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Production and Input Use under Market Frictions:  

Firm Level Evidence for Ethiopia's Manufacturing Sector 

 

Abstract 

This paper examines whether Ethiopian manufacturing firms face constraints in using inputs, 

focusing on energy and raw materials. Using firm-level panel data from 2003–2016, we test 

for shadow costs that arise when input use is misaligned with its economic value. Our main 

approach embeds alignment restrictions, comparing cost shares to revenue elasticities within 

a dynamic production function estimated via nonlinear GMM. Firms generally under-use these 

inputs relative to their production value, with misalignment particularly pronounced for 

materials. Results are robust to an alternative test proposed by Shenoy (2021), which examines 

whether lagged inputs help predict current cost shares. While the data do not allow us to 

directly identify the specific sources of constraints, the findings provide evidence of 

economically significant shadow costs. The analysis also underscores the importance of careful 

instrument selection in applied production-function research. 

 

Key Words: input elasticities, market frictions, shadow price, manufacturing firms, Ethiopia.  

JEL Classification Code: D22; D24; L60; Q49 

  



3 
 

I. Introduction 

Firms in low-income countries routinely operate in environments where input markets function 

poorly. In addition to financial and institutional barriers documented in the literature (De Mel 

et al., 2008; David et al., 2021), operational constraints, such as unreliable electricity, poor 

transport and logistics, thin supplier networks, and high procurement costs, affect not only 

prices but also firms’ ability to match input use to production needs (Amentie et al., 2016; 

Donga et al., 2016; McMillan & Zeufack, 2022; Verhoogen, 2023). A growing literature 

emphasizes how such frictions contribute to misallocation and hinder firm upgrading. While 

these distortions raise observed input prices, they may also generate unobservable shadow costs 

that do not appear in accounting data but nonetheless shape production decisions. This paper 

tests for the presence of shadow costs among Ethiopian manufacturing firms. 

Our analysis is built around a simple economic intuition: in an efficient input market, the share 

of revenue spent on a flexible input should align closely with that input’s revenue elasticity. 

The cost share reflects the input intensity, while the elasticity captures the economic value of 

marginal use. When markets work well and inputs can be adjusted freely, these two objects 

should coincide. A systematic misalignment between cost shares and elasticities thus provides 

evidence for the existence of implicit costs associated with input market imperfections. This 

alignment logic underpins our empirical strategy and allows us to test for positive shadow costs 

in Ethiopian manufacturing.  

Our focus is on energy and raw materials - inputs recognized as essential for firm performance 

in low-income countries. Unlike physical capital and (certain types of) labor, it is reasonable to 

assume that energy and materials are easily adjustable in efficient markets, making them ideal 

for assessing the impact of market inefficiencies on firm behavior. We test whether the average 

input elasticities for energy and materials equal their respective average cost shares, which 

provides a direct and economically interpretable test for the presence and strength of input 

constraints. Because energy and materials may be endogenously chosen by firms, we embed 

these alignment restrictions within a GMM estimation of the production function, which allows 

us to account for endogeneity while assessing whether the data are consistent with frictionless 

adjustment. This offers a way to assess the aggregate importance of input constraints using only 
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observed revenues, inputs, and cost shares. In addition, we compare our results with a method 

proposed by Shenoy (2021) for testing input constraints, serving as a robustness check to see 

whether similar patterns emerge under an alternative framework. 

The paper makes three main contributions. First, we provide new evidence on the misalignment 

between input cost shares and revenue elasticities for energy and materials in Ethiopian 

manufacturing. This misalignment indicates positive shadow costs, suggesting that firms face 

constraints in obtaining inputs and that these constraints contribute to inefficient production 

choices. Second, we contribute methodologically by embedding the alignment of cost shares 

and elasticities directly within the GMM estimation of the production function. This allows us 

to test for input constraints in a way that is economically interpretable and internally consistent. 

Third, we contribute to the applied production-function literature by showing how weak 

instruments can lead to misleading results unless robust testing methods are employed. We also 

highlight the particular challenges of addressing endogeneity in a translog specification, where 

the number of endogenous terms proliferates because many of the nonlinear terms involve the 

endogenous variables. 

Finally, our findings have broader implications for firm productivity and efficiency. 

Misalignment between elasticities and cost shares signals that firms cannot easily obtain their 

desired levels of inputs, which likely reduces output efficiency and contributes to the 

misallocation of resources. While prior studies have examined input use in Ethiopian 

manufacturing, our focus on shadow costs and the direct testing of economic alignment 

provides a novel perspective, complementing existing analyses.1  

The rest of the paper is organized as follows. Section II presents the conceptual framework and 

empirical strategy. Section III describes the data. Section IV reports the main results. Section 

V concludes. 

 
1 Kebede & Heshmati (2020) used panel data to document a positive and significant association between energy 

use and labor productivity in the Ethiopian manufacturing sector, and Hassen et al. (2018) analyzed the adoption 

of energy-efficient practices among larger firms in Ethiopia. Several other studies have examined various aspects 

of productivity in Ethiopian manufacturing firms, such as enterprise clustering, pricing, agglomeration, 

productivity(Siba et al., 2012, 2020), productivity and efficiency determinants(Abegaz, 2013; Hailu & Tanaka, 

2015; Tekleselassie et al., 2018), tariffs and firm performance(Bigsten et al., 2016), exporting and firm 

performance (Bigsten & Gebreeyesus, 2009), and the effects of importing on firm productivity (Abreha, 2019). 
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II. Conceptual Framework 

We consider a model in which the revenue of firm 𝑖 at time 𝑡 depends on firm-level revenue 

productivity 𝐴𝑖𝑡 and a revenue production function 𝐹(𝑋𝑖𝑡), where 𝑋𝑖𝑡 is a vector of inputs, 

including energy and raw materials.2 The firm buys energy and raw materials, denoted 

respectively 𝐸𝑖𝑡, and 𝑀𝑖𝑡, at a fixed unit price, but subject to an upper bound 𝑍‾𝑖𝑡
𝑒  for energy and 

𝑍‾𝑖𝑡
𝑚 for raw materials, which vary across firms and over time. The upper bounds 𝑍‾𝑖𝑡

𝑒  and 𝑍‾𝑖𝑡
𝑚 

reflect distortions in the market for energy and raw materials respectively, and imply 

quantitative constraints on the energy and raw materials available to the firm at a given point 

in time.3  

Under the assumption that energy and raw materials are fully flexible inputs that are chosen 

optimally after the realization of 𝐴𝑖𝑡, the firm's energy and raw materials are set in accordance 

with the the first-order conditions 

𝐴𝑖𝑡𝐹𝐸,𝑖𝑡 = 1 + 𝜆𝐸,𝑖𝑡
𝐴𝑖𝑡𝐹𝑀,𝑖𝑡 = 1 + 𝜆𝑀,𝑖𝑡

 

where 𝐹𝐸,𝑖𝑡 =
𝜕𝐹𝑖𝑡

𝜕𝐸𝑖𝑡
, 𝐹𝑀,𝑖𝑡 =

𝜕𝐹𝑖𝑡

𝜕𝑀𝑖𝑡
 are marginal revenue products, and 𝜆𝐸,𝑖𝑡 ≥ 0 and 𝜆𝑀,𝑖𝑡 ≥ 0 are 

the Lagrange multipliers associated with the constraints 𝐸𝑖𝑡 ≤ 𝑍‾𝑖𝑡
𝑒  and 𝑀𝑖𝑡 ≤ 𝑍‾𝑖𝑡

𝑚, respectively. 

The first-order conditions imply that the cost shares in total revenue can be written as 

𝐶𝑆𝐸,𝑖𝑡 =
1

1+𝜆𝐸,𝑖𝑡
𝜉𝐸,𝑖𝑡           (1a) 

𝐶𝑆𝑀,𝑖𝑡 =
1

1+𝜆𝑀,𝑖𝑡
𝜉𝑀,𝑖𝑡          (1b) 

where 𝐶𝑆𝐸,𝑖𝑡 = (𝐸𝑖𝑡/𝑅𝑖𝑡) and 𝐶𝑆𝑀,𝑖𝑡 = (𝑀𝑖𝑡/𝑅𝑖𝑡) denote the cost shares, 𝜉𝐸,𝑖𝑡 ≡
𝑑𝑅𝑖𝑡

𝑑𝐸𝑖𝑡

𝐸𝑖𝑡

𝑅𝑖𝑡
 is the 

elasticity of revenue with respect to energy and 𝜉𝑀,𝑖𝑡 ≡
𝑑𝑅𝑖𝑡

𝑑𝑀𝑖𝑡

𝑀𝑖𝑡

𝑅𝑖𝑡
 is the elasticity of revenue with 

 
2 We use a revenue production function rather than a gross-output specification because our data do not include 

input price information.  

3 Shenoy (2021) uses a similar theoretical framework for his analysis of constraints in input markets. 
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respect to raw materials. If the firm is unconstrained, the input elasticity aligns with the cost 

share, 𝐶𝑆𝐸,𝑖𝑡 = 𝜉𝐸,𝑖𝑡 , 𝐶𝑆𝑀,𝑖𝑡 = 𝜉𝑀,𝑖𝑡, while if the firm is constrained the Lagrange multiplier 

drives a wedge between the input elasticity and the associated cost share.  

The theory thus predicts perfect alignment between elasticity and cost share for unconstrained 

firms, while for constrained firms the cost share will be lower than the elasticity. This result is 

the basis for our empirical testing strategy. Testing for alignment for each firm-year is not 

meaningful since firm-level estimates are noisy and affected by idiosyncratic shocks. Instead, 

we focus on averages across firms. When a larger share of firms face input constraints, and 

when those constraints are more severe, the average cost share declines, creating a greater 

mismatch between the average elasticity and the average cost share. Comparing these averages 

thus provides insights into the aggregate economic importance of constraints. We therefore test 

the null hypothesis that the average log elasticities for energy and materials are equal to their 

respective average log cost shares: 

𝐻0: log⁡(𝜉‾𝐸) = log⁡𝐶𝑆𝐸 and log⁡(𝜉‾𝑀) = log⁡𝐶𝑆𝑀     (2) 

against the alternative that the null hypothesis is not true.  

Input elasticities 

We analyze the input elasticities 𝜉𝐸,𝑖𝑡  and 𝜉𝑀,𝑖𝑡 using a production function approach. We 

consider a four-factor revenue production function, expressed in logarithmic form as 

 𝑟𝑖𝑡 = log⁡𝐹(𝐿𝑖𝑡 ,𝐾𝑖𝑡 , 𝐸𝑖𝑡 , 𝑀𝑖𝑡) + 𝜔𝑖𝑡 + 𝜀𝑖𝑡       (3) 

where 𝑟𝑖𝑡 = log⁡𝑅𝑖𝑡 is log revenue, 𝜔𝑖𝑡 = log⁡𝐴𝑖𝑡 is log TFPR (Total Factor Productivity of 

Revenue), 𝐿𝑖𝑡 is labor, 𝐾𝑖𝑡 is physical capital (e.g. machinery and equipment), and 𝜀𝑖𝑡 is a  

measurement error in output. We assume that 𝜔𝑖𝑡 follows an AR(1) process, 

𝜔𝑖𝑡 = 𝜌𝜔𝑖,𝑡−1 + 𝜂𝑖𝑡         

 where 𝜌 is a persistence parameter and 𝜂𝑖𝑡 is a productivity innovation that is independent 

across time and firms. Quasi-differencing eq. (3) yields 
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 𝑟𝑖𝑡 = ⁡𝜌𝑟𝑖,𝑡−1 + log⁡𝐹(𝐿𝑖𝑡, 𝐾𝑖𝑡 , 𝐸𝑖𝑡, 𝑀𝑖𝑡) − 𝜌log⁡ 𝐹(𝐿𝑖,𝑡−1, 𝐾𝑖,𝑡−1, 𝐸𝑖,𝑡−1, 𝑀𝑖,𝑡−1) + 𝑣𝑖𝑡  (4) 

where 𝑣𝑖𝑡 = 𝜂𝑖𝑡 + 𝜀𝑖𝑡 − 𝜌𝜀𝑖,𝑡−1  is the equation error term.4  

We assume a translog production function: 

log𝐹(𝐿𝑖𝑡, 𝐾𝑖𝑡 , 𝐸𝑖𝑡 ,𝑀𝑖𝑡)⁡= 𝛼𝑙𝑙𝑖𝑡 + 𝛼𝑘𝑘𝑖𝑡 + 𝛼𝑒𝑒𝑖𝑡 + 𝛼𝑚𝑚𝑖𝑡 + 𝛼𝑙𝑙𝑙𝑖𝑡
2 + 𝛼𝑘𝑘𝑘𝑖𝑡

2 +

𝛼𝑒𝑒𝑒𝑖𝑡
2 + 𝛼𝑚𝑚𝑚𝑖𝑡

2 + 𝛼𝑙𝑘(𝑙𝑖𝑡𝑘𝑖𝑡) + 𝛼𝑙𝑒(𝑙𝑖𝑡𝑒𝑖𝑡) +

𝛼𝑙𝑚(𝑙𝑖𝑡𝑚𝑖𝑡) + 𝛼𝑘𝑒(𝑘𝑖𝑡𝑒𝑖𝑡) + 𝛼𝑘𝑚(𝑘𝑖𝑡𝑚𝑖𝑡) + 𝛼𝑒𝑚(𝑒𝑖𝑡𝑚𝑖𝑡)⁡

  (5) 

where lower case letters denote inputs in logs. In the empirical analysis below, the log inputs 

are expressed as deviations from their sample means, so that the sample-average elasticities for 

energy and materials, denoted by 𝜉𝐸and 𝜉𝑀, are equal to 𝛼𝑒 ⁡and 𝛼𝑚 , respectively.5 Using the 

translog specification in (4) yields our benchmark empirical specification6: 

𝑟𝑖𝑡 = ⁡𝜌𝑟𝑖,𝑡−1 + 𝛼𝑙(𝑙𝑖𝑡 − 𝜌𝑙𝑖,𝑡−1) + 𝛼𝑘(𝑘𝑖𝑡 − 𝜌𝑘𝑖,𝑡−1) + 𝛼𝑒(𝑒𝑖𝑡 − 𝜌𝑒𝑖,𝑡−1) + 𝛼𝑚(𝑚𝑖𝑡 −

𝜌𝑚𝑖,𝑡−1) + 𝛼𝑙𝑙(𝑙𝑖𝑡
2 − 𝜌𝑙𝑖,𝑡−1

2 ) + 𝛼𝑘𝑘(𝑘𝑖𝑡
2 − 𝜌𝑘𝑖,𝑡−1

2 ) + 𝛼𝑒𝑒(𝑒𝑖𝑡
2 − 𝜌𝑒𝑖,𝑡−1

2 ) + 𝛼𝑚𝑚(𝑚𝑖𝑡
2 −

𝜌𝑚𝑖,𝑡−1
2 ) + 𝛼𝑙𝑘(𝑙𝑖𝑡𝑘𝑖𝑡 − 𝜌𝑙𝑖,𝑡−1𝑘𝑖,𝑡−1) + 𝛼𝑙𝑒(𝑙𝑖𝑡𝑒𝑖𝑡 − 𝜌𝑙𝑖,𝑡−1𝑒𝑖,𝑡−1) + 𝛼𝑙𝑚(𝑙𝑖𝑡𝑚𝑖𝑡 −

𝜌𝑙𝑖,𝑡−1𝑚𝑖,𝑡−1) + 𝛼𝑘𝑒(𝑘𝑖𝑡𝑒𝑖𝑡 − 𝜌𝑘𝑖,𝑡−1𝑒𝑖,𝑡−1) + 𝛼𝑘𝑚(𝑘𝑖𝑡𝑚𝑖𝑡 − 𝜌𝑘𝑖,𝑡−1𝑚𝑖,𝑡−1) + 𝛼𝑒𝑚(𝑒𝑖𝑡𝑚𝑖𝑡 −

𝜌𝑒𝑖,𝑡−1𝑚𝑖,𝑡−1) + 𝑣𝑖𝑡 .         

            (6) 

Estimation 

We estimate the parameters 𝜌, 𝛼𝑙 , 𝛼𝑘 , … , 𝛼𝑒𝑚  using nonlinear GMM, and moment conditions 

of the form 

 
4 Quasi-differencing involves subtracting 𝜌𝑟𝑖,𝑡−1 from both sides of (7) and substituting 𝜌𝑟𝑖,𝑡−1 = 

𝜌log⁡ 𝐹(𝐿𝑖,𝑡−1, 𝐾𝑖,𝑡−1, 𝐸𝑖,𝑡−1,𝑀𝑖,𝑡−1) + 𝜌𝑎𝑖,𝑡−1 on the right-hand side of the equation. 

 

5 The elasticities for energy and raw materials are 𝜉𝐸,𝑖𝑡 = 𝛼𝑒 + 2𝛼𝑒𝑒𝑒𝑖𝑡 + 𝛼𝑙𝑒𝑙𝑖𝑡 + 𝛼𝑘𝑒𝑘𝑖𝑡 + 𝛼𝑒𝑚𝑚𝑖𝑡⁡and 𝜉𝑀,𝑖𝑡 =
𝛼𝑚 + 2𝛼𝑚𝑚𝑚𝑖𝑡 + 𝛼𝑙𝑚𝑙𝑖𝑡 + 𝛼𝑘𝑚𝑘𝑖𝑡 + 𝛼𝑒𝑚𝑒𝑖𝑡 , respectively. Mean-centering the inputs implies that the sample-

averages of the elasticities are given by 𝛼𝑒 ⁡and 𝛼𝑚, respectively, which facilitates interpretation.   

6 It may seem questionable to treat energy and raw materials analogously to labor and capital in a production 

function framework. For instance, one could reasonably argue that substitution possibilities between raw 

materials and labor are very limited. It is doubtful whether a translog specification can fully capture such 

mechanisms. We nevertheless follow this approach because it provides a feasible and tractable way to estimate 

elasticities and implement our alignment test. 
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𝔼(𝐳𝑖𝑡𝑣𝑖𝑡) = 0           (7) 

where 𝐳𝑖𝑡 is a vector of instruments. Labor and capital are assumed predetermined, which 

implies that 𝑙𝑖𝑡, 𝑘𝑖𝑡, 𝑙𝑖𝑡
2 , 𝑘𝑖𝑡

2 ⁡and 𝑙𝑖𝑡𝑘𝑖𝑡 ,⁡as well as their lags, are orthogonal to the error term 𝑣𝑖𝑡. 

These variables can thus serve as instruments. In contrast, energy (𝑒𝑖𝑡), materials (𝑚𝑖𝑡),⁡and all 

interaction and squared variables that contain 𝑒𝑖𝑡⁡or⁡𝑚𝑖𝑡 ,⁡are endogenous. Contemporaneous 

𝑒𝑖𝑡⁡and 𝑚𝑖𝑡, and any nonlinear terms containing these variables, cannot be used as instruments. 

However, lags of 𝑒𝑖𝑡⁡and 𝑚𝑖𝑡, and nonlinear terms containing these lags, can be used as 

instruments, since (by assumption) the productivity innovation in 𝑣𝑖𝑡⁡is independent across 

time.  

Testing for alignment of elasticities and cost shares 

To formally test for the presence of shadow costs, we embed the alignment of cost shares and 

revenue elasticities directly within the production function estimation, following the economic 

intuition that, in frictionless markets, cost shares should match the corresponding elasticities. 

To do this, we first decompose the log of each cost share into its population mean and an 

idiosyncratic component: 

log𝐶𝑆𝐸,𝑖𝑡 = log𝐶𝑆𝐸 + 𝜗𝑖𝑡
𝐸   

log𝐶𝑆𝑀,𝑖𝑡 = log𝐶𝑆𝑀 + 𝜗𝑖𝑡
𝑀  . 

where log𝐶𝑆𝐸  and log𝐶𝑆𝑀⁡denote population means, while 𝜗𝑖𝑡
𝐸 ⁡and 𝜗𝑖𝑡

𝑀 represent the zero-

mean deviations from these means. Adding 𝐸(𝜗𝑖𝑡
𝐸) = 0 and 𝐸(𝜗𝑖𝑡

𝑀) = 0 to the set of moment 

conditions in (7), it is straightforward to test the restrictions log⁡(𝛼𝑒) = log𝐶𝑆𝐸 and log(𝛼𝑚) =

log𝐶𝑆𝑀 . 

Testing under weak instruments 

Weak correlation between lagged and current inputs can cause a weak instruments problem in 

estimating the production function. In general, if instruments are weak, standard (large-sample) 
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GMM point estimates and hypothesis tests are unreliable (see e.g. Stock et al. (2002)).7 We 

assume that the parameters associated with capital, labor, their squared terms, and the capital-

labor interaction term, are strongly identified. In contrast, since energy and materials are 

endogenous, which prevents the use of their contemporaneous values as instruments, we must 

recognize that all parameters in (6) that are associated with energy or materials may be weakly 

identified. There are thus nine parameters in (6) for which we assume identification to be weak: 

𝛼𝑒 , 𝛼𝑚 , 𝛼𝑒𝑒 , 𝛼𝑚𝑚, 𝛼𝑒𝑚 , 𝛼𝑘𝑒 , 𝛼𝑙𝑒 , 𝛼𝑘𝑚 ⁡and 𝛼𝑙𝑒 . To test for alignment of elasticities and cost 

shares, we use the weak instrument robust "S-test" proposed by Stock & Wright (2000). 

The Shenoy (2021) test for input market frictions 

As a robustness check, we also consider the test proposed by Shenoy (2021) for detecting input 

market frictions. Like our approach, Shenoy’s test is based on the first-order condition for 

flexible inputs and examines whether firms behave as if they are unconstrained in their access 

to these inputs. While the theoretical foundation is similar, the implementation differs, making 

it useful to compare the two methods and assess whether they yield consistent conclusions about 

input constraints.  

We can relate to Shenoy's analysis by revisiting the first-order conditions (1a)-(1b) which link 

cost shares to elasticities. Taking logs of the first-order condition for materials (1b) we obtain 

log⁡(𝐶𝑆𝑀,𝑖𝑡) = log⁡(𝜉𝑀,𝑖𝑡) − Λ𝑀,𝑖𝑡        (8) 

where Λ𝑀,𝑖𝑡 = ln⁡(1 + 𝜆𝑀,𝑖𝑡). The elasticity 𝜉𝑀,𝑖𝑡  can be expressed in terms of 

contemporaneous inputs in the production function inputs. For the translog specification,  

𝜉𝑀,𝑖𝑡 = 𝛼𝑚 + 2𝛼𝑚𝑚𝑚𝑖𝑡 + 𝛼𝑙𝑚𝑙𝑖𝑡 + 𝛼𝑘𝑚𝑘𝑖𝑡 + 𝛼𝑒𝑚𝑒𝑖𝑡 .  

Under the null hypothesis of no constraints, Λ𝑀,𝑖𝑡 = 0 so only contemporaneous inputs should 

matter for the cost share:  

 
7 Some recent studies in the production literature have highlighted weak instruments problems, e.g. de Roux et al. 

(2024) and Shenoy (2021). 
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log(𝐶𝑆𝑀,𝑖𝑡) = log(𝛼𝑚 + 2𝛼𝑚𝑚𝑚𝑖𝑡 + 𝛼𝑙𝑚𝑙𝑖𝑡 + 𝛼𝑘𝑚𝑘𝑖𝑡 + 𝛼𝑒𝑚𝑒𝑖𝑡). 

Under the alternative, additional variables that proxying Λ𝑀,𝑖𝑡 have explanatory power. Shenoy 

proposed using lagged inputs 𝐫𝑀,𝑖𝑡 as proxies for Λ𝑀,𝑖𝑡, and testing whether these lags 

significantly predict the cost share, conditional on the contemporaneous values. In Section IV 

we present results from this type of test, which serves as a robustness check for our alignment-

based approach. 

 

 

II. Data and Descriptive Statistics 

A. Data 

This study uses unbalanced firm-level panel data for the period between 2003 and 2016, 

constructed from annual surveys of large and medium scale manufacturing firms in Ethiopia. 

The underlying surveys, known as the Large and Medium Scale Manufacturing Industries 

(LMSMI) surveys, have been conducted by the Central Statistical Agency (CSA) of Ethiopia. 

The entire dataset consists of 8,698 firms and 24,132 firm-year observations. 8The data set 

covers all manufacturing establishments in Ethiopia that employ at least ten workers and use 

power-driven machinery for production. It provides a comprehensive and detailed source of 

information on various aspects of manufacturing firm activity, including the gross value of 

output, sales value of output, fixed capital value, employee wage and salary expenditures, raw 

material costs, fuel and energy costs, ownership status, year of establishment, location, and 

 
 8 We constructed this panel from firm-level data covering the periods 1996-2013 and 2013-2017. The data sets 

were merged by a research team from the Ethiopian Development Research Institute (EDRI), now known as the 

Policy Study Institute (PSI), and Oxford University. To address issues posed by the introduction of new 

establishment identification numbers introduced by the CSA after 2011, the team used a combination of firm 

International Standard Industry Classification (ISIC) codes, establishment numbers, taxpayer identification 

numbers, phone numbers, and establishment names to match firms over time. For more details, see Online 

Appendix A. See also Diao et al. (2021). 
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other relevant details. The full sample covers 15 manufacturing sectors.9 In the empirical analysis 

we present results for the pooled sample, with additional results by industry group provided in 

Online Appendix B.10 

The key variables in our empirical analysis are output, capital, labor, energy, and raw materials. 

Output is measured by the sales value of all products produced by the firm in a given year. 

Labor is measured by the total wages and salaries paid to both permanent and temporary 

workers during the production period.11 Capital is represented by the value of assets with a 

productive life of one year or more, calculated as the net book value at the beginning of the 

year, plus new capital expenditures, minus the value of sold or disposed machinery and 

equipment, and depreciation within the reference period. Raw material costs are measured ast 

the expenditure on materials sourced domestically or imported. Energy expenditures include 

costs for fuel and lubrication, wood and charcoal, and electricity. Further details on variable 

constriction are provided in Online Appendix A. Nominal values have been adjusted using 

deflators from the World Bank database, with 2010 as the base year. Output is deflated by the 

sectoral GDP deflator, capital by the fixed capital formation deflator, and energy, wages, and 

materials by the Consumer Price Index (CPI). We clean the data by removing the lower and 

upper 2 percent of outliers, and by excluding non-positive values for the main variables used in 

our empirical analysis. 

B. Descriptive statistics 

 Table 1 presents descriptive statistics for the main variables used in our empirical analysis. 

Additional results for separate industry groups are shown in the Online Appendix. Our sample 

includes 2,062 firms, corresponding to 7,651 firm-year observations. All variables are 

measured annually, with monetary values expressed in Ethiopian birr, and deflated using the 

 
 9 The 15 sectors that are distinguished in the raw data are: food, beverages, tobacco, textiles, apparel, leather, 

footwear, wood, furniture, paper and printing, chemicals, rubber and plastics, nonmetallic, fabricated metal, and 

other industries combined. 

 

10The Online Appendix is available here: www.xxxxxxxxxxxx.com [correct link to be added following decision 

to accept paper for publication]. 

11 We do not have data on labor hours contributed to production. 

http://www.xxxxxxxxxxxx.com/
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deflators described above. Average expenditure on energy inputs is notably lower compared to 

non-energy inputs, such as labor, capital, and raw materials. Raw materials constitute the largest 

share of inputs in production. The average log energy cost share is -4.23, which corresponds to 

a share of 0.015. The average log materials cost share is -0.73, corresponding to a share of 0.48. 

Under the null hypothesis that output elasticities equal cost shares, we would expect the 

estimated average elasticities for energy and materials to be close to these values.  

  

IV. Empirical Results 

Table 2 shows nonlinear two-step GMM estimates of the average elasticities, for the whole 

sample.12 In these specifications, raw materials and energy are treated as endogenous inputs, 

while labor and capital are assumed predetermined. The instruments are based on output dated 

t-2, labor and capital dated 𝑡 and t-1, and energy and materials dated t-1. A full set of year 

dummies is added to all specifications. 

The full translog model includes levels, squares and interactions of the four inputs (in logs; see 

eq. (7)). Because all nonlinear terms involving either energy or raw materials are 

econometrically endogenous, this specification contains a total of nine endogenous variables. 

Natural candidates for the instrument set include lags of levels, squares and interactions, as well 

as contemporaneous values for variables that are assumed predetermined. Identification can be 

challenging because each endogenous term (levels, squares and interactions) requires 

instruments that provide sufficient independent variation. Given that the full translog 

specification contains many endogenous terms, the instrument set may not contain enough 

independent variation for identification to be strong. Under weak identification, point estimates 

are biased and conventional t-tests can be misleading. To assess instrument strength we report 

Kleibergen-Paap rk statistics, computed using the approach by Shenoy (2021). The null 

distribution underlying this approach is that the instruments are completely uninformative about 

all endogenous variables. Therefore, non-rejection of the null strongly suggests a weak 

instrument problem (but rejection does not necessarily imply strong identification). 

 
12 Estimates by industry are presented in the Online Appendix. 
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Throughout, we use methods that are robust to weak instruments for testing our key null 

hypothesis on alignment.  

Results for the full translog specification are shown in Table 2, col. [1].13 The average elasticity 

for raw materials is estimated at 0.80, while the average estimated energy elasticity is 0.06. 

Both estimates are considerably higher than their corresponding cost shares (exp(-4.23) = 0.015 

and exp(-0.73)=0.48, respectively), suggesting that elasticities and cost shares do not align. The 

estimated average labor elasticity is 0.13 while the capital elasticity is 0.02.  

The standard errors reported in Table 2 are the conventional two-step GMM standard errors, 

which provide an appropriate basis for hypothesis under strong identification but not under 

weak identification. Taken at face value, the results suggest that the average elasticities for 

labor and materials are significantly different from zero, while the elasticities for capital and 

energy are not statistically significant. The Kleibergen-Paap rk statistic is 0.22, thus 

considerably lower than the “rule of thumb” which is 10. Using the bootstrapping procedure 

proposed by Shenoy (2021) we can reject the null hypothesis that all instruments are completely 

uninformative for all endogenous variables at the 10% level of significance but not at the 5% 

level. We consider identification to weak in this case, hence any conclusions regarding 

statistical significance based on conventional testing methods should be interpreted with 

caution.  

Results for weak instrument robust tests for the alignment of cost shares and elasticities are 

shown in Table 3. Column [1] shows the results for the full translog model, with the null 

hypothesis given by eq. (2) above. In total, there are 37 instruments, 23 strongly identified 

parameters and nine weakly identified parameters. This implies that S-statistic follows a chi-

squared distribution with 37-23 = 14 degrees of freedom. The S-value is 3.2, which implies a 

p-value close to 1.0. Hence we do not reject the null hypothesis of alignment in this case.  

 
13 The full set of instruments is thus as follows: 

𝑦𝑡−2, 𝑙𝑡, 𝑙𝑡−1, 𝑘𝑡 , 𝑘𝑡−1, 𝑒𝑡−1, 𝑚𝑡−1, 𝑙𝑡
2, 𝑙𝑡−1

2 , 𝑘𝑡
2, 𝑘𝑡−1

2 , 𝑒𝑡−1
2 ,𝑚𝑡−1

2 , 𝑙𝑡𝑘𝑡, 𝑙𝑡−1𝑘𝑡−1, 𝑙𝑡𝑒𝑡−1, 𝑘𝑡𝑒𝑡−1, 𝑘𝑡𝑚𝑡−1, 𝑒𝑡−1𝑚𝑡−1, 

plus a full set of year dummies. 
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We now consider a reduced version of the translog specification in which all the nonlinear terms 

associated with either energy or materials are suppressed. In other words, the endogenous 

variables energy and materials now enter the production function only linearly. This reduces 

the number of endogenous regressors from nine to two, which could strengthen identification 

considerably. When tested, we find that the excluded terms are jointly insignificant in the full 

translog specification (S-test; p-value = 0.27), which provides some justification for excluding 

them. We also exclude the corresponding instruments, i.e. the lags of the nonlinear endogenous 

terms. Results for this “intermediate” specification are shown in Table 2 col. [2]. The estimated 

average elasticities are similar to those obtained from the full translog specification. A 

noteworthy difference is that the Kleibergen-Paap rk statistic is now considerably higher, and 

we can reject the null hypothesis that all the instruments are uninformative at the 5% 

significance level. This suggests that weak instruments pose less of a problem for this 

specification than for the full translog.  

Table 3, column [2], reports the results of the S-test for alignment between the average 

elasticities and average cost shares of energy and raw materials. Because this intermediate 

specification includes fewer parameters than the full translog model, we can rely on a smaller 

set of instruments, reducing the degrees of freedom to 7. The S-value is 33.0, so we can reject 

the null hypothesis of alignment at the 1% significance level. Further analysis reveals that this 

rejection is driven primarily by the discrepancy between the elasticity and the cost share for 

raw materials. These results provide strong evidence against the null hypothesis: firms use 

materials less intensively than the production technology, as reflected in the elasticity, would 

warrant.   

Finally, we consider the results from a simple Cobb-Douglas specification, presented in Table 

3 col. [3]. Compared to the intermediate specification in col. [2], the Cobb-Douglas 

specification excludes capital and labor squared and their interaction, and the corresponding 

instruments. The estimated elasticities are broadly similar to those obtained from the previous 

specifications. The S-test for alignment, reported in Table 3, column [3], shows that, as with 

the “intermediate” specification, the null hypothesis can be rejected at the 1% significance level. 

Whether one should prefer the intermediate specification or the Cobb-Douglas specification is 

somewhat moot, given that the results are very similar. When tested, the squared terms for 
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capital and labor, along with their interaction, are highly significant. On this statistical basis, 

we consider the intermediate specification to be the preferred model. 

The Shenoy (2021) test for input market frictions 

To implement the Shenoy (2021) test, we use nonlinear least squares to estimate cost-share 

regressions of the form 

 log⁡(
𝑋𝑖𝑡

𝑅𝑖𝑡
) = ln⁡(𝜉𝑋,𝑖𝑡) − 𝐫𝑋,𝑖𝑡𝜑𝑋 +𝑈𝑋,𝑖𝑡 , 𝑋 = (𝐸,𝑀)      (9) 

where 𝑈𝑋,𝑖𝑡 is an error term. We approximate the elasticity 𝜉𝑋,𝑖𝑡 by a polynomial in our four 

(log) inputs, and test for the joint significance of lagged variables that are contained in the 

vector 𝐫𝑋,𝑖𝑡. Under the null hypothesis of no constraints, these lags have no explanatory power. 

Significant coefficients on the lagged inputs therefore indicate a rejection of the null, suggesting 

the presence of input constraints. 

In Table 4 we present the results of the Shenoy (2021) test for the joint significance of lagged 

capital, labor, materials and energy. We can strongly reject the null hypothesis of no constraints 

for both energy and raw materials. These findings are consistent with our main alignment-based 

analysis: both methods indicate that firms are constrained in their access to inputs. While the 

approaches differ in implementation, the two methods converge on the same conclusion, 

providing evidence of input market frictions in Ethiopian manufacturing.  

The two tests also differ in the types of constraints they are most likely to detect. The Shenoy 

test is more likely to reject the null when constraints generate a dynamic relationship between 

cost shares and inputs, such as in the presence of significant input adjustment costs, whereas 

the alignment test may not capture such dynamics. Conversely, the Shenoy test may fail to 

detect constraints that are non-persistent, while the alignment test is specifically designed to 

capture these. In principle, combining both approaches could provide a more comprehensive 

test for input constraints, although we do not pursue such a unified approach here.  This 

highlights a key complement of the alignment-based method: it tests for economically 

meaningful misalignment between cost shares and marginal product-based elasticities, 



16 
 

providing an indicator of input market frictions that may not involve the dynamic constraints 

captured by the Shenoy test. 

 

V. Summary and Conclusions 

This paper provides evidence that Ethiopian manufacturing firms face significant constraints 

in their access to key inputs, particularly raw materials. Using firm-level panel data from 

2003–2016, we test for the presence of shadow costs that arise when input use is misaligned 

with its economic value. Our main approach embeds alignment restrictions on the relationship 

between cost shares and revenue elasticities within a dynamic revenue production function 

estimated via nonlinear GMM. This allows us to account for the potential endogeneity of 

energy and materials while directly testing whether firms behave as if they can adjust these 

inputs freely. 

Our results show that the estimated elasticities for both energy and raw materials are generally 

higher than the corresponding cost shares, indicating that firms under-use these inputs relative 

to their production value. The misalignment is particularly pronounced for materials, 

suggesting stronger constraints in the markets for such inputs. We complement the alignment-

based approach with the Shenoy (2021) test, which examines whether lagged inputs help predict 

current cost shares. While the two methods differ in focus, they lead to the same conclusion: 

firms face input constraints. We highlight a key contribution of the alignment-based method: it 

provides a direct, economically meaningful indicator of input market frictions that may not be 

detected by methods relying on dynamic relationships. 

Methodologically, our analysis underscores the importance of accounting for weak instruments. 

In the full translog specification, the large number of endogenous terms makes identification 

challenging. Reducing the number of endogenous regressors improves instrument strength, 

improving the power of our tests. This finding may be of interest to applied researchers using 

production functions, as it illustrates how careful attention to instrument selection and model 

specification can affect inference. 
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Overall, our findings indicate that input market frictions have substantial effects on production 

decisions in Ethiopian manufacturing. Firms under-utilize raw materials relative to their 

marginal value, implying significant shadow costs. At the same time, it is important to 

acknowledge that our data do not allow us to directly identify the specific sources of these 

constraints, such as electricity shortages, procurement costs, or supplier network limitations. 

While our results reveal the presence and economic significance of shadow costs, understanding 

the precise mechanisms behind these frictions remains an important avenue for future research. 

Addressing the underlying constraints, once identified, could enhance production efficiency 

and output in the sector. 

  



18 
 

 

Table 1. Summary statistics  

 Mean Std dev 

log Labor 12.5 1.69 

log Capital 13.65 2.57 

log Energy 10.77 2.07 

log Raw materials 14.28 2.02 

log Output value 15.01 1.87 

log Energy cost share -4.23 1.53 

log Materials cost share -0.73 0.86 

   

Number of firms 2062 

Number of observations 7651 

Note: All variables are expressed in logarithmic form. In levels all variables are measured in real monetary 

terms. The cost share of energy for sectors is calculated as the log of energy to output. The cost share of raw 

materials for sectors is calculated as the log of raw materials to output. The table shows mean values and 

standard deviations. For all regressions in this paper, log inputs are mean-centered. Source: Own computations 

using CSA data. 
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Table 2. Two-step GMM estimates of production function parameters 

 

[1] 

Translog 

[2] 

Intermediate 

[3] 

Cobb-Douglas 

Average elasticities:    
Labor (𝛼𝑙) 0.128 0.145 0.148 

 (0.041) (0.015) (0.016) 

Capital (𝛼𝑘) 0.018 0.020 0.008 

 (0.020) (0.020) (0.009) 

Energy (𝛼𝑒) 0.058 0.003 0.037 

 (0.090) (0.044) (0.039) 

Raw material (𝛼𝑚) 0.798 0.822 0.797 

 (0.071) (0.037) (0.036) 

    

Average log cost shares    

log Energy cost share: log𝐶𝑆𝐸  -4.232 -4.232 -4.232 

 (0.029) (0.029) (0.029) 

log Material cost share: log𝐶𝑆𝑀  -0.729 -0.729 -0.729 

 (0.013) (0.013) (0.013) 

AR(1) coefficient:    

𝜌 0.409 0.3437 0.328 

 (0.037) (0.044) (0.047) 
    

    

J-statistic 1.99 6.86 2.68 
J p-value 0.85 0.23 0.26 

KP Wald F-statistic (weak IV) 0.220* 14.34** 25.62** 
    

Number of parameters 32 25 22 

Number of moments 37 30 24 
Number of firms 2,062 2,062 2,062 

Number of observations 7,651 7,651 7,651 
Note: All variables are expressed in logarithmic form. The dependent variable is the sales value of produced 

output. Labor and capital are predetermined whereas raw materials and energy are endogenous. Robust standard 

errors in parentheses. KP refers to Kleibergen & Paap (2006), with * and ** indicating statistical significance at 

10% and 5% levels respectively. All monetary variables are deflated using price indices, as described in the 

main text. All inputs are mean-centered in estimation.  

  

http://parenthesis.kp/
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Table 3. Alignment of Elasticities and Cost Shares: Weak Instrument Robust Tests  

 

[1] 

Translog 

[2] 

Intermediate 

[3] 

Cobb-Douglas 

H0: log⁡(𝛼𝑒) = log𝐶𝑆𝐸, 

log⁡(𝛼𝑚) = log𝐶𝑆𝑀 
 

  

    

S statistic 3.24 33.02 21.92 
    

Number of instruments 37 30 24 
    

Number of strongly 

identified parameters 

23 23 20 

Df 14 7 4 

    
p-value 0.99 0.00 0.00 

    

    
Note: This table reports weak-instrument-robust S-tests (Stock and Wright, 2000). The S statistic is evaluated 

under the null hypothesis and compared to a Chi-square distribution with degrees of freedom equal to the 

number of instruments minus the number of strongly identified nuisance parameters.  
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Table 4: Tests for the joint significance of the lagged inputs 

 Instruments [2] F statistic [3] p-value 

 

(a):m(raw materials) lagged inputs: 𝑘𝑡−1, 𝑙𝑡−1, 𝑚𝑡−1, 𝑒𝑡−1 F(4,2061) = 22.06 0.00 

(b):e(energy) lagged inputs: 𝑘𝑡−1, 𝑙𝑡−1, 𝑚𝑡−1, 𝑒𝑡−1 F(4,2061) = 55.43 0.00 

Note: This table reports Shenoy (2021) tests for the joint significance of the lagged inputs. All variables are expressed in logarithmic 

form.  
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Online Appendix 

Appendix A: Information about the data set and variable construction 

The data set 

We use two firm level panel data sets that were merged by a team of researchers based at the then 

Ethiopian Development Research Institute (EDRI) and Oxford University. To fix the establishment 

identification problem associated with a change in the establishment’s identification number made by 

Central Statistical Agency(CSA) in 2011, the teams relied on firm International Standard Industry 

Classification(ISIC) code, establishment number, taxpayer identification number, phone number and 

establishment name. The first firm level panel data set spans 1996-2013 (Western calendar). In this 

data set there are 6,321 firms with 21,288 firm-years observations. The second firm level panel data 

set is obtained from International Growth Center (IGC) in Ethiopia and spans the period 2012-2017 

(Western calendar). This data set has 8,135 firms and 14,896 firm year observations. We identified 

firms that exist in both data sets and merge these two datasets using the year 2013 as linking year. We 

keep the datasets from the year 2000 to 2016 with total of 9,780 firms with 26,488 firm year 

observations. We trimmed the upper and lower 2% to deal with outliers and dropped 2,337 

observations with non-positive values (i.e. 1,263 on energy variable,694 on labor and 380 on capital). 

Thus, we have 8,698 firms with 24,132 firm year observations. In our estimation sample there are 

2,062 firms and 7,651 firm-year observations. 

Construction of variables 

1. Output is measured by the sales value of output produced by the firm in a given year 

2. Capital: We employ the perpetual inventory method to construct physical capital at the end 

of the year using: total book value at the beginning of the year; total investment on capital 

purchase and repair; capital sold and disposed; and depreciation 

2. Labor: The cost of labor is calculated as: Wages and Salaries + (Commissions, Bonuses, 

Professional, and Hardship Allowances) + (Supplements to Wages and Salaries of 

Employees i.e. Actual cost of the establishment on food, lodging, medical and other 

benefits + Establishments contribution on behalf of employees to pension, life and 

casualty) 
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3. Energy: To get expenditure on energy we combine expenditures on electricity, fuel and 

lubricating oil, and charcoal and wood. 

4. Raw material: We computed the value of raw material summing up the value of local raw 

material and imported raw material. 

  Note: All variables are deflated using price indices, as described in the main text. 
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Appendix B: Results for Industry groups 

Table B.1 

 

Table B.2 
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Table B.3 
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Table B.4 
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Table B.5 
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