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a b s t r a c t 

Structural change is important driver of productivity. Existing decompositions of structural change rely 

heavily on the share weights of firms. Ideally, one would need a complete census of all firms to calculate 

the share weights. However, empirical data are often less than ideal. Another limitation of the structural 

change decompositions is that existing firms that switch from one industry to another are mixed with 

startups and bankrupt firms. To address both these limitations, we develop an alternative productivity 

decomposition of structural change that avoids the use of share weights, which can be useful whenever 

the share weights are problematic or unavailable. Our decomposition also takes the product switch ex- 

plicitly into account and applies to both the level and percentage change of productivity. Application to 

Finnish agriculture illustrates the proposed approach. 

© 2021 The Author(s). Published by Elsevier B.V. 
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. Introduction 

Since the 1990s, structural change has been increasingly recog- 

ized as an important source of productivity growth at the aggre- 

ate level (e.g., Syverson, 2011 ; Bartelsman et al., 2013 ). The first 

ystematic productivity decompositions that allow one to break 

own the aggregate productivity growth of an industry into com- 

onents that capture not only the productivity growth of surviving 

rms, but also contributions due to entry and exit of firms, were 

ntroduced by Baily et al. (1992) and Griliches and Regev (1995) . 

nother line of studies based on Olley and Pakes (1996) con- 

ider the reallocation of resources across firms. Several subse- 

uent studies extend the Olley-Pakes decomposition to incorpo- 

ate entry and exit, most notably, Maliranta (2003) , Böckerman and 

aliranta (2007) , Diewert and Fox (2009) , Hyytinen and Mali- 

anta (2013) , and Maliranta and Määttänen (2015) . In all these 

tudies firms are classified into mutually exclusive groups of sur- 

iving firms, new entrants, and exiting firms. One of the key in- 

ights of these studies is to compare productivity of the exiting 

nd entering firms with that of the surviving firms in a given time 

eriod. 
∗ Corresponding author. 

E-mail address: timo.kuosmanen@aalto.fi (T. Kuosmanen). 

i

fi

N

o

ttps://doi.org/10.1016/j.strueco.2021.08.011 

954-349X/© 2021 The Author(s). Published by Elsevier B.V. This is an open access article
A practical limitation of the existing productivity decomposi- 

ions to capture structural change is that one would ideally need 

 complete census of all firms such that market entry and exit are 

irectly observed and the share weights can be calculated. Such 

erfect data are often unavailable. For example, Brandt et al. (2012 , 

017 ) provide a detailed discussion of various challenges that one 

aces when using the Chinese census data for productivity mea- 

urement. In survey data, if a firm enters (or exits) the data set, it 

oes not necessarily imply market entry (exit). Observed entry to 

and exit from) the data set can also be due to survey design such 

s the rotating panel design, or simply survey nonresponse (see, 

.g., White et al., 2018 , for further discussion). 

Another limitation of the structural change decompositions 

s that existing firms that switch from one industry to an- 

ther are mixed together with startups and bankrupt firms. 

ernard et al. (2010) examine multi-product firms in the US manu- 

acturing industry, observing that firms frequently switch from one 

ndustry to another. In our view, this finding challenges the com- 

on interpretation of entrants as newly established startups and 

xit as going out of business. In fact, a new entrant can be an es-

ablished firm that introduces a new product (consider, e.g., Apple 

ntroducing iPhone). Analogously, exit can occur as a multiproduct 

rm re-focuses operations on more profitable product lines (e.g., 

okia selling its mobile phone division to Microsoft, and focusing 

n mobile networks). 
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The purpose of the present paper is to address these two lim- 

tations of the existing productivity decompositions. First, we clar- 

fy the discussion concerning the static and dynamic variants of 

he Olley-Pakes decompositions. We propose an alternative formu- 

ation of the augmented Olley-Pakes decomposition that includes 

ntry and exit, and applies to both levels of productivity and the 

ercentage change. The key idea is to recognize that productivity 

s fundamentally a residual, which allows us to measure the Olley- 

akes reallocation effect on productivity growth without using the 

ovariance of the productivity levels and market shares. This allows 

s to avoid the share weights by comparing the average productiv- 

ty in the sub-groups of survivors, entrants, and exiting firms. We 

onsider this as the most appealing feature of the proposed de- 

omposition, which extends the practical applicability of the struc- 

ural change productivity decompositions to survey data, including 

urveys that apply the rotating panel design. 

Secondly, we introduce a novel product switch component 

o the productivity decomposition, inspired by the findings of 

ernard et al. (2010) . Introducing the product switch component 

llows us to distinguish between the impact of firms that switch 

rom one industry or production line to another from the contri- 

utions of newly established firms and firms that cease to exist. 

herefore, the product switch component can help to deepen our 

nderstanding of the structural change as a source of productivity 

rowth. 

The empirical motivation for this study stems from the obser- 

ation that the agricultural sector has experienced major structural 

hange worldwide over the past century (e.g., Zhao and Tang, 2018 ; 

omin et al., 2021 ); in most countries the number of farms has de-

reased and the average farm size has increased (e.g., Corsi et al., 

021 ). However, the contribution of these structural changes on 

gricultural productivity has thus far been almost completely ig- 

ored in the literature (one exception is Kimura and Sauer, 2015 ). 

e suspect that the lack of complete farm-level data in many 

ountries and the use of the rotating panel design may be one 

mportant practical barrier. Applying the proposed decomposition 

o the data of Finnish farms, we illustrate how the components of 

tructural change can explain the large gap between the farm level 

nd sector level productivity estimates. 

The rest of the paper is organized as follows. Section 2 presents 

 short review of existing decomposition methods, focusing on the 

wo most closely related developments. Section 3 presents our pro- 

osed decomposition. Section 4 presents the empirical application 

o Finnish agriculture. Section 5 concludes with a discussion of in- 

eresting avenues for future research. Appendices A-E in the on- 

ine supplement provide more detailed information and robustness 

hecks regarding the empirical application. 

. Measuring the contribution of structural change on 

roductivity 

.1. Static Olley-Pakes decomposition 

Consider an industry consisting of N t firms in period t . In any 

iven period t , the industry output is the sum of firm-level outputs 

f all firms operating in period t . The same applies to the inputs.

he level of total factor productivity (TFP) is generally measured by 

he ratio of an output index and an input index; partial productiv- 

ty measures (e.g., labor productivity) are similarly obtained as the 

atio of the aggregate output and the factor of interest (e.g., labor). 

enote the productivity index of firm i in period t by p it . 

Aggregate productivity of the industry in period t is mea- 

ured by first aggregating inputs and outputs to the industry level, 

nd subsequently applying the productivity measure to the aggre- 

ated inputs and outputs. Aggregate productivity of the industry 

s henceforth denoted by P t . It is not self-evident that firm-level 
121 
roductivity measures can be consistently aggregated to match 

he industry-level productivity measures (see Blackorby and Rus- 

ell, 1999 ). Some specific conditions under which consistent ag- 

regation is possible have been formally proved by Färe and Ze- 

enyuk (2003) and Zelenyuk (2006) . Clearly, if consistent aggrega- 

ion is possible, then industry-level productivity P t must be a share 

eighted average of the firm level productivity measures p it as in 

1). Other averages such as the geometric mean or harmonic mean 

ould be inconsistent with the summation of the firm-level inputs 

nd outputs to the aggregate level of the industry. 

Olley and Pakes (1996) implicitly assume consistent aggregation 

y writing the industry productivity is a share-weighted average of 

rm-level productivity measures, formally, 

 t = 

N t ∑ 

i =1 

s it p it , (1) 

here s it ≥ 0( 
n ∑ 

i =1 

s it = 1) can be interpreted as the market share of 

rm i in period t . They subsequently isolate the impact of resource 

eallocation on productivity by observing that the aggregate pro- 

uctivity of the industry can be expressed as: 

 t = 

N t ∑ 

i =1 

( ̄s t + �s it ) ( ̄p t + �p it ) , (2) 

here p̄ and s̄ denote the averages of firm productivity and mar- 

et share, respectively, and �s it = s it − s̄ t and �p it = p it − p̄ t de- 

ote the differences from the mean. Since the market shares must 

um to one, N t ̄s t = 1 , and hence Eq. (2) can be equivalently rewrit-

en as 

 t = p̄ t + 

N t ∑ 

i =1 

�s it �p it . (3) 

The right-hand side of Eq. (3) insightfully breaks down the 

ndustry-level productivity to two components: the first one is the 

nweighted mean productivity of all firms and the second one rep- 

esents allocation of resources across firms. Note that the second 

omponent can be equivalently stated as 

N t 
 

i =1 

�s it �p it = cov ( s it , p it ) , (4) 

hich underlines the interpretation of this component as a mea- 

ure of allocative efficiency: if resources are reallocated from low 

roductivity firms to high productivity firms, the covariance of 

arket shares and productivity increases, which implies a positive 

ontribution to productivity growth of the industry. 

The original Olley-Pakes decomposition does not explicitly con- 

ider entry and exit of firms, but attributes the entering and ex- 

ting firms to the covariance term. Several subsequent studies ex- 

end the Olley-Pakes decomposition to incorporate entry and exit, 

ost notably, Maliranta (2003) , Böckerman and Maliranta (2007) , 

iewert and Fox (2009) , Hyytinen and Maliranta (2013) , and 

aliranta and Määttänen (2015) . In all these studies firms are clas- 

ified into three mutually exclusive groups of surviving firms ( S ), 

ew entrants ( E ) in period t , and exiting firms ( X ) observed in pe-

iod t but not in period t + 1. Applying this classification, industry 

roductivity can be written as a weighted sum of the three groups: 

 t = P S,t + s E,t ( P E,t − P S,t ) + s X,t ( P S,t−1 − P X,t ) , (5) 

here s E,t = 

∑ 

i ∈ E 
s i,t and s X,t = 

∑ 

i ∈ X 
s i,t are the relative weights of the 

ntrants and exits, respectively. Each of the three groups can be 

urther decomposed using Eq. (3) to measure the allocative effi- 

iency of survivors, entrants, and exits. The augmented Olley-Pakes 

ecomposition (5) also sheds light on the counterfactual question 
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f how much higher (or lower) industry productivity would have 

een in the absence of entry and exit (see Maliranta and Määttä- 

en, 2015 ). 

.2. Dynamic Olley-Pakes decomposition 

Melitz and Polanec (2015) propose to extend the static Olley- 

akes (1996) decomposition to the inter-temporal setting, apply- 

ng insights from Baily et al. (1992) , Griliches and Regev (1995) , 

nd Foster et al. (2001) . Similar to the augmented Olley-Pakes de- 

omposition (5) discussed above, Melitz and Polanec (2015) parti- 

ion the firms to the groups of surviving firms ( S ), new entrants

 E ), and exiting firms ( X ). Using this grouping, Melitz and Polanec

2015) break down the productivity change from period t -1 to t as 

ollows 

 t − P t−1 = ( P S,t − P S,t−1 ) + s E,t ( P E,t − P S,t ) + s X,t−1 ( P S,t−1 − P X,t−1 ) , 

(6) 

here the first component on the right-hand side is the productiv- 

ty change of surviving firms, the second component measures the 

ontribution of new firms entering the market, and the third com- 

onent measures the contribution of exiting firms to productivity 

rowth of the industry. Note that the contribution of entry is mea- 

ured based on the productivity difference relative to the surviving 

rms in period t , whereas the contribution of exit is measured us- 

ng the productivity differential relative to the surviving firms in 

eriod t – 1. This is a distinctive feature of the Melitz and Polanec 

2015) decomposition compared with the static Olley-Pakes de- 

ompositions as well as the previous inter-temporal decomposi- 

ions by Griliches and Regev (1995) and Foster et al. (2001) where 

he contributions of entry and exit are measured relative to the 

verage productivity of all firms. 

Melitz and Polanec (2015) show that the component of sur- 

iving firms can be broken down to the two Olley-Pakes compo- 

ents: 

 t − P t−1 = ( ̄p S,t − p̄ S,t−1 ) + 

[ ∑ 

i ∈ S 
cov ( s it , p it ) −

∑ 

i ∈ S 
cov ( s i,t−1 , p i,t−1 ) 

] 

+ s Et ( P Et − P St ) + s X,t−1 ( P S,t−1 − P X,t−1 ) (7) 

here the first component is the change in mean productivity of 

urviving firms, the second component captures resource allocation 

etween surviving firms, the third component is the entry effect, 

nd the last term is the exit effect. Aggregate productivity growth 

f the industry is the sum of these four components. 

Melitz and Polanec (2015) assume that the productivity mea- 

ures p it and P t are expressed in logs, which allows them to mea- 

ure a percentage change in productivity by using the approxima- 

ion ln P t − ln P t−1 
∼= 

(P t − P t−1 ) /P t−1 . Unfortunately, they fail to rec- 

gnize that the static Olley-Pakes decomposition (i.e., Eqs. (1) - (4) ) 

oes not apply if one substitutes productivity levels P t and p it by 

he logs ln P t and ln p it . The following numerical example demon- 

trates our claim. Suppose there are two firms with equal market 

hares s 1 t = s 2 t = 0.5, and productivity levels p 1 t = 1, p 2 t = 2. Then

y Eq. (1) the industry productivity is P t = 1.5, and ln P t = 0.405.

owever, applying Eq. (1) to ln p 1 t = 0, and ln p 2 t = 0.693, we have

n P t = 0.347. Since Eq. (1) does not hold, Eqs. (2) - (4) that build

pon (1) must also fail. While Eq. (7) clearly holds if we interpret 

 t and p it as levels of production as in the original Olley-Pakes de- 

omposition, it does not apply to the logs of productivity or the 

ercentage growth of productivity. 

Melitz and Polanec (2015) formulation could be interpreted as a 

eighted geometric mean rather than the weighted average. How- 

ver, this interpretation is flawed because the total output of the 

ndustry is the sum of outputs of all firms in the industry: con- 

istent aggregation of the firm-level productivity measures to the 
122 
ndustry level requires additive aggregation. In the Appendix of 

heir paper, Melitz and Polanec (2015) present an alternative de- 

omposition of ( P t – P t -1 )/[0.5( P t + P t -1 )] applied as the measure

f productivity change. A common scaling factor is used because 

he entrants E are not observed in the base period t – 1 and 

he exits X are not observed in the target period t . Griliches and

egev (1995) similarly measure productivity change relative to the 

verage productivity. However, the change of productivity index 

elative to the common scaling factor is not the same as percent- 

ge change of productivity: it coincides with the percentage change 

nly in the special case when there is no change in productiv- 

ty (i.e., P t = P t -1 ). To demonstrate this argument, suppose P t = 3

nd P t -1 = 2, and hence P t / P t -1 = 1.5. In contrast, ( P t – P t -1 )

 [0.5( P t + P t -1 )] = 1/2.5 = 0.40. Clearly, the correct percentage

hange in productivity is 50 percent in this example, not 40 per- 

ent. 

The numerical examples provided above demonstrate that ex- 

ending the static Olley-Pakes decomposition of productivity levels 

o the dynamic setting of productivity growth proves more compli- 

ated than previous studies seem to recognize. To our knowledge, 

o exact dynamic augmented Olley-Pakes decomposition applica- 

le to the percentage change of productivity is currently available. 

.3. Share weights 

All productivity decomposition discussed in the previous sub- 

ections rely heavily on the share weights s it . Since empirical data 

re rarely perfect, the share weights can be problematic for multi- 

le reasons. 

Firstly, it is not self-evident which share weights should be 

sed for decomposing productivity. Commonly used alternatives 

or share weights include the revenue shares and value added 

hares (e.g., Melitz and Polanec, 2015). The choice of share weights 

bviously depends on the chosen productivity measure or index 

umber, and is hence closely related to the consistent aggrega- 

ion of the firm-level productivity measures to match the aggregate 

roductivity of the industry (see, e.g., Blackorby and Russell, 1999 ; 

äre and Zelenyuk, 2003 ; Zelenyuk, 2006 ). While in this study we 

ollow Olley and Pakes (1996) and take Eq. (1) as given, we rec- 

gnize that the question of consistent aggregation deserves further 

ttention. 

Secondly, share weights are not directly applicable to data ob- 

ained through random sampling, for example, through the rotat- 

ng panel design. In a rotating panel, randomly drawn sub-samples 

referred to as sampling waves) are brought in and out of the sam- 

le in some specified pattern. Since firms enter and exit the rotat- 

ng panel due to the sampling design, observing entry or exit in 

he sample does not necessarily correspond to market entry or exit 

n the real world. 

Thirdly, census data is not always a panacea. In develop- 

ng countries, official census data does not necessarily cover all 

rms, and tracking the surviving firms may prove difficult. For 

n insight discussion of various challenges that the Chinese cen- 

us data presents for the productivity measurement, we refer to 

randt et al. (2012 , 2017 ). If a census survey covers virtually all

rms of the industry, such comprehensive censuses are typically 

onducted periodically, for example, every 5 or 10 years. 

Fourthly, all survey data are subject to non-response bias. A re- 

ent study by White et al. (2018) notes a rather disturbing observa- 

ion that over 70% of observations in the U.S. Census Bureau’s 2002 

nd 2007 Censuses of Manufactures have imputed data for at least 

ne variable used to compute TFP. The authors argue that the im- 

utation of missing values decreases the measured dispersion of 

FP, which may also affect the dynamics of productivity growth. 

f the total revenue, value added, or whichever measure of mar- 

et share might be used for constructing the share weights, has 
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issing values, then data imputation can also influence the share 

eights. 

Motivated by these practical issues, in the next section we 

resent an alternative formulation of the augmented Olley-Pakes 

ecomposition that avoids the share weights completely. We then 

xtend it to the dynamic setting of productivity growth. Of course, 

f appropriate share weights are available, they can be useful. We 

o not criticize the share weights as such, but try to offer an alter- 

ative approach. We believe the alternative decomposition can be 

seful in many applications where share weights are unavailable 

r problematic for whatever reason. 

. Decomposing productivity without share weights 

.1. Static augmented Olley-Pakes decomposition 

Productivity is fundamentally a residual, the part of out- 

ut growth that is not explained by the input growth, as 

olow, 1957 seminal work demonstrates. However, the residual in- 

erpretation has not been effectively utilized in any decomposition 

ethod. The systematic use of the residual interpretation of pro- 

uctivity can be seen as the key idea behind our approach. 

Starting from the Olley-Pakes formulation (3), we can reorga- 

ize the terms as 

N t 
 

i =1 

�s it �p it = P t − p̄ t . (8) 

Note that one can simply utilize identity (8) and calculate the 

eallocation effect as a residual between the industry-level produc- 

ivity and the average productivity of firms: market shares s it are 

o longer necessary for calculating the reallocation effect using the 

ight-hand side of (8). Further, we eliminate the covariance term 

n the left-hand side of (8), which is problematic for decomposing 

he percentage growth of productivity. 

In practice, to calculate the right-hand side of (8), one needs to 

stimate the mean productivity of firms p̄ t using firm-level data 

nd the industry-level productivity P t using aggregate data. Given 

rm-level data, one can first aggregate inputs and outputs, and 

hen measure productivity using the thus obtained input and out- 

ut aggregates. To our knowledge, the possibility to combine firm- 

evel and industry level productivity measures to indirectly infer 

he Olley-Pakes reallocation effect has not been effectively utilized 

efore. 

We can further extend the Olley-Pakes decomposition to cap- 

ure the impact of entry and exit on industry productivity. Simply 

eorganizing the terms of Eq. (5) , we have 

 t − P S,t = s E,t ( P E,t − P S,t ) + s X,t ( P S,t−1 − P X,t ) . (9) 

To calculate the contributions of entry and exit on the right- 

and side of Eq. (9) , one needs to know the market shares of en-

ering and exiting firms after entry and prior to exit, respectively. 

owever, the net effect of entry and exit can be simply calculated 

s the residual using the left-hand-side of Eq. (9) . For example, a 

otating panel data allows one to estimate the aggregate produc- 

ivity growth of the industry and productivity growth of the sur- 

iving firms S , even though the rotating sampling design does not 

llow us to directly observe all survivors, entrants, or exits. Unfor- 

unately, this approach does not allow us to distinguish entry from 

xit. If the number of firms is growing, then this component will 

ikely reflect the entry effect. Conversely, if the number of firms is 

n sharp decline, we can safely attribute this component mainly to 

xit. 

Before summarizing our decomposition, we further extend be- 

ond the existing productivity decompositions by adding a new 

omponent, which (to our knowledge) has not been considered in 

roductivity decompositions before. This development is inspired 
123 
y Bernard et al. (2010) , who find that product switch by multi- 

roduct firms frequently occurs in the US manufacturing indus- 

ry. In our interpretation, his finding challenges the usual inter- 

retation of entrants as newly established startups and exit as 

ankruptcy. 

Our strategy to estimate the contribution of product switch 

s directly analogous to that of Baily et al. (1992) , Griliches and 

egev (1995) , Foster et al. (2001) , and Melitz and Polanec (2015). 

e partition the observed sample of surviving firms ( S ) to two 

ubsets of non-switchers ( Sn ) (i.e., firms that continue to produce 

he same product) and switchers ( Ss ) (i.e., firms that switch pro- 

uction from one type of product to another). In practice, one can 

se information of some standard industry classification (e.g., SIC, 

ACE, NAICS) to identify the subsets Sn and Ss . For example, Ss 

ould be defined as the sub-group of observed firms that continue 

o operate in a given one-digit or two-digit industry of interest, but 

ave changed their three-digit, four-digit, or five-digit sub-industry 

ode depending on the data availability and the scope of the analy- 

is. We then apply again the residual approach to break down pro- 

uctivity of surviving firms ( S ) to two components as 

 S,t = P Sn,t + 

(
P S,t − P Sn,t 

)
, (10) 

here the first component on the right-hand side of (9) is the 

verage productivity of the non-switching survivors ( Sn ) and the 

econd component in parentheses is the contribution of product 

witch on productivity of surviving firms. Note that by taking pro- 

uctivity of the non-switching survivors as the benchmark (anal- 

gous to Melitz and Polanec’s use of survivors), and computing 

he productivity contribution of switchers as a residual, we do not 

eed to know the relative market shares of switchers and non- 

witchers. 

We are now ready to summarize the previous developments 

nd write our productivity decomposition formally as the sum of 

our components: 

Industry productivity ( P t ) 

= Productivity of non-switching surviving firms ( ̄p 
Sn,t 

) 

+ Product switch effect ( ̄p S,t − p̄ Sn,t ) 

+ Entry and exit effect ( ̄p t − p̄ 
S,t 

) 

+ Reallocation effect ( P t − p̄ t ), or equivalently, 

 t = p Sn ,t + 

(
p S,t − p Sn ,t 

)
+ 

(
p t − p S,t 

)
+ ( P t − p t ) . (11) 

The left-hand side of (11) is the aggregate productivity of the 

ndustry in period t . The first component on the right-hand side of 

11) is the average productivity of non-switching surviving firms 

i.e., the component that has been extensively studied in prior 

mpirical work in agricultural economics). The second component 

aptures the effect of product switch by comparing the mean pro- 

uctivity of all surviving firms and the non-switching survivors. 

he third component captures productivity impact of entry and 

xit by comparing the average productivity of all firms and the 

urviving firms (analogous to the right-hand side of Eq. (9) ). The 

ourth component captures reallocation of resources between all 

rms in the sample, including firms that have switched products 

he new entrants observed in period t , directly analogous to the 

eallocation component of Olley and Pakes (1996) decomposition 

compare with Eq. (8) ). By summing the four components on the 

ight-hand side of (11), it is easy to verify that equality (11) must 

lways hold. 

Three technical points are worth noting. First, if the yearly co- 

orts in the survey are randomly drawn by the stratified sampling 

esign, then using the sampling weights to compute the weighted 

verage productivity of a cohort provides an unbiased and con- 

istent estimator of industry productivity. Note that this method 

elies on the assumption that the observed firms are randomly 

rawn in the stratified sampling design. Since large firms tend to 

e overrepresented in the sample, it is important to use sampling 
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Table 1 

Stylized facts of Finnish agriculture in 1995–2015. 

1995 20 0 0 2005 2010 2015 

Number of farms, thousand 99.9 79.8 69.5 62.8 51.1 

Cultivated land area, ha/farm - 27.7 32.9 36.5 44.1 

Total output, M € (2010 prices) 4409 4200 4386 4283 4050 

Source: Statistics Finland. 
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1 For further information, see http://ec.europa.eu/agriculture/rica/ . 
eights in the estimation of the average productivity of all firms 

nd of subgroups to obtain unbiased estimates. 

Second, to be consistent with Olley and Pakes (1996) , we mea- 

ure the reallocation component as the difference between the in- 

ustry productivity and the unweighted average productivity of 

ll firms. The first three components of Eq. (11) simply break 

own the mean productivity of firms to contributions from nested 

ubsets of firms. Given an exhaustive survey data, one can sim- 

ly apply the unweighted average for computing the productivity 

tatistics for the entire sample and for each relevant sub-group of 

rms. However, to estimate the average productivity based on non- 

xhaustive survey data collected by stratified sampling, an unbi- 

sed and consistent estimator of p̄ t is the weighted average 

ˆ p t = 

∑ N t 
i =1 

w it p it ∑ N t 
i =1 

w it 

, (12) 

here w it is the sampling weight of firm i in period t used in the

urvey, defined as w it = n it / N t , where n it is the number of firms 

epresented by firm i . It is important to stress that the sampling 

eights w it are not the same as the share weights s it . While the

ampling weights also typically depend on the firm size, they can 

lso reflect other firm characteristics such as the geographic loca- 

ion. Further, large firms are typically over-represented in stratified 

urveys, which would imply that the sampling weight w it of a large 

rm is lower than 1/ N t , whereas the share weight s it is greater

han 1/ N t . 

.2. Dynamic augmented Olley-Pakes decomposition of productivity 

rowth 

The original Olley-Pakes decomposition was stated in terms of 

he level of productivity, and it is not directly applicable to pro- 

uctivity growth. To decompose productivity changes, we can state 

q. (11) as 

P t 
P 

t−1 

= 

p̄ Sn,t 

p̄ 
Sn,t−1 

+ 

[
p̄ S,t 

p̄ 
S,t−1 

− p̄ Sn,t 

p̄ 
Sn,t−1 

]
+ 

[
p̄ t 

p̄ 
t−1 

− p̄ S,t 
p̄ 

S,t−1 

]

+ 

[
P t 

P 
t−1 

− p̄ t 
p̄ 

t−1 

]
. (13) 

The proposed decomposition allows one to first calculate the 

hanges in the productivity indices separately, and then add up the 

our components to arrive at the industry productivity growth, pre- 

erving the original interpretation of the components. Again, it is 

asy to verify that the sum of the four components on the right- 

and side of (13) equals the aggregate productivity ratio on the 

eft-hand side. The fact that the proposed decomposition applies 

o both the level of productivity (i.e., static decomposition (11)) 

nd productivity growth (i.e., dynamic decomposition (13)) is one 

f its appealing properties. Our proposed decomposition provides 

 natural and intuitive extension of the static Olley-Pakes decom- 

osition to the dynamic setting of productivity growth, where all 

omponents can be expressed as percentage changes. 

The main appeal of our new decomposition lies in the fact that 

t allows one to break down the productivity growth of an indus- 

ry to multiple components reflecting structural change without a 

eed to have perfect data of market shares (or other relevant share 

eights). Indeed, the sample averages of all observed firms as well 

s those of sub-samples S and Sn can be reliably estimated based 

n a rotating panel. While we believe the proposed decomposition 

s intuitive and useful, it is by no means unique: there are many 

lternative ways to break down the industry productivity to any 

esired number of sub-components. 
124 
. Application to Finnish agriculture 

.1. Motivation 

While there has been major structural change in the agricul- 

ural sector worldwide, thus far the impact of structural change on 

gricultural productivity has attracted surprisingly little attention 

n the literature. A notable exception is Kimura and Sauer (2015) , 

ho find some evidence of structural change within the dairy 

arming sectors in Estonia, the Netherlands, and the UK, but also 

ecognize the difficulty of applying the share weights to the ro- 

ating panel data. To address this issue, we apply the productivity 

ecomposition developed in Section 3 to the rotating panel data of 

innish farms. 

Facing a new competitive situation in the EU markets since 

995, the Finnish agricultural sector has experienced significant 

onsolidation that continues today. One clear sign of the consoli- 

ation is the fact that the number of farms has decreased dramat- 

cally. As indicated in Table 1 , there were almost 100 thousand ac- 

ive farms in 1995, but twenty years later, this number decreased 

o 51 thousand. During the same period, the total output of the 

gricultural sector decreased only by 8 percent. This implies that 

he average output per farm increased by 80 percent during the 

rst two decades of Finland’s EU membership. 

The structural change is also evident from the sharp increase 

n the average land area (ha per farm), which is commonly used 

ndicator of the farm size. On average, the farm size grew by 63 

ercent from about 28 ha per farm in 20 0 0 up to 46 ha per farms

n 2015. Such major structural changes and consolidation of the 

innish agricultural sector must clearly influence productivity of 

his sector. However, conventional farm-level studies focus exclu- 

ively on surviving farms that maintain the same farm type (e.g., 

airy or crop production). As a result, previous empirical studies 

verlook the contribution of structural change to the productivity 

rowth of the sector because those farms that enter or exit the 

ector, or change farm type, are excluded from the sample. 

.2. Data 

Farm-level surveys have been systematically collected in Fin- 

and for more than 100 years. The farm survey data is also used 

y Statistics Finland for constructing the national accounts of the 

gricultural sector. In contrast to countries where exhaustive cen- 

us surveys of all farms are conducted every 5 or 10 years, the 

innish agricultural statistics are based on voluntary surveys. 

In this study, farm-level production data was obtained from the 

U Farm Accountancy Data Network (EU-FADN – DG AGRI). 1 This 

otating panel data includes approximately 900 farms per year dur- 

ng the years 1995–2013, covering approximately 1–2% of all ac- 

ive farms during that time period. Excluding 30 observations for 

hich the gross revenue is negative as outliers, the total number 

f observations in the sample is 17,920. Appendix B in the online 

upplement provides more detailed information about the sample 

ize. 

http://ec.europa.eu/agriculture/rica/
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Table 2 

Average output and inputs variables per farm 1995–2013 (weighted by sampling 

weights). 

Year Output, 10 3 €(in 2010 prices) Labor, 10 3 hr Capital, 10 3 € Land,ha 

1995 65.1 3.75 127.2 32.8 

2000 64.2 3.66 233.6 41.3 

2005 66.7 3.03 222.4 48.1 

2010 81.1 2.60 250.4 55.1 

2013 80.3 2.48 246.6 57.9 
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Table 3 

Average TFP growth of the Finnish agricultural sector and its com- 

ponents (% per year). 

1995–2004 2004–2013 

Surviving farms, same farm type 0.36 1.79 

+ Product switch effect −0.42 −0.85 

+ Reallocation effect + 0.54 + 1.74 

+ Entry & exit effect + 1.43 −0.37 

= TFP of the sector 1.91 2.31 
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Output is specified as the total revenue (thousand €, constant 

rices of 2010), which includes sales of crops and crop products, 

ivestock and livestock products, and other farm outputs. For the 

urposes of our study, we use total revenue as the output measure 

ecause the revenue-based productivity measures can be consis- 

ently aggregated to industry-level productivity if all farms take the 

ame output prices as given (see Färe and Zelenyuk, 2003 ). As in- 

ut factors, we use the standard three factor model of agricultural 

roduction (e.g., Hayami and Ruttan, 1970 ; 1971 ; Echevarria, 1998 ) 

ith the following inputs: labor (thousand hours), the farm capital 

thousand €, constant prices of 2010), and the utilized agricultural 

rea (UAA, ha). 

Table 2 presents the weighted averages of the output and the 

abor and capital inputs, weighted by the sampling weights. Fur- 

her information about the data samples used in this study can be 

ound in the online supplement, Appendix B. Note that the output 

er farm remained almost constant during the first decade after 

he EU membership, and then increased moderately since 2005. In 

ontrast, the average labor input per farm decreased sharply dur- 

ng the study period, due to the consolidation of the sector. The 

verage capital input per farm almost doubled during the first five 

ears of the EU membership, but then remained relatively con- 

tant. Finally, the land area per farm has increased rapidly through- 

ut the study period due to consolidation, however, the total agri- 

ultural land in Finland has remained almost constant. These gen- 

ral trends are worth keeping in mind when interpreting the pro- 

uctivity indices and their decomposition presented in Section 4.4. 

.3. Productivity measurement 

The new decomposition presented in Section 3 is applicable 

o any productivity measures, including econometric approaches 

nd index numbers. We stress that the focus of this paper is on 

he productivity decomposition in order to quantify the impact of 

tructural change, so we will abstract from the numerous mea- 

urement and econometric issues related to estimation of p it from 

rm-level data. We fully agree with Melitz and Polanec (2015) , 

ho argue that alternative solutions to the measurement issues 

ill lead to different starting points for the decomposition, but do 

ot affect the decomposition method for a given set of productivity 

easures and weights. 

To be consistent with the official sector-level TFP statistics pub- 

ished by Statistics Finland (referred to in the Introduction), in this 

tudy we quantify TFP by the classic Törnqvist TFP index. Instead 

f simply taking published productivity statistics from the litera- 

ure as given, we estimate the farm-level and sector-level TFP from 

he FADN data. In the index number approach to measuring TFP, it 

s standard to measure the weights ω based on the cost shares cal- 

ulated using data of observed wages, the cost of capital services, 

nd the land rent. In the present context, however, more than 85 

ercent of working hours are unpaid work by the farmer house- 

old. Similarly, the rental market for agricultural land is rather thin 

n Finland. Agricultural subsidies further complicate the estimation 

f the opportunity cost of capital, particularly that of agricultural 

and. Therefore, in this study we resort to econometric estimation 
125 
f the share weight ω. More detailed presentation of the Törnqvist 

FP index and the panel data regression to estimate the shadow 

rices is provided in the online supplement, Appendix C. 

Aggregate TFP of the sector ( P t ) has been estimated using the 

op-down approach where we first aggregate the input and out- 

ut variables by taking the weighted sum of all farms in the sam- 

le using the sampling weights w it , and subsequently, applying the 

örnqvist TFP index to the aggregate input–output data. In con- 

rast, average farm-level productivity p̄ t has been estimated using 

early data as the weighted average of farms in a yearly sample, 

eighted by the sampling weights w it . Average percentage changes 

f components over a subperiod have been calculated by taking the 

eometric mean of ratios p̄ t / ̄p t−1 
minus one. 

To estimate the contributions of entry and exit as well as prod- 

ct switch, we find it meaningful to consider a longer time period 

han just two consecutive years. Therefore, we divide the study pe- 

iod into two sub-periods of ten years: 1995–2004 and 2004–2013. 

he group of surviving farms (S) was defined as those farms that 

ere observed in the sample both in the first and the last year of 

he sub-period (e.g., both in 1995 and 2004). Since it is extremely 

nlikely that a farm would exit temporarily and later resume op- 

ration using the same farm-ID, it is safe to attribute any miss- 

ng values between the first and the last year of the sub-period 

o random sampling of the rotating panel. The group of surviving 

on-switching farms (Sn) was defined by excluding from group S 

hose farms that had a different farm type in the first year and the 

ast year of the sub-period. Average productivity of groups S and 

n (i.e., p̄ S,t , p̄ Sn,t ) has been estimated by first calculating the TFP 

ndices in the first and the last year of the sub-period only. The 

verage yearly change is estimated as the inverse geometric mean 

f the TFP components measured over the entire sub-period. 

.4. Productivity decomposition 

The aggregate TFP growth of the sector and its four components 

re presented in Table 3 . All figures are presented as average yearly 

FP growth during the period (% per year). We first briefly discuss 

he interpretation of Table 3 and then proceed to more detailed 

nterpretation of each component. 

The first row of Table 3 reports the TFP growth of the surviv- 

ng farms that keep the same farm type over the ten-year period. 

ecall that this is the TFP estimate that virtually all prior empiri- 

al farm-level studies focus on. The three subsequent components 

epresenting product switch, reallocation, and entry and exit cap- 

ure different aspects of structural change that has occurred in 

innish agriculture due to increased import competition and de- 

reasing producer prices since Finland’s EU membership. Adding 

hese three components to the average TFP growth of surviving 

on-switching farms yields considerably higher aggregate produc- 

ivity growth at the sector level (see Appendix D in the online sup- 

lement for additional robustness checks). The large gap between 

he modest farm-level TFP estimates and considerably higher ag- 

regate TFP figures at the sector level has been noted in some 

tudies (e.g., Kuosmanen et al., 2009 ; Mondelaers, 2015 ), but thus 

ar, the sources of this gap remain unknown. Our new decomposi- 
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ion enables one to quantify the relative contributions of product 

witch, reallocation, and entry and exit to gain further understand- 

ng of the productivity impact of structural change in agriculture. 

Returning to productivity growth of the surviving farms that 

eep the same farm type, our estimates indicate very modest 

early productivity growth of 0.36% during first decade of Finland’s 

U membership (1995–2004), increasing to 1.79% average growth 

uring the next decade (2004–2013). These relatively slow pro- 

uctivity growth rates are well in line with the previously pub- 

ished productivity estimates from Finnish agriculture (see e.g., 

ipiläinen 2007 ; Myyrä et al., 2009 ; Niemi and Ahlstedt, 2009 ). 

ndeed, virtually all previous productivity studies using farm-level 

ata focus on this group of surviving farms that maintain the same 

arm type throughout study period. 

In fact, a closer examination of the TFP indices of surviving 

arms reveals a shocking 27% drop in productivity of this group 

rom 1997 to 1998. This drop was mainly caused by adverse 

eather conditions in 1998; a similar temporary drop of productiv- 

ty in 1998 is also observed for other groups of farms and through- 

ut the unbalanced panel, and it is also documented in previous 

tudies of agricultural productivity in Finland. If we exclude the 

ear 1998, the average TFP growth of the surviving farms that keep 

he same farm increases to 4.4% per year during the second sub- 

eriod. During the second sub-period, this group of surviving farms 

as the largest source of productivity growth in the sector. 

The second component of our decomposition is the product- 

witch effect on the total TFP growth of the sector. Interestingly, 

he product switch had a negative contribution to the aggregate 

roductivity growth of the sector in both sub-periods, and partic- 

larly in the second sub-period 2004–2013. In the group of sur- 

iving farms, 28% switched to a different farm type during the 

rst sub-period 1995–2004, and 17% switched their farm type dur- 

ng the second sub-period 2004–2013. Among those farms that 

witched to another farm type, we observe almost an identical 

rop of productivity in 1998 as in the group of farms that main- 

ained the same farm type, but the group of farms that switched 

arm type recovered more slowly. 

As a general trend behind the product switch effect, we note 

hat consolidation of pastoral farming and decreasing output prices 

as meant that lots of small farms from the dairy, livestock, pigs, 

nd poultry sectors have switched either partially or completely to 

rop farming (see Appendix E in the online supplement for fur- 

her details). This switch can be largely attributed to the subsidy 

olicy. While the subsidy of pastoral farms is mainly based on the 

ead count of animals, the subsidy of crop farms depends on the 

and area. Therefore, increasing the head count of animals brings 

enefits both in terms of scale economies and subsidies, which 

as led to a rapid consolidation of the pastoral farming sector. As 

 result, many small pastoral farms switched to crop production, 

here subsidies paid according to land area help these farms to 

urvive. While the average land area per farm also increased dur- 

ng the study period, the crop farming remains less productive and 

ess competitive than pastoral farming. The observed shift of re- 

ources from highly productive pastoral farming to less produc- 

ive crop farming, induced by the subsidy policy, can be identified 

s the key driver behind the negative contribution of the product 

witch effect. 

The third component in Table 3 is the reallocation effect, which 

omes directly from the productivity decomposition by Olley and 

akes (1992). By comparing the size-weighted versus unweighted 

verages of the farm-level TFP, this component captures changes 

n allocative efficiency of resources. The larger this component, the 

igher the share of resources that goes to more productive farms, 

nd hence higher the aggregate productivity of the sector. We find 

hat the reallocation effect was positive in both subperiods, and 

articularly large (1.7%) during the second sub-period. In the con- 
126 
ext of farms, reallocation of resources mainly occurs through real- 

ocation of agricultural land. Recall from Table 1 that the number 

f farms decreased dramatically during the study period, and since 

he total land area under cultivation in Finland has remained virtu- 

lly constant during this time, the average utilized agricultural area 

ncreased from 28 ha per farm in 20 0 0 to 44 ha per farm in 2015.

ndeed, there has been major reallocation of agricultural land from 

nactive farms to active ones, which shows as a positive contribu- 

ion to the sector level TFP growth. The reallocation effect was the 

econd largest TFP component during both sub-periods. 

The fourth component is the effect of farms’ entry and exit on 

FP growth of the sector. During the first sub-period 1995–2004, 

he contribution of entry and exit effect was large and positive 

1.43%). In the light of the dramatic decrease in the number of 

arms noted in Table 1 , this positive effect must be mainly due to 

xit of farms, which can free resources and market share to pro- 

ide growth opportunities to the surviving farms. In contrast, the 

ntry and exit effect turned negative during the second sub-period 

004–2013. Again, this effect must be mainly attributed to exit. It 

s rather disturbing to find that the entry and exit effect has a 

egative contribution to TFP growth as it contradicts the Schum- 

eterian notion of creative destruction in competitive markets. A 

loser inspection of the early TFP indices reveals that a large nega- 

ive effect of entry and exit ( −3.8%) occurred in years 20 08–20 09, 

oinciding with the global financial crisis and the resulting credit 

runch. The financial crisis also coincides with the retirement age 

f the baby boom generation born after the World War II. There- 

ore, timing of the negative entry and exit effect suggest that the 

redit crunch due to the financial crisis may have driven some pro- 

uctive farms out of business, perhaps by limiting the ability of 

etiring farmers to sell their estates to the next generation. In any 

ase, excluding the period 20 08–20 09, the contribution of entry 

nd exit effect would be positive also in the second sub-period, on 

verage 0.7% per year. Therefore, it seems that the negative impact 

f entry and exit was only a temporary shock, and in general, en- 

ry and exit has had a positive contribution to the TFP growth of 

he sector during the study period. 

Adding the three components that capture the impact of struc- 

ural change to the productivity growth of the surviving farms that 

aintain the same farm type, we arrive at the aggregate sector 

evel TFP growth. The main lesson from our empirical decomposi- 

ion is that the major structural change of the Finnish agricultural 

ector during the past decades has boosted the TFP growth of the 

ector much higher the average growth rate of individual farms. 

nterestingly, the reallocation effect had a strong positive contri- 

ution throughout the study period, whereas the product switch 

ffect (i.e., change of farm type) had a negative effect in both pe- 

iods, for the reasons discussed above. The impact of entry and 

xit was generally positive, except for a temporary negative shock 

n years 20 08-20 09, which explains the negative value reported in 

able 3 . 

. Conclusions 

We have developed an alternative productivity decomposition 

f structural change that does not depend on share weights. There- 

ore, it is applicable to non-exhaustive survey data such as rotat- 

ng panels. By avoiding the covariance term to measure the Olley- 

akes reallocation effect, the proposed approach is readily applica- 

le for both the level of productivity and the percentage growth 

ecompositions. In addition, our decomposition features a new as- 

ect of structural change by quantifying the contribution of prod- 

ct switch to aggregate productivity growth of the sector. 

The proposed productivity decomposition can obviously be ap- 

lied to any industry or sector where the share weights are am- 

iguous. While the productivity literature has predominantly fo- 
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used on the aggregation of firm-level productivity measures to 

ndustry-level, aggregation of establishment-level productivity to 

he firm level as well as aggregation of industry-level productiv- 

ty to macro-level productivity of the economy would call for more 

igorous investigation to ensure consistency of aggregation and the 

pecification of appropriate share weights. Since our decomposi- 

ion does not depend on the market shares or other share weights, 

t could contribute to bridging the gap between the top-down ap- 

roach of measuring productivity based on aggregate data and the 

ottom-up approach of aggregating productivity measures of indi- 

idual establishments, firms, and industries to higher levels of ag- 

regation. 

In the empirical part of the paper, we applied the proposed de- 

omposition to a rotating panel of Finnish farms to shed light on 

he productivity effects of the major structural change in Finnish 

griculture in the past decades. To our knowledge, our study is one 

f the first attempts to systematically estimate the contribution 

f structural change in agriculture. In particular, we break down 

he aggregate productivity growth of the sector into four compo- 

ents: productivity growth of surviving farms that maintain the 

ame farm type of production, product switch effect, entry and 

xit effect, and the reallocation effect. Our results demonstrate that 

hile all four components are important, reallocation of resources 

ncreased productivity of the sector, whereas product switch had a 

egative effect on productivity of the sector. While the exit of inef- 

cient farms had a positive contribution to the aggregate produc- 

ivity growth during the first ten years of Finland’s EU member- 

hip, the contribution of entry and exit turned temporarily nega- 

ive in years 20 08–20 09. While further research on the sources of 

roductivity growth is clearly needed, our results demonstrate that 

tructural change is without a doubt an important source of pro- 

uctivity growth in the agricultural sector. 

While the empirical part of our paper focuses on agriculture, 

he new productivity decomposition can obviously be applied to 

ny industry or sector where the share weights are ambiguous. 

hile the productivity literature has predominantly focused on the 

ggregation of firm-level productivity measures to industry-level, 

ggregation of establishment-level productivity to the firm level as 

ell as aggregation of industry-level productivity to macro-level 

roductivity of the economy would call for more rigorous inves- 

igation to ensure consistency of aggregation and the specifica- 

ion of appropriate share weights. Since our decomposition does 

ot depend on the market shares or other share weights, it could 

ontribute to bridging the gap between the top-down approach of 

easuring productivity based on aggregate data and the bottom- 

p approach of aggregating productivity measures of individual es- 

ablishments, firms, and industries to higher levels of aggregation. 
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