects (SFA) 

Country Bulgaria Finland Portugal Sweden 

χ2  180.31 26.69 423.99 78.38 

p-value <0.001 0.005 <0.001 <0.001 

 

Table A3.  Consistent fixed effects stochastic frontier estimation results 

  Bulgaria Finland Portugal Sweden 
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Frontier lnValueadded 0.064*** 0.045*** 0.062*** 0.072*** 

  (0.002) (0.004) (0.001) (0.003) 

 ln(X2/X1) 0.003*** -0.006*** 0.001 -0.001 

  (0.001) (0.002) (0.000) (0.001) 

 2011 0.003 0.008 0.002** -0.002 

  (0.003) (0.005) (0.001) (0.003) 

 2012 0.006** 0.005 -0.001 -0.003 

  (0.003) (0.005) (0.001) (0.003) 

 2013 0.005 0.002 0.002** -0.002 

  (0.003) (0.005) (0.001) (0.003) 

 2014 0.008*** -0.001 0.006*** 0.006** 

  (0.003) (0.005) (0.001) (0.003) 

 2015 0.006** -0.004 0.005*** 0.003 

  (0.003) (0.005) (0.001) (0.003) 

 2016 0.005 -0.006 0.003*** 0.003 

  (0.003) (0.005) (0.001) (0.003) 

 2017 0.005 -0.004 -0.001 -0.001 

  (0.004) (0.005) (0.001) (0.003) 

 2018 0.003 -0.014*** -0.007*** -0.003 

  (0.004) (0.005) (0.001) (0.003) 

Sigma2 Constant 0.009*** 0.004*** 0.003*** 0.011*** 

  (0.000) (0.000) (0.000) (0.000) 

Lambda Constant 2.635*** 1.668*** 7.037*** 5.362*** 

  (0.078) (0.156) (0.375) (0.246) 

      

 Observations 8,368 2,285 16,406 7,738 

 Likelihood 4,456 1,622 16,481 4,450 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 

Table A4.  Estimation results for the PFA 

 Bulgaria Finland Portugal Sweden 

     

lnX1 0.833*** 1.118*** 0.929*** 1.142*** 
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 (0.000) (0.003) (0.000) (0.001) 

lnX2 0.061*** 0.098*** 0.028*** 0.014*** 

 (0.000) (0.001) (0.000) (0.000) 

(lnX1)
2 0.070*** 0.052*** 0.057*** 0.021*** 

 (0.000) (0.003) (0.000) (0.001) 

lnX1lnX2 -0.048*** -0.065*** -0.021*** -0.013*** 

 (0.000) (0.001) (0.000) (0.000) 

(lnX2)
2 0.018*** 0.007* 0.003*** 0.004*** 

 (0.001) (0.004) (0.001) (0.001) 

     

Observations 9,470 2,628 17,941 8,291 

 

Table A5.  Alternative SFA (aSFA) with productivity as an input 

  Bulgaria Finland Portugal Sweden 

      

Frontier lnValueadded 0.090*** 0.045*** 0.082*** 0.104*** 

  (0.002) (0.004) (0.001) (0.003) 

 ln(X2/X1) -0.003*** -0.007*** -0.002*** -0.004*** 

  (0.001) (0.002) (0.000) (0.001) 

 ln(ω̂/X1) 0.082*** 0.001 0.064*** 0.073*** 

  (0.003) (0.003) (0.001) (0.004) 

 2011 0.005* 0.008 0.002* -0.002 

  (0.003) (0.005) (0.001) (0.003) 

 2012 0.014*** 0.005 -0.003*** -0.006* 

  (0.003) (0.005) (0.001) (0.003) 

 2013 0.009*** 0.002 -0.001 -0.003 

  (0.003) (0.005) (0.001) (0.003) 

 2014 0.012*** -0.001 0.001 0.007** 

  (0.003) (0.005) (0.001) (0.003) 

 2015 0.013*** -0.004 0.001 0.005 

  (0.003) (0.005) (0.001) (0.003) 

 2016 0.012*** -0.006 -0.001 0.006* 

  (0.003) (0.005) (0.001) (0.003) 
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 2017 0.013*** -0.004 -0.003*** 0.002 

  (0.004) (0.005) (0.001) (0.003) 

 2018 0.008* -0.014*** -0.008*** 0.003 

  (0.004) (0.005) (0.001) (0.003) 

Sigma2 Constant 0.008*** 0.004*** 0.002*** 0.010*** 

  (0.000) (0.000) (0.000) (0.000) 

Lambda Constant 2.547*** 1.667*** 5.231*** 4.915*** 

  (0.073) (0.156) (0.198) (0.216) 

      

 Observations 8,368 2,285 16,406 7,738 

 Likelihood 4,845 1,622 18,219 4,650 

Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1 

 

Table A6.  Likelihood ratio test of the base SFA specification (restricted) against the alternative 

                  SFA (unrestricted) 

Country Bulgaria Finland Portugal Sweden 

χ2  778.11 0.12 3475.88 399.32 

p-value <0.001 0.731 <0.001 <0.001 
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Note: 42, 19 and 14 observations ≥0.5 omitted for Bulgaria, Finland and Sweden to ensure readibility. 

Figure A1. Kernel density functions of SFA markups (base and alternative specification) per 

        country (2010-2018) 
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Note: 1, 13, 31 and 198 observations ≥3 omitted for Bulgaria, Finland, Portugal and Sweden to ensure readibility. 

Figure A2.  Kernel density functions of PFA markups (base and alternative specification) per  

         country (2010-2018) 

 




