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Abstract 

This paper studies productivity growth and input reallocation across plants, and scrutinises the wedges 

between the marginal product of inputs and marginal costs hindering the allocative efficiency of factor 

inputs. It finds deterioration of aggregate productivity growth arising from the poor performance of 

surviving firms. Under Constant Elasticity of Substitution (CES) and Hyperbolic Absolute Risk Aversion 

(HARA) preferences, technical efficiency weakened further and reallocation strengthened. Technical 

efficiency interaction with capital-intensity reduced labour distortions, but remained indifferent to capital 

distortions. An increase in capital-intensity for constrained plants raised labour distortions by 4.95% and 

reduced capital distortions by 45.59%. An increase in capital-intensity for unconstrained firms reduced 

capital distortions by 36.84%. 
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1. Introduction 

The large and growing literature on firm dynamics has documented a high degree of heterogeneity 

in plant characteristics and robust resource reallocation across producers. Productivity differences 

in business sectors are huge and persistent, even within narrowly defined industrial classes. The 

explanation given for the dispersion in producer efficiency is that a segment of plants is sluggish 

in innovation, and in adopting frontier production technologies coupled with strong application 

of best practice. However, other salient product market considerations may confound this 

argument. Faced with the non-observability of quantity and price data, the common measure of 

output is annual revenue deflated with industry deflators to real values. The typical presence of 

heterogeneity in product quality may reflect in prices, and price variation may embody market 

power across plants (Peters, 2020). Therefore, measured productivity at firm level may be less 

about production efficiency but an outcome of the relevant market where firms invest in 

productivity growth to charge higher markups (Syverson, 2011; and Bento and Restuccia, 2017). 

Either way, aggregate productivity growth (APG) can increase with an increase in technical 

efficiency, holding constant fixed capital stock and labour inputs. 

Factor input reallocation in a well-functioning market economy moves inputs from low- to high-

activity producers thereby raising industry productivity growth. In this economic environment, 

unproductive firms contract and shut down while plants that produce more output with less inputs, 

or efficient plants, expand and survive. The basis for this kind of plant churning is the value of 

marginal product (VMP)-factor input price gaps precipitated by non-neoclassical factors such as 

distortionary effects of pricing power and input adjustment costs. The literature has however 

documented barriers to cross-plant reallocation of factor inputs to their optimum uses (Bento and 

Restuccia, 2017). Thus, consistent with productivity heterogeneity is the tremendous evidence of 

significant differences in the efficiency with which production resources are deployed across firms 

and their consequential effect on APG.  

The purpose of this paper is broadly two-fold. First, it is to quantify APG and its components to 

establish the asymmetric contributions of input reallocation and technical efficiency under 

different market environments. Secondly, it seeks to establish the effects of state dependence and 

misallocation sources on factor input distortions among incumbent firms. More specifically, it asks 

the following questions: 

1) Does real productivity dominate factor input reallocation across surviving plants under various 

market conditions?  
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2) Are factor-input distortions persistent?  

3) Do interactions between technical efficiency and capital-intensity as well as technical efficiency 

and market power affect factor-input distortions?  

4) Are factor-input distortions for resource-constrained and unconstrained plants affected by 

technical efficiency, capital intensities, and market power? 

This is important for the economy of Eswatini, a country in urgent need for improvement in 

producer competition and competitiveness anchored largely on private sector dynamism featuring 

new innovations and adoption of existing technologies.2 The last two decades ushered in a 

persistent deterioration of economic growth through poor performance in productivity across 

sectors. Opportunities presented by trade liberalization and investment in the Southern African 

Customs Union (SACU) redirected foreign direct investment (FDI) to the larger market in South 

Africa benefiting labour-intensive industries (SACU Policy Review, 2003). New foreign, more 

productive firms entered the market but coexisted with low-productivity domestic firms that were 

already facing supply constraints. Until now, the approach employed to produce these results relied 

on anecdotal evidence, aggregate data and/or different methodologies (Hammouda et al., 2010) 

or small sample surveys (Edwards et al., 2013) to give a static view of economic performance. 

Nonetheless, the results still provide a baseline understanding of intertemporal changes in the 

gross domestic product (GDP).  

Our empirical strategy for the estimation of real productivity derives from control function 

methods applied to the chosen production technology while avoiding the simultaneity biases of 

Ackerberg et al. (2015). In particular, if observed factor inputs are a function of unobserved 

determinants of output as in the first stage of Olley and Pakes (1996) and Levinsohn and Petrin 

(2003), then there is an endogeneity problem in the estimation procedure. Wooldridge (2009) 

modifies the Levinsohn-Petrin estimator to produce consistent results with a single-step in a 

generalized method of moments (GMM) framework. We therefore follow Petrin et al. (2011) and 

Nishida et al. (2014) who adopt the Wooldridge-Levinsohn-Petrin estimator to avoid the 

Ackerberg et al. (2015) criticism.  

This paper shares a common thread with Petrin et al. (2011), Nishida et al. (2014) and Ho et al. 

(2019) who are concerned with the contribution of total factor productivity (TFP) to aggregate 

productivity growth (APG) relative to the contribution of input reallocation. It departs from this 

 
2 In a country report commissioned by the African Development Bank, Edwards et al. (2013) identify state 
involvement in key markets, the supply-side, incentives for investment and exporting, and the land tenure system and 
natural resources as constraints that require liberalization.  
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literature by recasting the decomposition under monopolistic competition with heterogeneous 

firms by drawing from Dhingra and Morrow (2019), Zhelobokdo et al. (2012) and Haltiwanger et 

al. (2018). This allows for; inter alia, variation in the plant heterogeneity in market outcomes 

achieved by scaling the revenue production function elasticities, to recover estimates of physical 

output elasticities, and the related TFP. The choice of HARA market preferences, and the special 

CES case, makes the analysis not only tractable but also places confidence on the notion that 

HARA preferences are an essential restriction of economic analysis (Perets and Yashiv, 2015). 

A preview of the results shows an APG deterioration due to the persistent technical inefficiency 

losses and low input reallocation gains from incumbent firms under price-taking conditions. 

Contrary to most studies (e.g., Ho et al., 2019; and Baqaee and Farhi, 2020), net-entry has a 

significant productivity-enhancing margin to APG. The most significant productivity growth gains 

occurred in 1998/1999 when one large upstream firm sold a production plant to a downstream 

firm. The movement of production from one firm to another is recorded as an entry event in this 

analysis; hence, the high net entry growth in the reference period. Furthermore, markup 

heterogeneity strengthens input reallocation by moving market shares from low- to high-markup 

producers while systematically increasing technical efficiency losses.  

This paper makes several contributions to the literature. First, it produces new results on 

productivity and reallocation under various market conditions for an under-explored Sub-Saharan 

economy. Second, it introduces the more realistic proposition of systematic markup variability and 

quantify the structural decomposition of APG. Third, it deepens the search to determine the state 

dependence of factor-input distortions, the effect of technical efficiency interaction with plant 

characteristics on input distortions, and the role of misallocation measures on input distortions. 

The organization of this paper is as follows. The next section summarizes the theoretical setup of 

APG structural decomposition. Section 3 reviews the dataset and establish its quality and Section 

4 reports APG results under a price-taking market environment. Section 5 presents results from 

monopolistic competition with plant heterogeneity. Section 6 discusses factor input distortions 

and associated drivers. Section 7 summarises and draws conclusions.  

2. The Setup 

2.1. Continuous-Time Expression of Aggregate Productivity Growth 

The structural decomposition of APG advanced by Petrin and Levinsohn (2012) and Petrin et al. 

(2011) (hereafter referred to as PL and PWR, respectively) allows for the computation of several 



5 
 

components that add to the change in aggregate final demand. In this sense, the plant-specific 

production technology is 

𝑄𝑖𝑡 = 𝑄𝑖𝑡(𝐾𝑖𝑡, 𝐿𝑖𝑡, 𝑀𝑖𝑡 , 𝛺𝑖𝑡), ∀𝑖 ∈ 𝑁 and ∀𝑡 ∈ 𝑇,      [1] 

where 𝑄𝑖𝑡 denotes producer-specific output and the arguments chronologically refer to capital, 

labour, intermediates, and the Hicks-neutral log-additive technical efficiency. Given the PL 

definition of APG as the change in aggregate final demand net the aggregate factor input 

expenditure, the output amount that goes into aggregate final demand is 𝑌𝑖𝑡, then 𝑌𝑖𝑡 = 𝑄𝑖𝑡 −

∑ 𝑀𝑖𝑗𝑡
𝐽
𝑗 . After some manipulation of variables and reduction of clutter by dropping the time 

subscript, we express APG in continuous-time as 

𝐴𝑃𝐺 = ∑ ∑ (𝑃𝑖
𝜕𝑄𝑖

𝜕𝑋𝑚
−𝑊𝑖𝑚)𝑑𝑋𝑖𝑚 +∑ ∑ (𝑃𝑖

𝜕𝑄𝑖

𝜕𝑀𝑗
− 𝑃𝑗) 𝑑𝑀𝑖𝑗 + ∑ 𝑃𝑖

𝜕𝑄𝑖

𝜕𝛺𝑖
𝑑𝛺𝑖𝑖𝑗𝑖𝑚𝑖 + ∑ 𝑑𝑁𝐸𝑖𝑖    [2]  

where primary inputs 𝑋 ∈ (𝐿, 𝐾), 𝑃𝑖
𝜕𝑄𝑖

𝜕𝑋𝑚
 and 𝑃𝑖

𝜕𝑄𝑖

𝜕𝑀𝑗
 are respective values of the VMP of the mth 

primary input and intermediates, 𝑊𝑖𝑚 and 𝑃𝑗 are respective wages and intermediate input prices. 

The last but one term represents growth in technical efficiency and the final term represents net-

entry contributions to APG. 

The growth rate of the value-added version of APG in Eq.2 can be presented as  

𝐴𝑃𝐺 = (∑ ∑ 𝐷𝑖
𝑣(휀𝑖𝑚

𝑣 − 𝑠𝑖𝑚
𝑣 )𝑑 𝑙𝑛 𝑋𝑖𝑚𝑚𝑖

⏞                  
𝐼𝑛𝑝𝑢𝑡 𝑅𝑒 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

) + (∑ ∑ 𝐷𝑖
𝑣(휀𝑖𝑗

𝑣 − 𝑠𝑖𝑗
𝑣 )𝑗 𝑑 𝑙𝑛𝑀𝑖𝑗𝑖

⏞                
𝑀𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑅𝑒 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

) +

( ∑ 𝐷𝑖𝑡
𝑣𝑑 𝑙𝑛 𝛺𝑖𝑖

⏞        
𝑅𝑒 𝑎𝑙 𝑃𝑟 𝑜𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦

) + (∫ 𝑑𝑁𝐸
𝑡

𝑡−1

⏞      
𝑁𝑒𝑡𝐸𝑛𝑡𝑟𝑦

)         [3] 

where 𝐷𝑖
𝑣 =

𝑃𝑖𝑄𝑖

∑ 𝑉𝐴𝑖
𝑁
𝑖=1

, 휀𝑖𝑚
𝑣  and 휀𝑖𝑗

𝑣  are industry-specific output elasticities with respect to primary 

and intermediate inputs, and 𝑠𝑖𝑚
𝑣 =

𝑊𝑖𝑚𝑋𝑖𝑚

𝑉𝐴𝑖
 and 𝑠𝑖𝑗

𝑣 =
𝑃𝑗𝑀𝑖𝑗

𝑉𝐴𝑖
 are value-added cost-shares of inputs.  

3.2 Time-Discretization of Aggregate Productivity Growth 

Given the discrete nature of the micro-panel dataset, we rely on the Tonrqvist-Divisia 

approximation of APG above proposed by Petrin and Levinsohn (2012) and applied by Nishida 

et al. (2014). Its discrete form is therefore expressed as 
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𝐴𝑃𝐺 ≅ (∑ 𝐷𝑖
𝑣
∑ (휀𝑖𝑚

𝑣 − 𝑠𝑖𝑚
𝑣
)𝛥 𝑙𝑛 𝑋𝑖𝑚𝑘𝑖

⏞                  
𝐼𝑛𝑝𝑢𝑡 𝑅𝑒 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

) + (∑ 𝐷𝑖
𝑣

𝑖 ∑ (휀𝑖𝑗
𝑣 − 𝑠𝑖𝑗

𝑣
)𝑗 𝛥 𝑙𝑛𝑀𝑖𝑗

⏞                  
𝑀𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑅𝑒 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛

) +

( ∑ 𝐷𝑖
𝑣
𝛥 𝑙𝑛𝛺𝑖𝑖

⏞        
𝑇𝑜𝑡𝑎𝑙 𝐹𝑎𝑐𝑡𝑜𝑟 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦

) + (∑ 𝐷𝑖[1 − ∑ 𝑠𝑖𝑚𝑚 ] − ∑ 𝐷𝑖𝑡−1[1 − ∑ 𝑠𝑖𝑚𝑚 ]𝑖∈𝜒𝑖∈𝐸
⏞                              

𝑁𝑒𝑡𝐸𝑛𝑡𝑟𝑦

)  [4] 

where we drop the subscript 𝑡 in Eq.4 and 𝑚 ∈ (𝐾, 𝐿), 𝐷𝑖
𝑣
=
𝐷𝑖+𝐷𝑖−1

2
, 𝑠𝑖𝑚
𝑣
=
𝑠𝑖𝑚
𝑣 +𝑠𝑖−1

𝑣

2
.  

We estimate separately 𝑙𝑛 𝛺𝑖  in Eq.5 from a value-added production technology using three factor 

inputs as regressors: Working Proprietors (𝐿𝑖
𝑊𝑃), Paid Employees (𝐿𝑖

𝑃𝐸), and Plant, Machinery 

and Equipment (PME) capital (𝐾𝑖
𝑃𝑀𝐸) and estimated as  

𝑙𝑛 𝛺𝑖
𝑣 = 𝑙𝑛𝑉 𝐴𝑖 − (휀𝑗𝑃𝐸

𝑣 𝐿𝑖
𝑃𝐸 + 휀𝑗𝑊𝑃

𝑣 𝐿𝑖
𝑊𝑃 + 휀𝑗𝑃𝑀𝐸

𝐾 𝐾𝑖
𝑃𝑀𝐸).     [5] 

The parametric estimation of plant-level production technologies is performed using the control 

function approach based on the modification of Levinsohn and Petrin (2003)-estimator by 

Wooldridge (2009).   

3. The Data and Preliminary Results 

The unbalanced panel dataset of plants and associated characteristics came in three different files 

from the Central Statistical Office (CSO) of Eswatini. There was one database for large firms, one 

for small firms, and one for fixed capital investments. The three databases were connected through 

firm identity codes and contained information on sales revenue, domestic sales, export sales, capital 

investments, working proprietors and paid workers, wages, and expenditure on material inputs. 

We used industry deflators soured from the World Bank Indicators to convert nominal revenues 

to real values. We deflated salaries and wages with the consumer price index (CPI) sourced from 

the CSO. Data cleaning and selection entailed exclusions involving zero, negative or missing 

employment, revenue, and/or material inputs; respectively, as in Gopinath et al. (2017) for 

southern Europe. The dataset used for analysis had 2 179 plant-year records and 335 firms that 

ever engaged in production in the 1994-2003 period. 

The investment variable at time 𝑡 is measured as 𝐼𝑖𝑡 = 𝐸𝑥𝑝𝑖𝑡 − 𝑅𝑒𝑡𝑖𝑡, where 𝐸𝑥𝑝𝑖𝑡 is expenditure 

on fixed capital investment and 𝑅𝑒𝑡𝑖𝑡 is the retirement of fixed capital investment. The capital 

series measurement was based on the Perpetual Inventory Method (PIM) which takes a first-order 

law-of motion expression, 𝐾𝑖𝑡 = 𝐼𝑖𝑡 + (1 − 𝛿)𝐾𝑖𝑡−1 . This means the current capital stock equates 

to current investment plus previous stock of capital less its depreciation value, 𝛿𝐾𝑖𝑡−1. To obviate 
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the difficulties posed by initial conditions problems, the initial values of the capital series were 

measured as a ratio of the gross capital formation at the beginning of the series to the sum of 

capital depreciation and its growth. That is, 𝐾0 =
𝐺𝐹𝐾0

𝛿+𝑔𝐺𝐹𝐾
, where 𝐾0 is the initial PME capital stock, 

𝐺𝐹𝐾0 is initial gross fixed capital formation of PME, and 𝑔𝐺𝐹𝐾 is the growth rate of PME. We 

‘winsorized’ the capital series to trim one-percentage point of firms at the tails of the capital kernel 

distribution to minimize administrative recording error. There was generally no lumpy investment 

during the sample period, except the large transaction between an upstream plant and downstream 

firm in 1998/1999. The acquiring and outlier firm was not trimmed because of its significant role 

in the economy. 

Representativeness of the census data is gauged through comparison with official data. Figure 1 

presents a graph of inputs in the census dataset and from International Monetary Fund (IMF) 

annual reports. The IMF acquires its data from national statistical agencies, aggregates and 

standardizes it across firms prior to publication in its reports. In the period 1994-1999, the official 

record of fixed capital stock shows relatively rapid growth compared to census capital represented 

by the stock of PME. This variable declined sharply in 2000 only to rise again in 2002 in response 

to admission of Swazi Textile and Apparel industries to the African Growth and Opportunity Act 

(AGOA). These merchandize exports to the US accounted for 4% of total exports since inception 

of the Act. In contrast, the census data shows a steady growth only to converge to official fixed 

capital aggregates in 2003. A similar trend is observed in the case of paid employees; albeit, with 

census employment overshooting its counterpart official employment series. This behaviour of 

employment is also consistent with the entry of new labour-intensive firms in the Textile and 

Apparel from 2001. 
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Note: *Value added and capital stocks are expressed in constant 2000 prices. 

Source: Official Macroeconomic Indicators come from the IMF Annual Country Reports (1999, 

2000, 2003 and 2006) for real capital stock and employment. PE denotes Paid Employees and WP 

denotes Working Proprietors. 

Figure 1: Analysis of Official and Sample Factor Inputs for Data Representativeness 

The 1994-2003 sample period coincides with a trade liberalization episode in the Southern African 

Customs Union (SACU) precipitated by the re-introduction of the South Africa back to the world 

economy. The new and tougher competition presented by the entry of more productive plants in 

the customs union forced the exit of some domestic plants. Local firms further experienced 

supply-side constraints arising from; inter alia, distortionary involvement of government, un-

competitive investment environment, and regulatory restrictions. As a results, economic growth 

measured by GDP fell from eight percentage points in the 1980s to 3.8 percentage points in the 

1990s and 2.3 percentage points in the 2000s. This pattern of growth mirrored in FDI inflows that 

fell from 5.83 percentage points in the 1980s to 2.5 percentage points in the 1990s. Moreover, 

Eswatini has been losing skilled labour to South Africa since inception of trade reforms (Edwards, 

et al., 2013).  

Figure 2 plots the aggregate factor input productivities over the trade reform period for all firms 

in the top panel and for surviving plants in the lower panel. Plants are labelled as survivors or 

incumbents if they are present in the database at both year 𝑡 − 1 and year 𝑡. The measurement of 

factor productivity is expressed as a ratio of real value-added to paid-employees for labour 

productivity and as a ratio of real value-added to fixed capital stock for capital productivity per 

0

500

1000

1500

2000

2500

0

5000

10000

15000

20000

25000

30000

35000

1994' 1995' 1996' 1997' 1998' 1999' 2000' 2001' 2002' 2003'

Em
p

lo
ym

en
t

C
ap

it
al

 S
to

ck
 (

Em
al

an
ge

n
i)

Official Capital Sample Capital Official Employees Sample Employees



9 
 

year. In the case of producer performance in the top panel, labour productivity was marginally 

increasing and more dispersed as depicted by the breadth of the 95% confidence band while fixed 

capital stock was declining and characterized by a narrow band. Although a similar pattern was 

displayed by surviving plants in the bottom panel for both factor inputs, labour productivity 

slightly declined after 1999 due to the exclusion of plant turnover contribution. 

 

Figure 2: Aggregate Factor Input Productivity for All Firms and Survivors  

The observed variability in the distribution of factor input productivity suggests a potential 

reshuffling of resources across producers in the sector. A productivity-enhancing selection 

mechanism shifts input shares of low-productivity firms to efficient plants. In a distorted input 

market; however, the pace of resource reallocation is hampered and sometimes the direction of 

resource movement runs from efficient to inefficient establishments thereby reducing APG (Bils 

et al., 2021). The next section discusses this aspect of firm dynamics in more detail. 

4. Baseline Results Under Price-Taking Market Conditions 

The accounting framework for measuring APG and its components derives from the structuring 

decomposition in Equation 4. The expression is readily estimable using Tornquist–Divisia 

approximations where prices contained in Dorma-weights are updated through a process of annual 
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chain-weighting.  To get input elasticities, we estimate the following Cobb-Douglas production 

specification using the Wooldridge-Levinsohn-Petrin (WLP) for each 2-digit ISIC industry code.3  

Table 1 summarises the results. It decomposes APG (0) into annual within-firm effects, primary 

input reallocation and net entry with three moments each; namely, the mean, median, and standard 

estimated. The second and third columns show changes in real value added and aggregate 

productivity, respectively. It is striking to observe such APG precision in tracking value-added 

output growth. One explanation is the inextricably linked fluctuations between aggregate 

productivity and value-added output. APG responds to; among other things, firm level advances 

in technical change and to cross-plant movements in the value of the marginal product of inputs 

from low to high economic activities. This, in turn, influences value-added output growth. Nishida 

et al. (2014) find similar results for Chile, Columbia and Slovenia, and Ho et al. (2019) for Ecuador. 

On average, the Swazi manufacturing sector reports an estimated annual real value-added growth 

rate of 54.59 percent, and 54.54 percent of that growth comes from APG.  

Table 1: APG Decomposition Using Double-Deflation of Final Output and Intermediate 
Inputs 

Year 
 
 
 

Value-
Added 

Growth 
 
 

APG 
(0) 

 
 
 

APG Decomposition: (0) = (1) + (2) + (3) 

Total Factor 
Productivity 

(1) 
 
 

Reallocation Net 
Entry 

(3) 
 
 

Total Factor 
Reallocation 

(2)  

Capital 
Reallocation 

 

Total Labour 
Reallocation 

  

Paid 
Employees’ 

Reallocation  
1995 7.76 7.71 -4.43 -4.31 -13.07 8.76 3.15 16.45 
1996 23.10 23.03 2.27 -6.98 -8.19 1.21 1.51 27.75 
1997 -44.35 -44.25 -2.69 18.13 8.29 9.84 9.92 -59.69 
1998 265.55 265.30 2.31 -2.38 -2.48 0.10 0.07 265.37 
1999 275.57 275.42 0.64 9.81 6.8 3.01 3.03 264.97 
2000 -16.28 -16.27 -15.30 -5.16 -5.77 0.61 0.74 4.18 
2001 37.42 37.39 9.03 20.10 20.18 -0.08 0.03 8.25 
2002 -20.74 -20.75 -3.56 -29.01 -27.65 -1.36 0.30 11.82 
2003 -36.71 -36.67 -20.74 1.12 -6.02 7.14 9.75 -17.05 

Mean 54.59 54.54 -3.61 0.15 -3.10 3.25 3.17 58.01 
Median 7.76 7.71 -2.69 -2.38 -3.59 1.21 1.51 11.82 
Std Dev 125.32 125.23 9.21 14.88 10.66 4.22 3.96 120.14 

Notes: Numbers in cells are percentage points. The plant-level multifactor productivity uses production 
function parameters that vary across the 2-digit ISIC code obtained by using Wooldridge (2009); i.e., 
ivreg210. APG represents aggregate productivity growth rate with entry and exit, and is the aggregate 
change in final demand minus aggregate change in expenditure in inputs, holding inputs constant. Value-
added output shares (Domar) are weights. APG decomposes into four components: (1) Total Factor 

Productivity, (2) reallocation, and (3) net-entry term, using Eq. 4 in text. 

 
3 The Stata command ivreg210 produces results that are robust to the endogeneity concerns expressed by ACF (2015) 
regarding proxy methods. 
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The contribution of technological progress to APG is the sum of the average Domar-weighted log 

of 𝛥 𝑙𝑛(𝛺𝑖
𝑣), labelled as Total Factor Productivity (𝑡𝑓𝑝𝑟𝑟) in Table 1. In these baseline results, the 

average (median) percentage point change in technical efficiency is -3.61 (-2.69) percent per year 

compared to an average of 0.95 percent for Chile, 0.25 percent for Columbia and 2.17 percent for 

Slovenia in Nishida et al. (2014) generated using the same methods. Robustness checks in Table 

A1 rely on the manufacturing value-added single deflator, respectively, to produce negative 

averages and almost identical medians. As expected, the difference between the baseline and 

robustness results reflects the unsuitability of the selected deflators in the latter statistics. Using 

the standard deviation averaged overtime in the baseline table as a summary measure of dispersion, 

its value of 9.21 summarises firm-level heterogeneity in real productivity. Furthermore, within-

plant productivity growth of APG is positive in only four out of nine years. The observed patterns 

of annual real productivity growth and related moments suggest that the sector experienced a 

dominant decline in year-on-year plant-level 𝑡𝑓𝑝𝑟𝑟. These numbers are concerning given that real 

productivity growth has long-run economic growth effects. 

Looking at input reallocation provides insights into cross-firm movements of economic activity. 

The structural decomposition identifies resource movements from low value of marginal product  

plants to high value marginal product plants thereby increasing APG. APG variation responds to 

the interaction of input growth and the gap between the value of the marginal product and the 

marginal cost. Starting with the ‘Paid Employees Reallocation’ column in Table 1 shows only 

positive annual entries, reflecting cross-plant movements in the labour input from low to high 

economic activity. The average reallocation is 3.17 percent per year and consists of labour 

reallocation from low to high productivity plants, from idle state to productive employment and 

labour reallocation without new employment. Clearly, the average reallocation compares with 1.60 

percent for Chile, 3.63 percent for Columbia and 3.42 percent for Slovenia reported in Nishida et 

al. (2014). However, our penultimate focus is the behaviour of the paid labour resource in response 

to shifts in economic factors that cause movements in the labour market. We first isolate labour 

reallocation from the contribution of all inputs put together. This produces 3.25 percent as the 

average annual rate of labour reallocation, and we report only two instances of negative reallocation 

out of the nine years studied. Paid employment shows growth in every year and accounts for an 

average of about [3.17 ÷ 3.25] 98 percent of all labour reallocated per year. However, and most 

importantly, the magnitude of paid labour reallocation diminishes with time; albeit, with infrequent 

and random positive shocks. If one considers variations in total factor input reallocation, such 

patterns weaken dramatically due to a significant weakening of capital inflows during trade reforms. 
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Thus, the analysis reveals that the contribution by the labour reallocation growth to APG 

overwhelmingly dominates technical efficiency in the manufacturing sector in Eswatini. Firms were 

not investing more in improving production efficiency through innovation and adoption of new 

technologies than they were moving labour to higher activity producers. This conclusion remains 

robust regardless of the deflation procedure used in the estimation of the value-added production 

function. On the other hand, the extensive margin accounts for most of the change in APG. The 

annual average of net entry contribution to APG was 58 percent due to the dramatic increase of 

APG in 1998 and 1999. This pattern of high contribution by net entry is consistent with extensive 

margin effects of trade liberalization that increase opportunities for mergers and acquisitions as 

well as business restructuring and retrenchments. Thus, there is ample space for public policy.  

As is now known from Foster et al. (2016) and more recently Blackwood et al. (2021), 𝑡𝑓𝑝𝑟𝑟 is a 

function of 𝑡𝑓𝑝𝑞 (or technical efficiency of the production technology) scaled by a parameter that 

determines the price elasticity of demand, say, 𝜌, and idiosyncratic demand shifters (or 𝑙𝑛 𝜉𝑖) under 

isoelastic demand conditions. That is, 𝑡𝑓𝑝𝑖
𝑟𝑟 = 𝜌 +itfpq 𝑙𝑛 𝜉𝑖, which abstracts away from sectoral 

output quantities, prices and other aggregate shocks. This means 𝑡𝑓𝑝𝑟𝑟 rises if a firm experiences 

a positive demand shift and/or a technical efficiency boost, holding output elasticity of demand 

constant. Therefore, we follow Eslava and Haltiwanger (2021) in defining 𝑡𝑓𝑝𝑞 as technical 

efficiency, or simply efficiency technology.  

5. Monopolistic Competition with Heterogeneous Markups 

This section replaces the price-taking assumption with a price-setting market environment to 

capture the systematic variability of market power across plants, given that markup pricing is an 

essential determinant of static allocative efficiency (Peters, 2020). Various theoretical fields such 

as international trade, economic growth, and economic geography rely on the CES technology as 

a workhorse modelling tool. Zhelobokdo et al. (2012) and Dhingra and Morrow (2019) employ 

the CES demand function as a special case of their general variable elasticity of substitution (VES) 

models. In what follows, we use heterogeneous markups required by HARA preferences and 

constant markups in the CES demand function as a special case. 

CES Isoelastic Demand: The standard inverse demand function is 𝑃𝑖 = 𝑃𝑠 (
𝑄𝑠

𝑄𝑖
)
1−𝜌

𝜉𝑖, where 𝑃𝑖 

and 𝑃𝑠 are firm-level and aggregate industry prices, 𝑄𝑖 is quantity produced, 𝜉𝑖is an idiosyncratic 

demand shifter, 𝜌 ∈ (0,1) denotes a demand parameter to be estimated that determines the 

elasticity of demand. As argued by Syverson (2019), the steeper the inverse demand curve, the 
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bigger the size of the markup price over marginal cost and the higher the profit maximizing margin; 

i.e., the higher the market power. The constant returns to scale (CRS) production technology 

implies the following revenue function  𝑃𝑖𝑄𝑖 = 𝑃𝑠 (
𝑄𝑠

𝑄𝑖
)
1−𝜌

𝑄𝑖𝜉𝑖. This function can be expressed 

as 𝑃𝑖𝑄𝑖 = =−−

iiiss QQQP  11 𝑃𝑠𝑄𝑠
1−𝜌
𝑄𝑖
𝜌
𝜉𝑖. Taking logarithms on both sides, the function that 

produces the conceptual total factor productivity residual (TFPR) for firm 𝑖 becomes: 

𝑝𝑖 + 𝑞𝑖 = 𝑝𝑠 + (1 − 𝜌)𝑞𝑠 + 𝜌𝑞𝑖 + 𝑙𝑛 𝜉𝑖 = 𝑝𝑠 + (1 − 𝜌)𝑞𝑠 + 𝜌(∑ 𝛼𝑗𝑥𝑖𝑗
𝐽
𝑗=1 + 𝑎𝑖) + 𝑙𝑛 𝜉𝑖 [4] 

where 𝛼𝑗 represents factor 𝑗 elasticity of output quantity 𝑖, 𝑎𝑖 = 𝑡𝑓𝑝𝑞𝑖 is technical efficiency and 

𝑥𝑖𝑗 denotes factor inputs. This enables the characterization of the total factor productivity 

(𝑇𝐹𝑃𝑖
𝑟𝑟) based on consistent estimation by regression  

𝑡𝑓𝑝𝑖
𝑟𝑟 = 𝑝𝑖 + 𝑞𝑖 − ∑ 𝜌𝛼𝑗

𝐽
𝑗=1 𝑥𝑖𝑗 = 𝑝𝑠 + (1 − 𝜌)𝑞𝑠 + 𝜌𝑎𝑖 + 𝑙𝑛 𝜉𝑖    [5] 

where 𝜌𝛼𝑗 = �̂�𝑗 , 𝑡𝑓𝑝𝑖
𝑟𝑟 = 𝑝𝑖 + 𝑞𝑖 −∑ 𝛼𝑗

𝐽
𝑗=1 𝑥𝑖𝑗 or 𝑡𝑓𝑝𝑖

𝑟𝑟 = 𝜌 × 𝑡𝑓𝑝𝑞. 

In this set-up, the physical industry output 𝑞𝑠 is represented by deflated industry revenues as in 

Foster et al. (2017). In the absence of data sparsity constraints, one can draw from Klette and 

Grilitches (1996) who estimate �̂�𝑗and �̂�𝑗 jointly. 

HARA Preferences: In this section, we generalize the CES demand structure to a VES economy. 

As Haltiwanger et al. (2018) and Dhingra and Morrow (2019) demonstrate, a strictly increasing 

and concave general HARA utility of the form 

𝑢(𝑄𝑖) = 𝜉𝑖 × [(
𝑄𝑖

1−𝜌
+ 𝛼)

𝜌

− 𝛼𝜌] × (
𝜌

1−𝜌
)
−1

, 

where 𝜉𝑖 is a plant-specific demand shifter, 𝛼 >
𝑞

𝜌−1
 and 𝜌 ∈ (0,1) are demand parameters to be 

estimated; yields APG results that are consistent with fundamental economic reasoning.4 If 𝛼 =

0, preferences reduce to the CES utility function which purges all pro-competitive effects in the 

market due to markup and demand invariance to shocks; 𝜌𝐶𝐸𝑆 = (1 + 𝜇)
−1.  

Similarly; if 𝛼 ≠ 0, the inverse residual demand curve for differentiated products is  

 
4 See Perets and Yashiv 2015 who assert that a HARA demand structure is not only useful because of its tractability, 
but it arises from fundamental economic motivation. It is also crucial to distinguish between the demand parameter  

𝛼 and the factor-input  𝑗 elasticity 𝛼𝑗 . 
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𝑃𝑖 = 𝑢′(𝑄𝑖) = 𝜉𝑖 × (
𝑄𝑖
1 − 𝜌

+ 𝛼)
𝜌−1

 

where 𝜌 − 1 is the inverse of the price elasticity of demand. From this preference structure, profit 

maximization under monopolistic competition leads to variable markups of the form 

1 + 𝜇𝑖 =
𝑢′(𝑄𝑖)

𝑢′(𝑄𝑖)+𝑢′′(𝑄𝑖)𝑄𝑖
=

𝑄𝑖+𝛼(1−𝜌𝐻𝑖)

𝜌𝐻𝑖𝑄𝑖+𝛼(1−𝜌𝐻𝑖)
 

The demand parameter can be estimated for each product variety for single-product 

establishments. When 𝛼 = 0, the expression above reduces to a constant CES markup, 𝜌−1. 

Conditional on 𝛼 > 0 for all product varieties, variable markups are an increasing function of 

demand shocks and underlying production technologies embodied in output, see Foster et al. 

(2018). Table 2 presents a summary and implications of the two commonly used utility functions 

that we adopt to scale the components of our APG accounting framework under price-setting 

schemes. The characterization of the product market with a CES demand function implies that 

the elasticity of substitution is constant and common across all product varieties in column 2. 

Other drawbacks of imposing CES market conditions imply unresponsive preferences to market 

changes, invariance of prices and markups to plant-turnover, absence of correlation between plant 

size and consumer base, etc. (Zhelobokdo, et al., 2012). The analysis here therefore relies on 

average markups to derive the inverse of the demand parameter in column 3 that is necessary to 

scale APG determinants. In contrast, the characterization of the HARA economy in column 2 

presents the variable markup as a function of product-specific real output and demand parameters. 

Thus, the last column presents an expression for the HARA scaling factor, 𝜌𝐻𝑖, at the producer-

level as a function of product-specific output, markups and demand parameter. 

Table 2: Summary and Implications of Market Conditions  

Market Conditions Markup, 𝝁 Demand Parameter, 𝝆 

CES 𝜇𝐶𝐸𝑆 = 𝜌𝐶𝐸𝑆
−1 𝜌𝐶𝐸𝑆 = 𝜇𝐶𝐸𝑆

−1 
HARA 

1 + 𝜇𝑖 =
𝑄𝑖 + 𝛼(1 − 𝜌𝐻𝑖)

𝜌𝐻𝑖𝑄𝑖 + 𝛼(1 − 𝜌𝐻𝑖)
 𝜌𝐻𝑖 =

𝑄𝑖 − 𝛼𝜇𝑖
𝑄𝑖 − 𝛼𝜇𝑖 + 𝑄𝑖𝜇𝑖

 

To fix ideas about Table 2, a back-of-an-envelope calculation that fixes 𝛼 = 26 and 𝜌𝐻𝑖 = 0.5, 

defining the inverse price elasticity of demand as 1 − 𝜌
𝐻𝑖
= 0.5 and choosing quantity as 𝑄𝑖 =

500𝑘𝑔, the markup generated by this process is (1 + 𝜇
𝑖
) =1.95. This proof-of-concept example 

compares well with Foster et al. (2017) who found an average markup of (1 + 𝜇) =2.08 and an 

implied average demand parameter of 𝜌 = 0.48 that is common to all industries in the US.  
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Clearly, the non-observability of quantities and/prices in our panel data hinders the estimation of 

the product-specific 𝛼𝑠 and therefore the demand parameter 𝜌𝑠.
5 In this study, we therefore fix 

𝛼 = 26 for the HARA economy and proxy the quantity 𝑄𝑖 with an indicator of double-deflated 

industry-level revenue as in Foster et al. (2017). Variable markups are measured as 𝜇𝑖 =
𝑃𝑖𝑄𝑖−𝐶𝑖𝑄𝑖

𝐶𝑖𝑄𝑖
 to 

estimate the parameter that defines the demand elasticity, 𝜌𝐻𝑖 , for each variety needed to scale the 

components of APG. This obviates the need to use the production approach, given the sparsity 

of the panel data that produces negative, zero, and inestimable coefficients for supply-side 

production technologies. 

Table 3 reports results under different price-setting schemes to determine plant-level technical 

efficiency and factor input reallocation. In Panel A, the static markup over constant marginal cost 

based on Mhlanga and Rankin (2021) for the same dataset is �̂�𝐶𝐸𝑆 = 0.62 and the implied elasticity 

of demand parameter is �̂� = (1 + 0.62)−1. The estimated value of 𝜌 in the CES and HARA 

worlds is used to scale 𝑡𝑓𝑝𝑟𝑟𝑟 to produce technical efficiency, tfpq, and scale revenue elasticities 

to produce quantity-based estimates of factor input elasticities (�̂�𝑗).  

Table 3: Productivity and Reallocation Controlling for CES and HARA Markup Pricing  

PANEL A: Constant Markups; i.e.,
 
𝝆𝑪𝑬𝑺 = (𝟏 + 𝝁𝑪𝑬𝑺)

−𝟏, where  𝝁𝑪𝑬𝑺 = 𝟎. 𝟔𝟐  

Year 
Technical 
Efficiency  

Total Factor 
Reallocation 

Labour 
Reallocation 

Capital 
Reallocation 

1995 -5.45 1.43 2.29 -0.86 
1996 1.30 8.09 0.45 7.64 
1997 -2.36 -9.32 13.07 -22,39 
1998 0.39 162.14 1.83 160.31 
1999 1.10 178.16 5.15 173.01 
2000 -23.38 -7.05 0.70 -7.75 
2001 12.26 39.80 -0.14 39.94 
2002 -9.38 -35.91 -0.17 -35.74 
2003 -34.97 -7.13 15.40 -22.53 

Mean -6.05 36.69 3.86 32.83 
Median -1.19 1.43 1.26 0.17 
Standard Deviation 13.67 78.29 5.73 72.56 

 PANEL B: Heterogeneous Markups; i.e., 𝜌𝐻𝑖 =
𝑄𝑖−𝛼𝜇𝑖

𝑄𝑖−𝛼𝜇𝑖+𝑄𝑖𝜇𝑖
 and 𝛼 = 26 

Year 
Technical 
Efficiency  

Total Factor 
Reallocation 

Labour 
Reallocation 

Capital 
Reallocation 

1995 -17.01 423.13 -92.59 515.72 
1996 0.51 -379.78 35.27 -415.05 
1997 -6.79 271.46 76.16 195.3 
1998 21.00 -133.51 -126.25 -7.26 
1999 13.01 4.52 -13.50 18.02 
2000 -160.18 863.83 9.74 854.09 
2001 14.85 -611.70 -75.39 -536.31 

 
5 Haltiwanger et al. (2018) estimate the product-specific 𝛼 by regressing log prices on log quantities and inverse 

quantities in levels. They rely on the proportionality relationship between 𝛼𝑖 and 𝑄𝑖 ; i.e., a choice of any adjustment 

factor applied to 𝑄𝑖  changes 𝛼𝑖 by the same factor. 
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2002 -19.23 64.55 12.50 52.05 
2003 -141.41 -173.76 -31.05 -142.71 

Mean -29.52 36.53 -20.51 57.04 
Median -3.39 4.52 -6.75 11.27 
Standard Deviation 65.38 441.24 61.85 379.39 

Notes: Numbers in cells are percentage points. The plant-level multifactor productivity uses production function 

parameters that vary across the 2-digit ISIC code obtained by using Wooldridge (2009); i.e., ivreg210. APG represents 

aggregate productivity growth rate with entry and exit, and is the aggregate change in final demand minus aggregate 

change in expenditure in inputs, holding inputs constant. Value-added output shares (Domar) are weights. APG 

decomposes into: (1) technical efficiency, and (2) reallocation using Eq. 4 in text. 

Source: Author’s Calculations 

Clearly, the transition from a price-taking environment in table 1 to a CES world in table 3, Panel 

A, reduces total factor productivity 1.7-fold as a result of the common markup pricing. Technical 

efficiency under constant markups was positive in only four of the nine years. The introduction of 

common markup pricing raised productivity differentials among firms as measured by the standard 

deviations. In contrast, factor input reallocation increased from 0.15 percentage points to 36.69 

percentage points, driven by fixed capital stock reallocation at an annual average of 32.83 

percentage points. Incumbent firms with small marginal product-marginal cost gaps were on 

average moving capital and labour to firms with larger gaps. These firms operating under CES 

generated more productivity gains from input reallocation than they did through within-firm 

effects.  

In a HARA economy with markup heterogeneity across establishments, technical efficiency 

dropped further a 4.9-fold from CES market conditions, with only four instances of positive 

measures of within-firm production efficiency.6 On the other hand, the aggregate input 

reallocation remained fundamentally unchanged from the CES outcome. The labour input 

suffered significant productivity losses of 20.51 percentage points, while capital retained high 

productivity gains at 57.04 percentage points. Taking markup variability at product level into 

account, the HARA scaling factor has a fortiori significant magnification effects on the individual 

determinants of APG and increased dispersion in measures of technical efficiency and factor input 

reallocation. Therefore, the robust finding is that APG gains in the sample period came from the 

reallocation of factor inputs from inefficient to more efficient plants and suffered technical 

efficiency losses. 

 
6 Foster, Kulick, and Syverson (2018) present an empirical relationship between logged prices and quantities, demand 
parameters and shifters, and then interact all product-level fixed effects with the inverse of the quantity variable to 

allow the demand parameter 𝛼 to vary at product level. The present paper achieves the parametric variation at product 
level by relying on HARA preferences. 



17 
 

Plants with higher fundamentals are a priori more likely to grow and survive, Blackwood et al. 

(2021). The Schumpeterian models of growth in the genre of Aghion et al. (2015) emphasise the 

role of innovation and adoption under conditions of industry competition in spurring productivity 

growth. Firms can innovate to improve growth in fundamentals. This can involve innovation to 

engage in creative destruction of existing competitors’ products, improve own-products, or to 

produce new varieties. Plant-level efforts to influence technical change tend to involve 

identification, adoption and deployment of existing production technologies under superior 

managerial efficacy as advocated by Bloom et al. (2013). Relying on indirect inference, Garcia et 

al. (2019) found that incumbent producers account mostly for own-product improvements than 

for creative destruction or new brand development. Giorcelli (2019) found complementarity 

between management practices and technological transfer augment long-run productivity effects 

within production units. Improvements in intangible capital such as information technologies, 

innovative business processes, and human and organizational capital are also gaining momentum 

in explaining within-plant productivity growth. Although the foregoing plant-level interventions 

are necessary for technical efficiency improvement, they are not sufficient to deliver the desired 

industrial outcomes. Prudent public policy may be required. 

This section has exposed patterns of unobserved heterogeneity in plant-level productivity hidden 

in the standard deviation reported in Table 3. Such heterogeneity in productivity suggests a 

potential for resources in affected sectors to reallocate from low- to high-VMP of factor inputs, 

conditional on efficiently functioning markets. What emerges clearly in this dataset is that the CES 

economy exhibits a market environment with washed out competitive effects relative to the HARA 

world. However; when markets are generally distorted, productive and unproductive surviving 

plants coexist. Therefore, the object of the next section is to isolate incumbent plants to conduct 

an in-depth analysis of factor input distortions and resource misallocation.  

6. Firm Characteristics and Input Distortions Under HARA Preferences 

The evidence on APG suggests that factor input reallocation is an important channel for 

productivity enhancement. This is captured more vividly in the relationship between reallocation 

and misallocation where we define the latter as the value of additional output that would be 

achieved if all gaps between VMPs and input costs were eliminated. Thus, this section is concerned 

with dynamics of input distortions and associated effects of various dimensions of misallocation 

sources. It specifically seeks to determine state dependence in factor distortions, establish 

distortionary effects of interactions between technical efficiency and plant characteristics, and 

identify the connection between firm characteristics and factor input market frictions. When the 
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architecture of the product market changes from price-taking to monopolistic competition with 

heterogeneous firms, the contributions to APG coming from input reallocation are amplified. To 

understand the extent of factor input misallocation among incumbent plants, we analyse the 

connection with plant characteristics and the misallocation measures. The key is to identify the 

firm-specific distortions/wedges, 𝜏𝑖𝑡
𝑚, ∀𝑚 ∈ (𝐿𝑖𝑡, 𝐾𝑖𝑡), that distort labour and capital inputs. One 

therefore normalizes the factor input cost-shares to present them as percentages of output shares 

and construct the expression of factor input distortions as 

𝜏𝑖𝑡
𝑚 =

𝜌𝐻𝑖
−1𝜀𝑖𝑡

𝑣𝑚−𝑠𝑖𝑡
𝑚

𝑠𝑖𝑡
𝑚  . 

The measurement outcome of input distortions delivers either negative, zero or positive results, 

depending on sign(𝜌𝐻𝑖
−1휀𝑖𝑡

𝑣𝑚 − 𝑠𝑖𝑡
𝑚
). Thus, resource misallocation occurs when 𝜏𝑖𝑡

𝑚 ≠ 0 in the 

production technologies adopted by firms.  

6.1. State Dependence of Input Distortions: To understand the role of 𝑡 − 1 industrial 

distortions on 𝑡 wedges, we construct an empirical model for the estimation of first-order state 

dependence as  

=m

it 𝜆0+𝜆𝑚𝜏𝑖𝑡−1
𝑚 +𝛤𝑋𝑖𝑡+𝜋𝑡+𝜋𝑗+𝜋𝑖+𝜍𝑖𝑡,       [4] 

where the 𝜆′𝑠 are parameters of interest estimated conditional on potential sources of 

misallocation; i.e., 𝑋𝑖𝑡 ∈ (𝑡𝑓𝑝𝑞𝑖𝑡, (1 + 𝜇𝑖𝑡), 𝑙𝑛 (
𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸 )). The vector of parameters related to these 

misallocation sources is contained in 𝛤′. The parameters 𝜋𝑡 , 𝜋𝑗and 𝜋𝑖 are respective time, industry 

and plant fixed-effects while 𝜍𝑖𝑡 are firm-specific random disturbances. The model captures any 

persistence in factor input distortions, and one workhorse method of modelling this class of 

problems is the generalized method of moments (GMM). 

Table 4 reports estimates of the GMM model. In the case where 𝑋𝑖𝑡 is endogenous with respect 

to 𝜍𝑖𝑡, we rely on moment conditions 𝐸(𝑋𝑖𝑡−𝑠𝛥𝜍𝑖𝑡) = 0 ∀𝑠 ≤ 𝑡 − 2 to abstract away from those 

moment conditions that are only valid for predetermined or exogenous covariates. With  𝑋𝑖𝑡 

predetermined, the moment conditions become 𝐸(𝑋𝑖𝑡−𝑠𝛥𝜍𝑖𝑡) = 0, ∀𝑠 ≤ 𝑡 − 1. In the case of 

strict exogeneity tests for misallocation sources, we rely on moment conditions 𝐸(𝑋𝑖𝑠𝛥𝜍𝑖𝑡) = 0, 

∀𝑠, 𝑡, where 𝑠 ≠ 𝑡, as in Kiviet (2020).  

A further feature of the model is that the interaction between time-effects, contemporaneous and 

previous regressors as T increases leads to an explosion of instrumental variable (IV) count relative 
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to the cross-sectional sample size (Roodman, 2009a, b). In order to control for IV proliferation, 

we rely on two choices that are available for this analysis. First, one potential action involves 

curtailing the IV lag-length to keep the number of instruments lower than the sample size. Thus, 

we curtail the IV lag-length to 𝑡 − 4. Second, the other action entails collapsing IVs to linearize an 

otherwise quadratic IV model in T as emphasized by Roodman (2009a, b). The process of first 

differencing an unbalanced panel dataset also creates gaps due to missing data points. In the same 

vein, the small cross-sectional sample size at our disposal aggravates this situation. To circumvent 

the problem of excessive data losses, we apply the forward-orthogonal deviations procedure based 

on Helmert data transformation methods developed by Arellano and Bover (1995):  

�̃�𝑡𝜏𝑖𝑡
𝑚 = 𝜆�̃�𝑡𝜏𝑖𝑡−1

𝑚 + �̃�𝑡𝑋𝑖𝑡
′ 𝛽 + �̃�𝑡𝜍𝑖𝑡 , 

where �̃�𝜍𝑖𝑡 = √
𝑇−𝑡+1

𝑇−𝑡
× (𝜍𝑖𝑡 −

1

𝑇−𝑡+1
∑ 𝜍𝑖,𝑡+𝑠
𝑇−𝑡
𝑠=0 ) for firm 𝑖 at time 𝑡. We also use the Helmert 

data transform to compute forward orthogonal deviations for factor input distortions and 

misallocation variables. In order to capture global shocks that affect domestic factor input 

distortions periodically, we introduce 𝑇 − 1 year-effects and use them as IVs along with all 𝑋𝑖𝑡 

variables and 𝜏𝑖𝑡
𝑚. Inference is also enhanced by implementing Windmeijer-correction to control 

for any downward biasness in standard errors typically induced by; inter alia, data sparsity.  

Table 4: State Dependence of Factor Input Distortions Based on the Two-Step GMM 
(SYSTEM) Estimator under HARA Preferences 

Variables 

Labour Distortions  Capital Distortions 

b/se    b/se    b/se    b/se b/se b/se 

𝜏𝑖𝑡−1
𝐿  

  

0.53*** 
(0.15) 

0.40** 
(0.13)     

0.53*** 
(0.13)    

 

   

𝜏𝑖𝑡−1
𝐾  

    

 -0.05 
(0.36) 

-0.20 
(0.22) 

-0.03 
(0.32) 

𝑙𝑛 (𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸

⁄ ). 
-0.94 

(2.67)     
 5.70 

(13.90)   

𝑙𝑛 (𝐾𝑖𝑡−1
𝑃𝑀𝐸

𝐿𝑖𝑡−1
𝑃𝐸

⁄ ) 
0.43 

(2.84)      
 -6.74 

(5.13)   

1 + 𝜇𝑖𝑡 
   

7.45 
(8.65)     

 

 
36.35* 
(15.84)  

1 + 𝜇𝑖𝑡−1 
   

-2.59 
(6.82)    

 

 
67.81 

(64.16)  

𝑡𝑓𝑝𝑞𝑖𝑡  
    

0.54 
(1.32)   

 

  
-6.74 

(12.98) 

𝑡𝑓𝑝𝑞𝑖𝑡−1 
    

-3.07 
(2.09)       

 

  
6.76 

(16.66) 
Constant 
  

7.51  
(14.20)   

-7.18  
(4.52)      

0.67 
(1.21)       

 21.14 
(162.08) 

61.36* 
(30.54) 

11.88 
(7.71) 

Year Fixed Effects Yes Yes Yes  Yes Yes Yes 

Diagnostic Statistics        
NT 423 110 425  423 109 423 
N 104 34 104  104 34 104 
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ar2 -0.51    -0.94    -0.64     -0.60 -1.43 -0.68 
ar2p 0.61    0.35    0.52     0.55 0.15 0.49 
Sargan 123.02    47.74    122.13     132.66 53.75 138.04 
Sargan-p 0.00    0.00    0.00     0.00 0.00 0.00 
Hansen 23.98    23.87    21.56     26.31 15.22 51.76 
Hansen-p 0.35    0.35    0.47     0.24 0.85 0.00 
Hansen J 31.00    31.00    31.00     31.00 31.00 31.00 
Number of Instruments (Z) 31 31 31  31 31 31 
chi2 47.05    41.96    40.60     9.10 32.56 83.50 
chi2-p 0.00    0.00    0.00     0.33 0.00 0.00 

Notes: Cluster-robust standard errors in parentheses. * p<0.05, ** p<0.01, *** p<0.001.  

Source: Author’s Calculations 

We estimate the Two-Step GMM (System) using Blundell and Bond (2000) and model diagnostics 

suggest that the dataset supports this estimator. In particular, the statistics for AR(1) and AR(2) 

reject serial correlation thereby confirming the suitability of using at least 𝑇 − 2 lag-depth for IVs. 

For overidentification restrictions, the chosen lag-depth passes the Sargan-Hansen test. At the 

same time, the problem of instrument proliferation is well under control; i.e., 𝑍 < 𝑁, where 𝑍 is 

the number of instruments. Therefore, a statistically significant parameter of interest, 𝜆𝑚 ∀𝑚 ∈

(𝐿, 𝐾), reflects true state-dependence, conditional on the error term 𝜍𝑖𝑡 not being serially 

correlated. This coefficient of interest measures the proportion of variation in factor input 

distortion(s) a period later; that is, a unit increase in 𝜏𝑖𝑡−1
𝑚  increases 𝜏𝑖𝑡

𝑚 by 𝜆𝑚. As the first column 

shows, a unit percentage increase in labour market frictions at 𝑡 − 1 strongly correlates with labour 

distortions at year 𝑡, with regression coefficient given as 𝜆𝐿 ∈ (0.4, 0.53) percent on 𝜏𝑖𝑡−1
𝐿 . This 

means that the lagged labour distortion is a reliable predictor of future labour distortions at the 

level of the firm.  

In contrast, it is important to note that previous period variation in fixed capital stock has no effect 

on current capital. One recognizes that PME investments constitute a sunk cost because of 

industry- or firm-specificity that renders investment expenditure irreversible, Pindyck (1991). 

Trade reforms may have created uncertainty about the location of a business venture in the 

customs union, and investors exercised their option to wait until that uncertainty is resolved. The 

effect of this would entail scarcity of lumpy capital investment and insufficient variability in the 

PME fixed capital stock to affect the pattern of wedges in capital.  

Looking at the capital distortions column, the estimates of the first-order dynamic panel data 

model show that 𝜆𝐾(𝑖𝑡−1) on 𝜏𝑖𝑡
𝐾 is insignificantly different from zero. Model adjustment using 

various controls does not alter the results. Unlike in Eberly et al. (2012), there is no state-

dependence in capital distortions in Eswatini. As such, the elasticity of demand for capital 
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investment is nearly as much constrained in variability as the capital cost-share in the sample 

period; i.e., 휀𝑖𝑡
𝑣𝐾 − 𝑠𝑖𝑡

𝐾
≅ 0. This aligns with irreversibility of capital investment where there are 

long spells of investment inactivity (see, for example, Bigsten et al., 2005). This is the idea that 

capital markets are at best very thin or at worst non-existent in developing countries. Once capital 

is installed, its industry-specificity and the lemons problem erode its commercial value to zero or 

scrap level unless it is used in production, Bertola and Caballero (1994).  

In general, a large literature on firm-level panel data studies finds that productive firms charge 

higher prices and *more capital intensive, among other things (Peter, 2020; and Oberfield and 

Raval, 2021). This creates an expectation that efficient producers are located in high price-cost 

margin and capital-intensive industries. The next subsection addresses this question.  

6.2. Impact of Productivity Interaction with Firm Characteristics on Distortions: The 

early literature is replete with empirical evidence revealing that firms are heterogeneous in many 

of their characteristics such as capital intensity and productivity (Pavcnik, 2002), and more recently 

markups (Peters, 2020). The received wisdom is that exporters; for instance, are more productive, 

more capital intensive, and charge higher prices relative to non-exporters and ‘boutique’ firms 

downtown. It is therefore instructive to investigate the impact of the interaction between 

idiosyncratic productivity and capital intensity as well as idiosyncratic productivity and markups 

on factor input distortions.  

If firms with high measured technically efficiency are also capital-intensive and operate in high 

markup industries, then we should observe positive distortionary effects of measured 

productivity/capital intensity and measured productivity/markup interactions on capital 

distortions and negative on labour distortions. To verify or refute this hypothesis, we rely on Two-

Stage Least Squares (TSLS) regression methods to estimate the coefficients on the interacted 

explanatory variables; i.e., 𝑡𝑓𝑝𝑞𝑖𝑡 × 𝑙𝑛 (𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸

⁄ ) and 𝑡𝑓𝑝𝑞𝑖𝑡 × (1 + 𝜇𝑖𝑡) as well as fixed effects. 

The aim is to determine if the coefficients on these terms are statistically significant to warrant 

their inclusion in any structural model of factor input distortions. This requires distinguishing 

between endogeneity and strict exogeneity in the three covariates used in the TSLS model. 

Following Bun and Harrison (2019), the resulting empirical model specification is  

𝜏𝑖𝑡
𝑚= 𝛽0 + 𝛽1 𝑡𝑓𝑝𝑞𝑖𝑡 + 𝛽2 𝑙𝑛 [

𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸 ] + 𝛽3 [𝑡𝑓𝑝𝑞𝑖𝑡 × (1 + 𝜇𝑖𝑡)]+𝛽4 (1 + 𝜇𝑖𝑡)+𝐹𝐸𝑖𝑗𝑡 +휀𝑖𝑡  [5] 

where FE includes industry and year fixed-effects, and 휀𝑖𝑡 is the white noise.  
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The goal of Eq.5 is to estimate 𝛽3 consistently and test for the null that 𝐻0: 𝛽3 > 0 for capital 

distortions and 𝐻0: 𝛽3 < 0  for labour distortions. To pin down this parameter to ensure efficient 

estimation, the reduced form specification is  

1 + 𝜇𝑖𝑡 = 𝑓 (𝑡𝑓𝑝𝑞𝑖𝑡,
𝐾
𝑃𝑀𝐸

𝐿
𝑃𝐸 ) + 𝜂𝑖𝑡 

that requires 𝑐𝑜𝑣(1 + 𝜇𝑖𝑡, 𝑡𝑓𝑝𝑞𝑖𝑡) ≠ 0, else markups are homogeneous. Bun and Harrison (2019) 

suggest a second-order polynomial instrumental variable form (IVF) for the identification of the 

interaction elasticity as shown by the following vector of excluded instruments. These internal 

instruments, or 𝑧𝑖𝑡, are exogenous and strong for 𝛽3, and their nonlinear form guarantees their 

relevance. That is, 

𝑧𝑖𝑡 = [(𝑡𝑓𝑝𝑞𝑖𝑡)
2, (𝑙𝑛 [

𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸 ])

2

, (𝑡𝑓𝑝𝑞𝑖𝑡 × 𝑙𝑛 [
𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸 ]) , (𝑙𝑛 [

𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸 ])

2

× 𝑡𝑓𝑝𝑞𝑖𝑡 , ((𝑡𝑓𝑝𝑞𝑖𝑡)
2 × 𝑙𝑛 [

𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸 ])]

′

 . 

Table 5 reports regression coefficients of multiplicative effects of 𝑡𝑓𝑝𝑞𝑖𝑡 × (1 + 𝜇𝑖𝑡) and  

𝑡𝑓𝑝𝑞𝑖𝑡 × 𝑙𝑛 (𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸

⁄ ) on each input distortion. The results show that the behaviour of high 

productivity firms in high markup industries has no influence in the variation of either of the factor 

input distortions, in sharp contrast to the stated hypothesis about 𝛽3 . That the technical efficiency-

markup interaction is insignificant suggests that there is limited variability in markups potentially 

as a response to the newly emerging tougher competition in the customs union. 

Table 5: TSLS Regression of Technical Efficiency Interaction with Firm Characteristics  

 Labour Distortions  Capital Distortions 

Variables b/se b/se  b/se b/se 

𝑡𝑓𝑝𝑞𝑖𝑡 × (1 + 𝜇𝑖𝑡) 
  

1.32   0.78  
(2.27)   (3.05)  

𝑡𝑓𝑝𝑞𝑖𝑡 × 𝑙𝑛 (𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸

⁄ ) 
 

 -5.97*   29.13 

 (2.52)   (16.19) 
Constant 
  

21.82 7.05  -16.33 32.01 
(18.75) (16.81)  (17.96) (23.22) 

Year Fixed Effects
 

Yes Yes  Yes Yes 

Notes: p*<0.01.  

Source: Author’s calculations. 

On the other hand, the coefficient on the 𝑡𝑓𝑝𝑞𝑖𝑡 × 𝑙𝑛 (𝐾𝑖𝑡
𝑃𝑀𝐸

𝐿𝑖𝑡
𝑃𝐸

⁄ ) interaction is significant at 10% 

level for labour and insignificant for capital distortions. The substitution of fixed capital stock for 
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labour for productive plants reduces labour distortions by 5.97 percentage points. Firms were not 

investing in PME capital resources but potentially concentrated on capital maintenance just to 

keep the businesses operating. In such circumstances, capital obsolescence becomes a prominent 

characteristic of plants and productivity is compromised. 

6.3. Effects of Misallocation Sources on Distortions: The APG results under different 

market assumptions in table 2 and table 3, respectively, reveal that factor input reallocation remain 

an important channel among incumbent firms. In what follows is a dissection of the data into 

input-constrained and unconstrained firms to uncover the relationship between sources of 

misallocation and factor input wedges. Although there is a range of candidate misallocation 

sources, our analysis isolates firm-level pricing power, technical efficiency, and factor intensity.7 

Producer market power is included because of its systematic variability that causes market-share 

to reallocate from low- to high-markup firms (De Loecker et al., 2020; and Peters, 2020). Plant 

heterogeneity in productivity facilitates growth and survival of high technical efficiency plants 

while unproductive establishments contract and exit the market (Nishida et al., 2014; and Ho et 

al., 2019). These Darwinian forces lead to increases in APG. Factor intensity reflects the extent of 

the misallocation of an input and gives insight to the APG contribution coming from a specific 

factor input (Ho et al., 2019; and Oberfield and Raval, 2021). We therefore adopt and estimate the 

following fixed effects model  

𝜏𝑖𝑡
𝑚 = 𝛽𝑦𝑒𝑎𝑟 + 𝐼{𝜏𝑖𝑡

𝑚 ≥ 0} × {𝛽𝑡𝑓𝑝𝑞
+ 𝑡𝑓𝑝𝑞𝑖𝑡−1 + 𝛽𝐾/𝐿

+ 𝑙𝑛 (
𝐾𝑖𝑡−1
𝑃𝑀𝐸

𝐿𝑖𝑡−1
𝑃𝐸 )+ 𝛽𝜇

+(1 + 𝜇𝑖𝑡−1)} 

+ 𝐼{𝜏𝑖𝑡
𝑚 < 0} × {𝛽𝑡𝑓𝑝𝑞

− 𝑡𝑓𝑝𝑞𝑖𝑡−1 + 𝛽𝐾/𝐿
− 𝑙𝑛 (

𝐾𝑖𝑡−1
𝑃𝑀𝐸

𝐿𝑖𝑡−1
𝑃𝐸 ) + 𝛽𝜇

−(1 + 𝜇𝑖𝑡−1)} + 𝜔𝑖𝑡   [6] 

where 𝛽𝑦𝑒𝑎𝑟 denotes year fixed-effects and 𝜔𝑖𝑡 is random noise. The indicator function 𝐼(•) is 

equal to one if the argument holds and zero otherwise. The interaction terms distinguish between 

input-constrained and input-abundant regimes of plants together with associated input wedges.  

A closer look at the distribution of undersized plants, or 𝜏𝑖𝑡
𝑚 ≥ 0, (not reported due to space 

constraints) shows that input-constrained firms are a majority relative to oversized plants, or  𝜏𝑖𝑡
𝑚 <

0. Table 6 reports regression results: 

Table 6: Regression Analysis of Input Distortions on Misallocation Sources  

 
7 Other misallocation sources include financial credit frictions (Buera, et al., 2011; and Gopinath et al., 2017), as well 
as adjustment costs and informational frictions (David and Venkateswaran, 2019).  
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Variables Labour Distortions  Capital Distortions  

 b/se b/se 

𝑡𝑓𝑝𝑞𝑖𝑡−1|𝜏𝑖𝑡
𝑚 ≥ 0 

  

-1.781 -4.458 

(1.7596) (10.8692) 

𝑙𝑛 (𝐾𝑖𝑡−1
𝑃𝑀𝐸

𝐿𝑖𝑡−1
𝑃𝐸

⁄ ) |𝜏𝑖𝑡
𝑚 ≥ 0 

4.947*** -45.587*** 

(1.0382) (7.7444) 

(1 + 𝜇𝑖𝑡−1)|𝜏𝑖𝑡
𝑚 ≥ 0 

  

1.403 -2.426 

(3.1788) (14.9061) 

𝑡𝑓𝑝𝑞𝑖𝑡−1|𝜏𝑖𝑡
𝑚 < 0 

  

-1.279 3.217 

(2.2084) (9.5605) 

𝑙𝑛 (𝐾𝑖𝑡−1
𝑃𝑀𝐸

𝐿𝑖𝑡−1
𝑃𝐸

⁄ ) |𝜏𝑖𝑡
𝑚 < 0 

0.284 -36.842*** 
(1.1188) (6.2221) 

1 + 𝜇𝑠𝑡−1|𝜏𝑖𝑡
𝑚 < 0 

  

-2.087 1.538 

(2.8073) (15.1794) 
Year Fixed-Effects Yes Yes 

Note: p***<0.001. 

Source: Author’s calculations. 

Input-Constrained Plants, or 𝜏𝑖𝑡
𝑚 ≥ 0: The estimated distortionary effects of capital intensity, or 

a positive 𝛽𝐾/𝐿
+ , means high capital growth firms are constrained by inefficient allocation of factor 

inputs. As evidence of relative labour market flexibility, a one-percentage point increase in capital 

intensity increases labour distortions by 4.95 percentage points and reduces capital distortions by 

45.59 percentage points for the under-sized plants. That is, resource-constrained but capital-

intensive plants have higher marginal products of labour and some leverage for labour adjustments 

and also experience higher labour distortions. Notwithstanding their size-limitation, plants are 

subject to significantly lower capital distortions, reflecting the irreversibility constraints of capital 

investments that characterize developing economies (Ho et al., 2019).  

One explanation of these findings is that the interaction of factor input markets through 

substitutability generated an asymmetric input mix that exacerbated factor input distortions. As 

Oberfield and Raval (2021) observe, the elasticity of substitution between capital and labour the 

extent of which is explained by heterogeneity in capital intensities represents substitution within 

firms and reallocation across firms. Furthermore, as argued by Edwards et al. (2013), the 

manufacturing sector experienced an uncompetitive investment environment, restrictive and 

distortionary regulations, unsuitable state intervention inhibited the emergence of private firms 

and the expansion of existing industries. This partly explains the dominance of undersized plants 

that are heterogeneous in capital intensities in the sector. 

Plants with unconstrained Inputs, or 𝜏𝑖𝑡
𝑚 < 0: Turning to the capital-labour ratio of plants with 

unconstrained inputs, higher 𝛽𝐾/𝐿
−  indicates that oversized firms have less surplus capital and more 

surplus labour. This is consistent with the economic notion that low tfpq firms are associated with 
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low marginal products of inputs and therefore are unable to leverage on factor inputs to achieve 

scale economies. That is, the extent of misallocation declines without variability in tfpq for 

undersized establishments. In the case of oversized plants, factor input reallocation declines 

without much variation in technical efficiency. The capital intensity coefficient on capital 

distortions is significantly negative relative to the labour counterpart, signifying the capital flight 

experienced during the period of trade liberalization in the customs union. Thus, interpreting PME 

capital investment as a fixed/sunk cost, a one-percentage increase in the FSC of capital relative to 

labour reduced capital distortion by 36.84 percentage points. The intuition for this is that the non-

robust capital inflows of the 1990s and 2000s precipitated labour substitution for capital.  

7. Summary and Conclusions  

The purpose of this paper was two-fold. First, it sought to determine the separate contributions 

of within-plant technical efficiency and factor input reallocation across surviving firms under 

different market conditions. Second, it sought to establish the variability of factor input distortions 

explained by state dependence, interactions of technical efficiency with plant characteristics, and 

chosen misallocation sources.  

The paper found pronounced deterioration of aggregate productivity growth arising from the poor 

performance of incumbent firms. More specifically, factor input reallocation produced significant 

productivity gains while within-firm performance suffered large productivity losses under selected 

market conditions. On the other hand, price-setting under a CES preference structure weakened 

technical efficiency while further strengthening input reallocation. Under HARA, the sector 

experienced a substantially negative contribution of technical efficiency and a magnified positive 

contribution of input reallocation to APG. The dominance of factor input reallocation over 

technical efficiency was therefore robust to different market conditions. Furthermore, only labour 

distortions were persistent under HARA preference technology. The interaction of technical 

efficiency with capital-intensity had the effect of reducing labour distortions. For input-constrained 

plants, an increase in capital intensity raised labour distortions by 4.95% while substantially 

reducing capital distortions by 45.59%. In the case of unconstrained firms, an increase in capital 

intensity reduced capital distortions only by a relatively lower margin. Thus, although there is 

pronounced sensitivity to market conditions in the APG decompositions, there is still ample space 

for public policy in the Eswatini economy. 

The underlying message from these results is that the combined effects of factor misallocation and 

severe technical efficiency losses produced the observed lacklustre performance in APG. Further, 
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factor input markets of incumbent firms suffered extensive frictions that translated to barriers to 

resource reallocation from low- to high-activity uses in some instances. These results present a 

prima facie case for urgent national economic reforms. The labour market can involve; inter alia, 

deregulation to reduce economic sclerosis in the short- to medium-term. In the long-run, there is 

a need to engage in education system alignment and normative identification of new educational 

programmes suitable for deepening economic development. In the capital markets; government 

interference and competition with the private sector as well as the underlying pandemic 

maleficence in the economy need to stop. In general, the State requires to satisfy the World Banks’ 

indicators for doing business to attract firms of suitable size to participate in global supply chains. 

Furthermore, the State needs to consider the remedial measures aimed at promoting the economic 

diversification suggested by Edwards et al. (2013) providing a good environment for micro 

innovation and creative destruction. 

Future work will focus on three issues. First, it will estimate the demand function and scale 

elasticities. Second, it will determine the relationship between distortions and firm survival. Lastly, 

it will determine the relationship between variable demand elasticities and distortions. 
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APPENDICES 

Table A1: Aggregate Multifactor Productivity Growth Rate, Eswatini Manufacturing 1994–
2003: LP APG Decomposition, Manufacturing Value-added Index Single-deflator. 

Year 
 
 

Value-
Added 
Growth 
 
 

APG 
(0) 

 
 

APG Decomposition: (0) = (1) + (2) + (3) 

Technical 
Efficiency 

(1) 
 

Reallocation Net 
Entry 
(3) 
 

Total 
Reallocation 

(2) 

Labour 
Reallocation 

  

Working 
Proprietors 
Reallocation 

Paid 
Employees 
Reallocation 

1995 7.76 2.51 0.91 -9.65 1.39 -1.48 2.87 11.25 
1996 23.10 16.03 3.17 -7.89 0.92 -0.16 1.08 20.74 
1997 -44.35 -34.12 -3.08 18.52 9.31 -0.06 9.37 -49.56 
1998 265.55 240.84 1.67 -1.74 0.69 0.02 0.67 240.91 
1999 275.57 261.04 1.23 9.22 2.94 -0.02 2.95 250.59 
2000 -16.28 -16.07 -14.97 -5.48 0.42 -0.14 0.56 4.38 
2001 37.42 34.85 8.71 20.43 0.42 0.43 -0.01 5.72 
2002 -20.74 -21.81 -3.04 -29.53 -1.15 -1.21 0.06 10.76 
2003 -36.71 -33.05 -22.31 2.69 8.35 -1.62 9.97 -13.43 

Mean 54.59 50.02 -2.77 -0.38 2.33 -0.42 2.75 53.48 
Median 7.76 2.51 0.91 -1.74 0.92 -0.14 1.08 10.76 
Std Dev 125.32 116.24 9.66 15.46 3.70 0.75 3.90 110.93 

Note: As in Nishida et al. (2014), numbers are percentage growth rates. The plant-level multifactor 
productivity is calculated by using production function parameters that vary across 2-digit ISIC. 
We obtain the estimates by using Wooldridge (2009). APG represents the aggregate productivity 
growth with entry and exit, which is defined as aggregate change in final demand minus aggregate 
expenditure in inputs, holding input constant. We use value-added share (Domar) for weights. 
APG is decomposed into four components: (1) technical efficiency, (2) reallocation, and (3) net 
entry term, using Eq. 4 in text. 

Source: Author’s Calculations  

Table A2: Productivity and Reallocation from HARA Markup Pricing with 𝛼 ∈ [2, 50] 

PANEL A1: Heterogeneous Markups; i.e., 𝜌𝐻𝐴𝑅𝐴 =
𝑄𝑖−𝛼𝜇𝑖

𝑄𝑖−𝛼𝜇𝑖+𝑄𝑖𝜇𝑖
 and 𝛼 = 2  

Year 
Technical 
Efficiency  

Total Factor 
Reallocation 

Labour 
Reallocation 

Capital 
Reallocation 

1995 -57.63 137.12 -156.53 293.65 
1996 7.62 208.73 101.64 107.09 
1997 -33.85 -28.94 76.16 -105.1 
1998 3.72 141.58 -126.25 267.83 
1999 23.17 1483.82 -13.51 1497.33 
2000 -295.34 -2526.58 32.12 -2558.7 
2001 1.97 -2695.64 -74.50 -2621.14 
2002 -107.13 1421.18 -861.50 2282.68 
2003 -203.72 1734.90 -23.43 1758.33 

Mean -66.12 -13.76 -104.58 90.82 
Median -16.93 141.58 -18.47 160.05 
Standard Deviation 106.233 1618.76 278.23 1340.53 

PANEL A2: Heterogeneous Markups; i.e., 𝜌𝐻𝑖 =
𝑄𝑖−𝛼𝜇𝑖

𝑄𝑖−𝛼𝜇𝑖+𝑄𝑖𝜇𝑖
 and 𝛼 = 50  

Year 
Technical 
Efficiency 

Total Factor 
Reallocation 

Labour 
Reallocation 

Capital 
Reallocation 

1995 -1.11 -161.23 -123.59 -37.64 
1996 20.81 188.48 34.69 153.79 
1997 12.20 183.47 76.16 107.31 
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1998 5.23 339.10 -126.25 465.35 
1999 7.24 -26.59 -13.49 -13.1 
2000 35.32 643.72 9.71 634.01 
2001 131.61 -41.64 -75.20 33.56 
2002 -130.99 51.17 6.20 44.97 
2003 -308.01 376.59 -34.68 411.27 

Mean -22.77 172.56 -24.65 197.21 
Median 6.24 183.47 -6.75 190.22 
Standard Deviation 118.36 250.85 66.10 184.75 

Note: As in Nishida et al. (2014), numbers are percentage growth rates. The plant-level multifactor productivity is 
calculated by using production function parameters that vary across 2-digit ISIC. We obtain the estimates by using 
Wooldridge (2009). APG represents the aggregate productivity growth with entry and exit, which is defined as 
aggregate change in final demand minus aggregate expenditure in inputs, holding input constant. We use value-added 
share (Domar) for weights. APG is decomposed into four components: (1) technical efficiency, and (2) reallocation 
using Eq. 4 in text. 

Source: Author’s Calculations  

  



29 
 

REFERENCES 

Ackerberg D. A., K. Caves, and G. Frazer (2015), “Identification Properties of Recent Production 
Function Estimators”, Econometrica, Vol.83 (6): pp. 2411-2451. 
https://doi.org/10.3982/ECTA13408.  
Aghion P., U. Akcigit, and P. Howitt (2015), “The Schumpeterian Growth Paradigm”, Annual 
Review of Economics, 7:557–75. https:// doi.10.1146/annurev-economics-080614-115412.  
Arellano M. and O. Bover (1995), “Another look at the instrumental variable estimation of error-
components models”, Journal of Econometrics , Vol. 68 (1): pp. 29-51. https://doi.org/10.1016/0304-
4076(94)01642-D.  
Baqaee D. R. and E. Farhi (2020), “Productivity and Misallocation in General Equilibrium”, The 
Quarterly Journal of Economics, Vol. 135, (1): pp. 105–163. https://doi.org/10.1093/qje/qjz030. 
Bento P. and D. Restuccia (2017), “Misallocation, Establishment Size, and Productivity”, American 
Economic Journal: Macroeconomics, Vol. 9 (3): pp. 267-303. https://doi.org/10.1257/mac.20150281.  
Bertola G. and R. J. Caballero (1994), “Irreversibility and Aggregate Investment”, The Review of 
Economic Studies, Vol. 61 (2): pp. 223–246, https://doi.org/10.2307/2297979. 
Bigsten A., P. Collier, S. Dercon, M. Fafchamps, B. Gauthier, J.W. Gunning, R. Oostendorp, C. 
Pattillo, M. Soderbom and F. Teal (2005), “Adjustment Costs and Irreversibility as Determinants 
of Investment: Evidence from African Manufacturing”, Contributions to Economic Analysis & Policy, 
Vol.4(1), Article 12: pp. 1-27. https://doi.org/10.2202/1538-0645.1228.  
Bils M., P. J. Klenow, and C. Ruane (2021), “Misallocation or Mismeasurement?”, Journal of 
Monetary Economics, Vol.124S: pp. S39–S56, https://doi.org/10.1016/j.jmoneco.2021.09.004.  
Blackwood G. J., Foster L. S., Grim C. A., Haltiwanger J., and Wolf Z. (2021), Macro and Micro 
Dynamics of Productivity: From Devilish Details to Insights, American Economic Journal: 
Macroeconomics, Vol. 13 (3): pp. 142-172, https://doi.org/10.3886/E118948V1. 
Bloom N., B. Eifert, A. Mahajan, D. McKenzie, and J. Roberts (2013), “Does Management Matter? 
Evidence From India”, The Quarterly Journal of Economics: pp. 1–51. https://doi:10.1093/qje/qjs044.  
Blundell R. and S. Bond (2000), “GMM Estimation with Persistent Panel Data: An Application 
to Production Functions”, Econometric Reviews, Vol. 19(3), 32: pp. 1-340. 
Buera F. J., J. P. Kaboski, and Y. Shin (2011); “Finance and Development: A Tale of Two Sectors”, 
The American Economic Review, Vol. 101 (5): pp. 1964-2002, 
https://doi.org/10.1257/aer.101.5.1964.  
Bun, M.J.G. and T.D. Harrison, (2019), “OLS and IV estimation of regression models including 
endogenous interaction terms”, Econometric Reviews, Vol. 38(7), 814–827. 
http://doi.org/10.1080/07474 938.2018.1427486.  
David, J.M., and V. Venkateswaran, (2019), “The sources of capital misallocation”, American 
Economic Review, Vol.109 (7): pp. 2531–2567. https://DOI.10.1257/aer.20180336.  
De Loecker J., J. Eeckhout, and G. Unger (2020) “The Rise of Market Power and The 
Macroeconomic Implications”, The Quarterly Journal of Economics, Vol. 135 (2): pp. 561–644. 
https://doi.org/10.1093/qje/qjz041. 
Dhingra S. and J. Morrow (2019), “Monopolistic Competition and Optimum Product Diversity 
under Firm Heterogeneity” Journal of Political Economy, Vol. 127 (1): pp. 196-232, 
https://doi.org/10.1086/700732   
Edwards L., F. Flatters, M. Stern and Y. Ramskolowan (2013), “Swaziland Economic 
Diversification Study: Final Report”, DNA Economics. 
Eslava M. and J. C. Haltiwanger (2021), “The Size and Life-Cycle Growth of Plants: The Role of 
Productivity, Demand and Wedges”, NBER Working Paper Series, Working Paper 27184. 
Foster L. S., C. A. Grim, J. Haltiwanger, and Z. Wolf (2017), “Macro and Micro Dynamics of 
Productivity: From Devilish Details to Insights”, NBER Working Paper Series, Working Paper 
23666. 

https://doi.org/10.3982/ECTA13408
https://www.sciencedirect.com/journal/journal-of-econometrics
Vol.%2068%20(1
https://doi.org/10.1016/0304-4076(94)01642-D
https://doi.org/10.1016/0304-4076(94)01642-D
https://doi.org/10.1093/qje/qjz030
https://doi.org/10.1257/mac.20150281
https://doi.org/10.2307/2297979
https://doi.org/10.2202/1538-0645.1228
https://doi.org/10.1016/j.jmoneco.2021.09.004
https://doi.org/10.3886/E118948V1
https://doi:10.1093/qje/qjs044
https://doi.org/10.1257/aer.101.5.1964
https://doi.10.1257/aer.20180336
https://doi.org/10.1093/qje/qjz041
file:///C:/Users/Hp/Desktop/Vol.%20127%20(1):%20pp.%20196-232,
file:///C:/Users/Hp/Desktop/Vol.%20127%20(1):%20pp.%20196-232,
https://doi.org/10.1086/700732


30 
 

Garcia-Macia D., C.-T. Hsieh, and P.J. Klenow (2019) How Destructive Is Innovation? 
Econometrica, 87(5), 1507–1541. http://doi.org/10.2139/ssrn.2896913.   
Giorcelli M. (2019), “The Long-Term Effects of Management and Technology Transfers”, 
American Economic Review, Vol. 109(1): pp. 121–152. https://doi.org/10.1257/aer.20170619.  
Gopinath G.¸ S. Ebnem Kalemli-¨Ozcan, L. Karabarbounis, And C. Villegas-Sanchez (2017), 
“Capital Allocation and Productivity in South Europe”, The Quarterly Journal Of Economics: pp. 1915–
1967. https://doi.10.1093/qje/qjx024.  
Haltiwanger J., Kulick R., and Syverson C. (2018), Misallocation Measures: The Distortion That 
Ate the Residual, NBER, Cambridge. 
Hammouda, H.B., Karingi, S.N. Njuguna, A.E. & Sadni Jallab, M. (2010) Growth, productivity 
and diversification in Africa. Journal of Productivity Analysis, 33(2), 125–146. 
http://doi.org/10.1007/s1112 3-009-0155-5.  
Ho A. T. Y., K. P. Huynh, and D. T. Jacho-Chávez (2019), “Productivity and Reallocation: 
Evidence From Ecuadorian Firm-Level Data”, Economia, Brookings Institution Press: pp. 83-110, 
https://doi.org/10.1353/eco.2019.0009. 
Kiviet J. F. (2020), “Microeconometric dynamic panel data methods: Model specification and 
selection issues”, Econometrics and Statistics, Vol. 13: pp. 16–45. 
https://doi.org/10.1016/j.ecosta.2019.08.003.  
Klette T. J. and Z. Griliches (1996), “The Inconsistency of Common Scale Estimators When 
Output Prices are Unobserved and Endogenous”, Journal of Applied Econometrics, Vol. 11 (4): pp. 
343-361. https://doi.org/10.1002/(SICI)1099-1255(199607)11:4%3C343::AID-
JAE404%3E3.0.CO;2-4.  
Levinsohn, J. and A. Petrin (2003), “Estimating Production Functions Using Inputs to Control for 
Unobservables”, Review of Economic Studies, 7: 317-341. https://doi.org/10.1111/1467-937X.00246.  
Mhlanga S. V. and N. R. Rankin (2021), “Fixed costs, markups and concentration in Eswatini 
(Swaziland): A firm-level analysis of panel data”, South African Journal of Economics, Vol. 89: pp.391-
416. https://doi.org/10.1111/saje.12289.  
Nishida, M., A. Petrin and S. Polanec (2014), “Exploring reallocation’s apparent weak contribution 
to growth”, Journal Productivity Analysis, Vol. 42(2): pp.187-210. https://doi 10.1007/s11123-013-
0380-9.   
Oberfield E. and D. Raval (2021), “Micro Data to Macro Technology”, Econometrica, Vol. 89 (2): 
pp.703-732. https://doi.org/10.3982/ECTA12807 
Olley, S., and A. Pakes (1996), “The dynamics of productivity in the telecommunications 
equipment industry”, Econometrica, 64: pp. 1263– 1298. https://doi.org/10.2307/2171831.  
Pavcnik, N. (2002), “Trade Liberalization, Exit, and Productivity Improvements: Evidence from 
Chilean Plants”, The Review of Economic Studies, Vol. 69(1): pp. 245-276. 
https://doi.org/10.1111/1467-937X.00205.  
Perets G. S. and E. Yashiv. 2015. “The Fundamental Nature of HARA Utility”, Discussion Papers 
1522, Centre for Macroeconomics (CFM). 
Peters M. (2020), “Heterogeneous Markups, Growth, and Endogenous Misallocation”, 
Econometrica, Vol. 88 (5): pp. 2037–2073. https://doi.org/10.3982/ECTA15565.  
Petrin A., T. K. White, and J. P. Reiter (2011), “The impact of plant-level resource reallocations 
and technical progress on U.S. macroeconomic growth”, Review of Economic Dynamics, Vol. 14: 
pp. 3–26. https://dx.doi.org/10.1016/j.red.2010.09.004.  
Petrin, A. and J. Levinsohn (2012), “Measuring aggregate productivity growth using plant-level 
data”, RAND Journal of Economics, Vol. 43(4): pp. 705–725. https://doi.org/10.1111/1756-
2171.12005.  
Pindyck R. S. (1991), “Irreversibility, Uncertainty, and Investment”, Journal of Economic Perspectives, 
Vol. XXIX: pp. 1110-1148. 

http://doi.org/10.2139/ssrn.2896913
https://doi.org/10.1257/aer.20170619
https://doi.10.1093/qje/qjx024
https://doi.org/10.1353/eco.2019.0009
https://doi.org/10.1016/j.ecosta.2019.08.003
https://doi.org/10.1002/(SICI)1099-1255(199607)11:4%3C343::AID-JAE404%3E3.0.CO;2-4
https://doi.org/10.1002/(SICI)1099-1255(199607)11:4%3C343::AID-JAE404%3E3.0.CO;2-4
https://doi.org/10.1111/1467-937X.00246
https://doi.org/10.1111/saje.12289
https://doi.org/10.3982/ECTA12807
https://doi.org/10.2307/2171831
https://doi.org/10.1111/1467-937X.00205
https://doi.org/10.3982/ECTA15565
https://dx.doi.org/10.1016/j.red.2010.09.004
https://doi.org/10.1111/1756-2171.12005
https://doi.org/10.1111/1756-2171.12005


31 
 

Roodman D. (2009a), “How to do Xtabond2: An Introduction to Difference and System GMM 
in Stata”, The Stata Journal, Vol. 9 (1): pp. 86–136, 
https://doi.org/10.1177%2F1536867X0900900106.  
Roodman D. (2009b), “PRACTITIONERS’ CORNER: A Note on the Theme of Too Many 
Instruments”, Oxford Bulletin of Economics and Statistics, 71, 1 (2009) 0305-9049. https://doi. 
10.1111/j.1468-0084.2008.00542.x.   
SACU Policy Review (2003), “Trade Policy Review Southern African Customs Union”, World 
Trade Organization, WT/TPR/S/114. 
Syverson C. (2011), “What Determines Productivity?”, Journal of Economic Literature, Vol. 49 (2): pp. 
326–365. http:www.aeaweb.org/articles.php?doi=10.1257/jel.49.2.326.  
Wooldridge, J.M. (2009) On estimating firm-level production functions using proxy variables to 
control for unobservables. Economics Letters, 104(3), 112–114. http://doi.org/10.1016/j.econl 
et.2009.04.026.  
Zhelobokdo E., S. Kokovin, M. Parenti, and J-F Thisse (2012), “Monopolistic Competition: 
Beyond the Constant Elasticity of Substitution”, Econometrica, Vol. 80 (6): pp. 2765–2784. 
http://dx.doi.org/10.2307/23357240.  

https://doi.org/10.1177%2F1536867X0900900106
http://dx.doi.org/10.2307/23357240

	PEDL front page
	PEDL Research Papers Front Page Template Double Borders (Latin Modern) NEW
	WP 7873 ChachaKiruiWiedermann
	Introduction
	Data and context
	Data description
	Key events during the COVID-19 pandemic in Kenya
	Fluctuations in major firm-level outcomes during the COVID-19 crisis

	Links to international supply chains and firm dynamics during the COVID-19 crisis
	Measuring direct and indirect exposure to international supply chains
	Firm characteristics and links to international supply chains
	The trajectory of firms with strong linkages to international supply chains during the COVID-19 crisis
	Pass-through of shocks to import and export markets and domestic supply chains

	Network position and firm resilience
	Measuring diversification and complexity of domestic supply chains
	Results

	Conclusion
	Appendices
	Additional descriptive statistics
	Comparison of firm dynamics during the COVID-19 crisis with previous year's trend
	Firm response to international shocks before the COVID-19 crisis, during its peak and the recovery phase


	Productivity and Reallocation



