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The objective of this research is to determine the effects of data aggregation on firm-level efficiency 
measures. Aggregation creates heteroscedasticity since the error variance of average cost decreases 
as total output increases. Inefficiency indexes from stochastic frontier functions estimated assuming 
both heteroscedasticity and homoscedasticity are compared with those from data envelopment analysis 
(DEA) using a Monte Carlo study. Stochastic frontier functions hold up rather well in the presence of 
data aggregation, but efficiency measurement from DEA diverges from true efficiency measurement. In 
particular, DEA is biased towards finding more inefficiency in small firms.
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1. Introduction

Since Farrell (1957) developed his efficiency index using a deterministic frontier function,  efficiency 
measurements from a stochastic frontier model and data envelopment analysis (DEA) have been 
frequently used to estimate firm-level efficiency measures. Stochastic frontier functions were suggested 
by Aigner et al. (1977), who allowed deviations from the frontier to arise from random factors where the 
disturbance term was the sum of symmetric normal and half-normal random variables. Jondrow et al. 
(1982) introduced firm-specific inefficiency measurement. DEA was introduced by Charnes et al. (1978), 
who assumed constant returns to scale (CRS). This idea was extended to variable returns to scale (VRS) 
by Banker et al. (1984). DEA is a nonparametric method and therefore does not require distributional 
assumptions about error terms. Also, DEA can handle multiple outputs and inputs. On the other hand, 
the fundamental merit of using a stochastic frontier function is to measure inefficiency in the presence 
of statistical noise, but it is subject to potential bias if an incorrect error structure is assumed.

One concern about the error structure is possible heteroscedasticity. Caudill and Ford (1993) find 
biases in frontier estimation due to heteroscedasticity of the one-sided error and later Caudill et al. 
(1995) find that the rankings of firms by efficiency measures are significantly affected by correcting 
for heteroscedasticity. These followed Schmidt’s suggestion (1986) that a one-sided error can be 
associated with factors controlled by the firm while the random component can be associated with 
factors outside the firm’s control. Hadri (1999) finds heteroscedasticity of both error terms with 
the same data of Caudill et al. (1995). This past research, however, has not formally derived how 
aggregation leads to heteroscedasticity.

Greene (2003) argues that the most common occurrence of heteroscedasticity is, in general, when 
data are aggregated, which is called “groupwise heteroscedasticity”. Dickens (1990) shows that 
using data weighted by the square root of group size is only appropriate if individual error terms 
are not correlated within groups. In empirical work, disaggregated data are often not available 
so that economic research is often done using aggregated data. For example, the Macdonald and 
Michael (2000) study of the hog slaughter industry and the Ollinger et al. (2005) study of the poultry 
processing industry are aggregated over packing plants owned by the same firm. Adkins and 
Moomaw (2003) study public schools aggregated across teachers, while the Featherstone et al.

(1997) study of beef cow farms uses data aggregated over cows. These studies typically conclude 
that small firms are much more inefficient than large firms. When the average cost (or average  
utput) function with aggregated data is estimated, the error variance of average cost decreases 
as group size increases, which raises the question as to how much of this finding of small-firm 
inefficiency is due to not considering heteroscedasticty created from using aggregate data.

This article uses a Monte Carlo study to estimate the biases in inefficiency measurement that are created 
from aggregate data. We begin with a disaggregate model with random effects, and the aggregate 
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B07 model is obtained by summing the disaggregate observations. The log cost model is obtained by a first 
order Taylor approximation. The resulting model is heteroscedastic. A Monte Carlo study compares 
inefficiency measurement in the presence of this heteroscedasticity with parameter estimates that both 
consider and disregard heteroscedasticity. With the same data, inefficiency indexes from DEA are also 
computed in order to provide comparisons with the stochastic frontier function.

2. Theory
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stochastic frontier cost function. 

Table 2 shows the mean of average inefficiency. Inefficiency indexes with heteroscedasticity are slightly 
bigger than those assuming homoscedasticity, which agrees with previous findings by Caudill, Ford, and 
Gropper (1995), but the differences between inefficiency indexes with and without heteroscedasticity are 
small. In no case are the estimates significantly different from true values, which agrees with Table 1. 
So, biases in terms of average inefficiency are also small.

Table 3 shows correlations between true firm-specific inefficiency indexes based on the conditional 
mean in equation (11) and firm specific inefficiency indexes from each method. Since the units of firm 
specific inefficiency indexes resulting from parametric and non-parametric methods are different, it is 
better to look at their correlations to compare the two methods. Also, rank correlations are reported 
in parentheses because ranks are frequently used after estimating an efficiency index. The stochastic 
frontier inefficiency measures show high correlations (mostly greater than 0.9) with the true values. 
DEA, however, has much smaller correlations ranging from 0.4 to 0.6.
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Figure 1 shows the relationship between firm-specific inefficiency indexes and output in the first sample 
in case 3 where variability of inefficiency error is high. The figure shows how data aggregation can affect 
estimates of inefficiency by size of firm. As shown in Figure 1(a), inefficiency indexes from stochastic frontier 
cost functions have a similar pattern regardless of whether heteroscedasticity is considered or not.

Figure 1 - Firm specific inefficiency index over averaged output in the 1st sample in case 3
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compared to true inefficiency indexes. DEA with CRS does not show greater inefficiency with small 
farms, but this result is due to imposing constant returns to scale. DEA with VRS, however, tends to 
have inefficient small firms relative to efficient large firms even though the true inefficiency indexes do 
not vary by size. Thus, as the example shows, DEA falsely leads to finding small firms having greater 
inefficiency, but this result is driven both by the heteroscedasticity and the larger number of small firms.

6. Conclusions

This article studies estimation of stochastic frontier (total) cost functions with heteroscedasticity from 
using aggregated data. Aggregation creates heteroscedasticity in the unexplained error. Each unit 
within a firm is assumed to have identical inefficiency. Future research may want to consider the effects 
of aggregation when the inefficiency varies by individual unit. The stochastic frontier functions hold up 
rather well in the presence of data aggregation, but DEA shows low correlations with actual inefficiency 
and also DEA with VRS incorrectly finds that small firms have more inefficiency.
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