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THE ECONOMIC CONSEQUENCES OF OSHA COTTON DUST REGULATION: 

AN INCOME EFFICIENCY MODEL APPROACH 

Abstract 

This paper used Data Envelopment Analysis (DEA) to test the 

economic consequences of the Occupational Health and Safety 

Administration (OSHA) cotton dust standards by comparing the 

relative efficiency of firms affected by cotton dust in SIC 2200 

and 2300 for the years before and after the Supreme Court upheld 

the regulation in 1981. Accounting-based inputs of common equity, 

total assets and production costs were minimized, while total 

revenue was maximized. Using available Compustat firms, and 

controlling for the effects of imports for consumption providing 

for asymmetric cost disadvantages to United States firms, we found 

that the surviving firms had become more efficient during the post-

regulatory period as predicted. Apparently, these firms were able 

to accommodate the dust standard, reduce costs and improve the 

operating ef ciency of tnese firms simultaneously. The results 

also indicate the usefulness of DEA as an alternative method of 

testing the economic consequences of a regulation. 
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1. Introduction. 

Economic consequence studies have often relied on stock price 

based measures in order to. capture the effects of a regulation. 1 

While in some cases the effects of a regulation are unambiguously 

captured by stock price based measures, in other cases these 

effects are not readily discernible, leading to unwarranted 

conclusions about the effects of a regulation and the overall 

efficacy of stock price based measures. In this paper, we argue 

that a more direct test of the effects of a regulation is to look 

at the changing relationship between the resources and revenues of 

a firm, especially since the effects of a regulation often change 

the functional relationships between the pre- and post-regulatory 

period. Conventional estimates of production functions such as 

Cobb Douglas assume specific functional relationship for estimation 

purposes. In this study, we use the Data Envelopment Analysis 

( DEA) ; as DEA assumes no specific functional relationship, it 

captures the efficiency effects of a regulation even when 

functional relationships are changing. 

Specifically, this paper uses accounting based measures to 

estimate the effects of a regulation upon the firms and the 

industry. The OSHA Cotton Dust Regulations were used to demonstrate 

the usefulness of DEA as a means of testing theories of regulation. 

The choice of OSHA Cotton Dust standards was dictated by the fact 

that these standards impose "technology specific input 
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restrictions" on the regulated industry. Additionally, the industry 

has faced increasingly stiff foreign competition during the post 

regulatory period, as the compliance costs imposed by the 

regulation rose. We hypothesized that compliance costs of 

regulations will force surviving firms to invest in capital 

equipment which would eventually improve the operating efficiencies 

of these firms. Our results are consistent with our hypothesis. 

The rest of the paper is as follows. Section 2 provides 

background information regarding the OSHA Cotton Dust standards and 

stipulates the hypothesis, i.e., economic consequences of the 

regulation. Section 3 articulates the rationale for using DEA in 

order to test the effects of a regulation; section 4 describes the 

model and data used in the study; section 5 analyzes the results; 

section 6 assesses the differential intra-industry effects of the 

regulation on large and small firms and section 7 concludes the 

paper. 

2. Economic Consequences of OSHA Cotton Dust Standards 

The evolution of the existing OSHA cotton dust exposure limits 

followed a sequence of successive events beginning with scientific 

reports of the relationship between cotton dust exposure and 

byssinosis and reduced lung function, and regulatory initiatives in 

,the early 1970s. 2 [See Merchant, 1981; Merchant et al., 1973; and 

Umbus, 1974] By the late 1970s, the very highest levels of all 
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three branches of government were embroiled in the rule-making 

process. Numerous articles appeared in the popular press and more 

specialized sources like The wall Street Journal, the Federal 

Register. the Occupational Safety and Health Reporter, and the 

Journal of Occupational Medicine. Various groups including the 

American Conference of Governmental Industrial Hygienists (ACGIH), 

the National Institute of Occupational Safety and Health (NIOSH), 

the Amalgamated Clothing and Textile Workers Unions (ACTWU), and 

the American Textile Manufacturer's Institute (ATMI) participated 

in the rule-making process. In short, cotton dust standards 

represent an epic example of contemporary industry specific 

regulation. 

Cot ton dust regulations apply to a well-defined industry, 

albeit coverage has ed across industry segments (i.e., yarn 

production, knitting, classing and warehousing, waste processing, 

garneting, and cotton seed processing) and will continue to vary 

over time as more exempted segments are released from the standard. 

Both cotton and non-cotton synthetics were expl itly included in 

the standards. Moreover, occupational illness numbers and incidence 

rate for dust diseases of the lungs collected by Bureau of Labor 

Statistics for 1972-1991 indicate positive incidence rates for all 

of the four digit industries within SIC 2200 and 2300 3 • Because the 

regulations are applied to a specif industry, both the short and 

long term, direct and indirect effects of the standard can be isolated 



4 

to that specific industry or group of firms within that industry. 

Moreover, the nineteen-year window contains the whole regulatory 

cycle from the rule-making process which established the standard 

in the 1970s to coverage issues and enforcement of the standard in 

the 1980s. 

Extant studies by Maloney and McCormick (1982) and Hughes, 

Magat, and Ricks (1986) employed an event-study methodology based 

upon the Capital Asset Pricing Model (CAPM). By using stock price 

changes as a measure of changes in firm value which result from a 

regulatory event in the former study or a series of seventeen 

regulatory events in the latter study, these efforts have purported 

to measure the standard's effects on firm value for very short 

periods. By examining 1980, the year the standard came into 

effect, and monthly returns measuring the event's 

fourteen textile firms for a twelve-month period, 

effects upon 

Maloney and 

McCormick (1982) found positive abnormal returns for both cotton 

and man-made fiber firms. On the other hand, Hughes, et al . 

(1986), using daily excess returns data and an expanded sample of 

seventeen events, found that the market value of cotton firms 

declined by approximately 23 percent. 

In a different context, Scherer (1988) contrasted "event 

study" methodology which measured the short-term stock price 

effects anticipated by investors with an "efficiency" methodology 

which measured the long term, actual effects of managerial 
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This paper employs accounting-based cost measures to 

estimate the direct and long run efficiency effects of the standard 

upon the firm and industry. Unlike the traditional interpretation 

of a regulation raising the firms' cost of compliance and thereby 

reducing its profits, Maloney and McCormick (1982) demonstrated 

that increased profitability can result from a regulation, at least 

for some of the firms in the industry. Frumin (1983) and Viscusi 

(1985) argued that regulations forced textile producers to invest 

in productivity enhancing equipment with reduced costs sufficient 

to raise profitability. By analyzing seven firms, Frumin (1983) 

demonstrated that a tight fit existed between capital expenditures 

and firm profitability. This argument is supported by the Federal 

Register (1985) which states that virtually the entire industry has 

come into compliance by introducing and utilizing modern production 

equipment (i.e., chute fed cards, projectile looms, open end 

spinning, etc.) in conjunction with increased ventilation. Our test 

hypothesis, like Frumin's (1983) and Maloney and McCormick's 

(1982), is that some firms' overall efficiency will increase, 

primarily due to more productive capital equipment which was 

installed the industry prior to the upholding of the standard in 

1981. 

3. Data Envelo~ment Analysis and Economic Consequences 

Economic consequences of a regulation have traditionally been 
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tested using either a cross sectional regression approach or market 

model based on CAPM. In t~is study, we use DEA as an alternative 

and complementary way of testing the effects of regulation. DEA is 

used to classify annual revenue generation of firms before, during, 

and after the regulatory episode order to measure the actual, 

direct effects of regulation upon the firms affected by the 

standard. 

A number of advantages exist using the DEA approach over more 

traditional approaches. First, since DEA assumes no specific 

functional relationships, and one of the ef s of regulation is 

likely to mandate changes in the functional relationship between 

inputs and outputs, DEA is an ideal tool for such measurement over 

time. A regression model assumes an invariant functional 

relationship between inputs and outputs over a long period of time 

and is unable to capture all the effects of a regulation since it 

assumes away5 one of the fundamental effects of a regulation. 

Secondly, since most regulations mandate specific production 

functions, the effects of a regulatory standard are likely to be in 

terms of changing the input allocations by managers in an attempt 

to ward off the potentially adverse effects of a regulation. 

Changes in managerial allocation decisions are more likely to be 

reflected in long term investing and financing than 

decisions. 

operating 

Thirdly, traditional tests of the effects of regulation have 
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focused on the informational efficiency of the market since 

regulations have o en been justified on the grounds of market 

failures (Leftwich, 1980). Irrespective of whether market failure 

is an adequate justification for regulation, market models, though 

extremely robust in capturing the informational efficiency of the 

market, are unlikely to capture the managerial efficiency of a 

. DEA can complement the traditional tests of the theories of 

regulation in as much as .provides more direct evidence regarding 

the managerial efficiency implications of a regulation. 

Fourthly, regulatory mandates are frequently preceded by an 

administrative fiat, i.e., due process procedure which allows the 

parties affected by a regulation to 

deliberation process of the regulators. 

provide input into the 

While such a process might 

or might not mean an actual capture of the regulators in the 

classic Stiglerian (1971) sense, they certainly allow the affected 

parties an advantage for softening the stance of regulators, while 

simultaneously developing accommodative or preemptory strategies in 

preparation of the worst case scenario. These strategies are more 

likely to be reflected in internal managerial allocations than in 

the share price of the firm. Arguably a strongly efficient stock 

market could discount the value of the firm on the basis of prior 

probabilistic estimates of the effects of a regulatory event. 

DEA's focus on internal managerial decisions helps us identify the 

actual effects of these strategic preemptive moves as they are 
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reflected in the revenue efficiency measures over a period of 

time. 7 

4. The Income Efficiency Model {IEM}. 

DEA is a non-stochastic, extremal approach enveloping 

production observations with a piecewise linear efficiency frontier 

( constructed from input-output vectors) composed of the "best-

practice" organizations under scrutiny. As such, DEA evaluates 

relative efficiency with respect to minimizing inputs while 

simultaneously maximizing outputs. This evaluation is performed by 

comparing each organization or decision making unit (DMU), to an 

efficiency frontier, constructed by considering all observed DMUs 

and combinations of the DMUs [See Appendix A for technical 

details]. 

Data Envelopment Analysis can be applied to any revenue 

producing organization by converting publicly available financial 

performance indicators to their overall efficiency equivalents. 

One such approach is to disaggregate Return On Equity (ROE) using 

the Du Pont method [See Smith, 1990 and Haag et al., 1993]. 

ROE, measuring the relationship of net income to common 

equity, can be decomposed as follows: 

NI 
ROE= s 

S A 
X - X -, 

A E 



where: profit margin 

asset utilization 

equity multiplier 

= 

= 

= 

net income(NI)/sales(S) 

sales(S)/total assets(A) 

total assets(A)/common 

equity (E). 

9 

This decomposition facilitates the examination of ROE in terms of 

a measure of profitability (profit margin), level of assets 

required to generate sales (asset utilization), and the financing 

of those assets (equity multiplier). As such, ROE encompasses 

measures of sales, net income, total assets, and common equity. 

The components given above (sales, net income, total assets, 

and common equity) define important efficiency dimensions of a 

revenue producing organization. That is, sales, total assets, and 

common equity can be minimized as inputs, and net income can be 

maximized as an output. An income efficient firm utilizes a 

minimum of sales, total assets, and common equity in order to 

generate a maximum of net income. This view identifies an 

efficient firm as having used a minimum of resources, yet producing 

a maximum of net income. Because DEA does not work with negative 

numbers, the approach of explicitly modeling net income (losses) 

may not be appropriate. In the instances of negative net incomes 

or net losses, net income can be implicitly modeled by defining the 

long term resources as total assets and common equity, and short 

term resources as embodied in costs, while sales are maximized. In 
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this way, financial ratios, commonly used to assess the financial 

performance of a firm, are systematically incorporated into an 

operational definition of revenue efficiency. Thus, the DEA 

equivalent of the IEM measures the success of long term investing 

and financing decisions as well as short term operating decisions. 

An additional component that must be considered when modeling 

the effects of a set of events on an entire industry is the 

competitive impact of imports. Imports for consumption are those 

products coming into the country that will directly compete with 

the products of a given industry; thus, imports for consumption 

will have a negative ef feet on total revenues ( the output) . 

Because of this, imports for consumption are treated as a 

"competitive input." That is, an industry during a given year is 

relatively more efficient than other years if it can hold levels of 

assets, common equity, costs, and revenues constant (or even 

decrease inputs and increase outputs) in light of increasing 

imports for consumption. Therefore, in DEA modeling, imports for 

consumption are categorized as "competitive inputs" that are 

maximized8 • Thus, imports are directly incorporated into the 

assessment of revenue efficiency which is measured by the DEA 

model 9 • 

The input-output components of modeling the income efficiency 

of the textile industry are given by: 



minimizing: 

maximizing: 

input #1 
input #2 
input #3 

input #4 
output #1 

assets (Compustat item #A6) 
- common equity (Compustat item #A60) 
- costs (Compustat item# A12-A172) 

imports for consumption(competitive), 
revenues (Compustat item #A12). 

11 

These variables, with the exception of imports for consumption, 

were compiled from the COMPUSTAT. The Standard Industrial 

Classifications (SICs) 2200, Textile Mill Products, and 2300, 

Apparel and Other Products, comprise the two broad industry 

categories directly affected by the cotton dust regulations. 

Imports for consumption were obtained from l.L..S..:.. Commodity Exgorts 

gJJ,Q. Imgorts Related .t.Q Outgut for the corresponding time 

periods. 

5. Analysis .Q.f Results. 

When using IEM to measure the effects of regulation over time 

on a given industry, the years in which observations are made are 

treated as decision making units or DMUs. In each analysis, the 

observation of the specific group of firms for a given year is 

treated as the DMU. In each year the relative temporal efficiency 

of an industry is evaluated as a deviation of a given year to an 

efficiency frontier comprised of all of the most efficient years. 
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In this application 19 years (1974-91) were examined which included 

eight pre-regulation DMUs ( 1974-80) and eleven post regulation 

years (1981 91). 

Tables 1-3 and Figures 4 through 7 summarize the general 

results of two groupings of firms, "surviving firms" and the 

"industry," for the two SICs, 2200 and 2300. The surviving firms 

represent those firms which were continuously classified by 

COMPUSTAT to be within SIC 2200 and 2300. The industry is 

comprised of all those firms which are found in the SICs 2200 or 

2300 in a given year. Firm membership may vary greatly into and 

out of the two COMPUSTAT classi ions various reasons 

including self reported changes in lines of business, 

reorganization, acquisition, sell off, or outright bankruptcy. For 

this reason, both groups of firms, a longitudinal group of 

identical firms, and a group of firms comprising an industry of 

varying membership, were compared to assess the efficiency changes 

attributable to the evolution of the dust standard. 

The stability index is the DEA equivalent measure of revenue 

efficiency. Given a firm's classification of efficient or 

inefficient, the stability index measures the extent of the minimum 

perturbation (i.e., a simultaneous proportional increase in revenue 

and decrease in resources) required to move an inefficient year to 

become efficient, or the minimum perturbation (i.e., a simultaneous 

proportional decrease in revenue and increase resources) 
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required to move an inefficient year towards the efficiency 

frontier. A large positive index value indicates a robustly 

efficient classification. An index value near zero (positive or 

negative) indicates a firm requires only a small perturbation to 

change its efficiency classification. Finally, a large, negative 

index value indicates a robustly inefficient year, which would 

require a relatively large simultaneous perturbation of revenues 

and resources in order to move that firm towards the efficient 

frontier. By using the stability index values, it is possible to 

rank the llrobustness" of a particular year, otherwise there would 

be no way to rank the efficiency of the years which comprise the 

efficiency frontier. (A more technical explanation of this 

approach can be found in Appendix 1.) 

Table 1, columns ( 2) ( 5) and Figures 4 and 5 report the 

stability indices or 8s for the surviving firms during the whole 

period, 1974 91. During the pre-regulatory period, 1974 80, the 

firms were virtually efficient since most of the 8s are negative, 

or at least very close to zero. During the post regulatory period, 

1981-91, we note large fluctuation in efficiency, but the prominent 

difference expressed as larger positive es. The larger 8s 

represent the years which were more robustly efficient. 

For the industry classification, Table 1, column (6)-(9) and 

Figures 6 and 7, the stability indices imply a similar pattern of 

results: during the pre~regulatory period, the industry is 
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efficient or virtually efficient and during the post regulatory 

period, the industry often is quite robustly efficient. 

Significantly, the plot of number of firm reported in SIC 2200 and 

2300, Table 1 column (6) and (8) and Figures 6 and 7 decline 

continuously and significantly over the entire 1974-91 period. 

Evidently the surviving firms in the industry, either became more 

income efficient, or left these classifications as their primary 

line of activity. 

Table 2 reports the descriptive statistics for the general 

results. The post-regulatory means are positive and large compared 

to the pre-regulatory means which are either slightly negative 

(inefficient years) or close to zero for 2200 and 2300. The 

differences in the standard deviations also are noticeably 

different. The post-regulatory periods' standard deviations are 

all considerably larger than the pre-regulatory periods' standard 

deviations. 10 Apparently the post-regulatory years exhibited 

greater efficiency on the average, and notably, the common break in 

efficiency ratings occurred between 1980 and 1981. This is also 

uniformly apparent in Figures 4-7. The OSHA standard took effect 

in the summer of 1980 and the Supreme Court upheld the standard in 

June 1981. 11 

6. Intra-industry Effect Q.f Regulation Qil Firm .siz.e. 
Maloney and McCormick (1982) recognized that regulation via 
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standards may not impose costs uniformly across all firms. 

Efficient firms in the industry with low cost of compliance, even 

in the face of entry (or rising imports), could face a situation 

where prices· rise faster than the costs of these firms . 12 Our 

results confirm that intra-industry cost disadvantage was 

disproportionately borne by the smaller firms. 

Uniform results emerge through a comparison of large versus 

small firms. 13 The descriptive statistics of the stability indices 

for the entire period 1974-91 are provided in Table 3 and Figures 

8-11. The large firms invariably have "more robust or larger" 

stability indices than the small firms for all of the columns (1) 

through (4). This result applies to both the survivor group and 

the industry group and also applies to SIC 2200 and 2300. This 

difference between the means is quite evident and supports the 

notion that larger firms were somewhat more robustly efficient than 

the smaller firms. 

In as much as the post-regulatory period was expected to have 

greater e values, Figures 8 11 confirm this result. From Table 4, 

the differences between the mean stability indices are much higher 

for the larger firms than for the smaller firms during the post 

regulatory period, 1981-91. The result holds true for both SIC 

2200 and 2300 and for both the survivor firms and the industry 

group of firms. Moreover, 

firms exhibit considerably 

the stability indices for the large 

greater amount of variability as 
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evidenced by the descriptive statistics for both Tables 4 and 5. 

The only exception is industry firms of SIC 2200 during the post-

regulatory period (Table 4, column 3), where the variances were 

similar. 

A comparison between Table 3, the combined pre- and post-

regulatory periods (1974-91), with Table 4, the post-regulatory 

period (1981-91), also provides some useful contrasts. The mean 

stability indices are almost twice as large during the post-

regulatory period (Table 4) as compared to the combined period 

(Table 3). Overall an apparent difference exists, which provides 

some support for the notion that larger firms were more 

"efficiently robust" than smaller firms during both the whole 

period and sub-period examined. This sual comparison of the means 

provides additional evidence that the large and small firms in the 

post-regulatory period were more "robustly efficient" than the 

combined period. This finding coincides the finding Table 2, 

using the more aggregated classifications. 

Consistent with the assessment that larger firms were more 

efficient than smaller firms, is the evidence concerning the number 

of firms in the industry category within the COMPUSTAT database. 

For SIC 2200 (Table 3, column 3), from 1974 to 1991 the number of 

large firms dropped by five or -24%, while the number of small 

firms dropped by 35 or -43%. Hence, proportionately more small 

firms were dropped from the 2200 classification than large firms. 
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For SIC 2300 (Table 3, column 4), the evidence is mixed. From 1974 

to 1991 the number of large firms dropped by 13 or 48%, while the 

number of small firms dropped by 45 or -46%. Although the absolute 

number of small firms leaving the 2300 classification is much 

larger, the percentage change does not indicate that the smaller 

2300 firms left the clasqification at a proportionately higher 

rate. We conclude, therefore, that for SIC 2200 firms, the 

larger firms seemed to be more efficient, or at least survive in 

the 2200 classification better than the smaller firms. For SIC 

2300, although the larger firms evidenced greater efficiency, and 

many more smaller firms left the industry classification, the 

proportional decline in the number appeared proportionately 

comparable between large and small firms. 

7. Concluding Remarks. 

Extant studies of the economic theories of regulation have 

focused on market measures of informational efficiency. In this 

study we used DEA in order to capture the firm and industry 

specific measures of relative efficiency. In particular, based on 

the sample of COMPUSTAT firms, and including the effects of imports 

for consumption, our results suggest that surviving firms benefited 

from regulations since technology specific regulatory requirements 

forced out the cost inefficient firms from the industry that 

could not invest in mandated capital intensive technologies or 
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meet the competition from imports. Firms with a relative cost 

advantage invested in new.technologies to be in compliance with 

OSHA Cotton Dust Regulations. The payoffs of these investments 

were in terms of increased efficiencies in the post regulatory 

periods for the surviving firms as evidenced by our results. In 

this sense, the regulations were beneficial to the regulated firms, 

since the investment in technologies rewarded those firms with an 

added competitive edge in the face of increased foreign 

competition. 

Our results also suggest that the regulation benefited the 

large firms more than the smaller subset of firms, which lost more 

members over the time period under consideration than the larger 

firms. Although our def tion of industry membership is 

constrained by COMPUSTAT classification changes into SIC 2200 and 

2300, we believe that the overall trend of smaller firms exiting 

the industry at a faster rate than larger firms is evidenced by our 

data. The effects of regulation on firms that exited the industry 

is also an interesting issue. However, because of data limitations 

we have not been able to identify the effects of regulation on 

firms that exited the industry. 

Finally, as we indicated earlier, our model directly 

incorporates imports for consumption as a competitive input. 

Earlier studies documented the importance of controlling for 

imports in measuring the effects of regulation. However, in a 
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market model, the effects of imports are assumed to be impounded in 

the stock price of the firm affected by the regulation. DEA as a 

tool provides for a more direct way of capturing the effects of 

systematic macroeconomic factors such as imports for consumption 

that affect the efficiency of the firms. 
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APPENDIX A 

DATA ENVELOPMENT ANALYSIS 

The original model of DEA, called the CCR model (Charnes, 

Cooper and Rhodes, 1978), utilizes a convex polyhedral cone as the 

reference set. More recent models of DEA utilize different 

reference set constructions [See Fried, Lovell and Schmidt, 1993 

and Fare, Grosskopf and Lovell, 1994]. The DEA model of interest 

in this paper is the additive model of Charnes et al. (1985). The 

basic formulation of the additive model of DEA utilizes the convex 

hull of observed and hypothetical DMUs as the reference set. Each 

DMU's observed level of consumption and production, called the 

DMU' s component vector, are aggregated to form the production 

possibility set (reference set), PE 

( 1) 

where Yi and )( represent the observed output and input levels, 

respectively, for the ith organization. 

Each DMU is tested for technical efficiency by comparing its 

component vector to the empirical production possibility set (PE). 

If no other component vector, observed or hypothetical, PE 
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consumes the same or less input while simultaneously producing more 

or the same output, with at least one strict inequality, then the 

DMU is deemed technically efficient. Those DMUs not meeting the 

above criteria are deemed technically inefficient. Figure 1 

provides a graphical depiction of a set of DMUs for a single input 

single-output example. From Figure 1, DMUs #1, #2, #3 would be 

technically efficient while DMUs #4, #5, #6, and #7 would be 

technically inefficient. 

efficient frontier. 

OUTPUT 

1 

Segments 12 and 23 comprise the 

FIGURE 1 

3 

4 

INPUT 

Mathematically, the test for technical efficiency of DMUi is 

determined by solving the following linear program: 



min 

s. t. 

where y and X are the 

-1 -1 -eTD-s+ -e TD- s y X 
Th-s+ =Y. 

1. 

XA +s =X. 
1. 

e T"J\. :5:l 
"J\., s+, s 
matrices of 

~o 
the 

) ' 

outputs and 
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( 2) 

inputs, 

respectively; s+ and s denote the shortfall in production and 

excess consumption slacks, respectively. The eT vector is the sum 

vector, guaranteeing a convex combination or scalar multiple (less 

than one) of the DMUs under scrutiny. As the additive model is not 

units invariant, we would note that Y and X are transformed by 

component averages in the objective function + -e -1 and D- to 
X 

assure common results regardless of the units of measure chosen for 

each component (See Haag et al., 1992). 

The optimal solution of linear program (2) for each DMU yields 

the necessary information for classifying each DMU as technically 

efficient or technically inefficient. If the linear program yields 

an optimal solution containing slack variables all equal to zero, 

then DMUi is technically efticient. If the linear program yields 

an optimal solution with at least one slack variable at a positive 

amount, then DMUi is inefficient. 

The execution of this program (and subsequent analysis of the 

optimal solution) for each DMU dichotomizes the DMUs technical 

efficiency classification: those which are technically efficient 

and those which are technically inefficient. The DMUs, however, 
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should not be ordered according to technical efficiency scores. 

Charnes et al. (1992) developed a mechanism for ordering DMUs. This 

mechanism is based on the 00 -norm of a vector. Using this 

procedure, the 8 value (referred to as the stability index) defines 

the minimum simultaneous perturbations to the input-output vector 

for each DMU to alter its efficiency classification14 • For 

technically efficient DMUs, the stability index defines the largest 

symmetric cell in which detrimental perturbations (increases to 

inputs and decreases to outputs) can be made while maintaining 

technical efficiency. For technically inefficient DMUs, the 

stability index defines the largest symmetric cell in which 

perturbations (decreases to inputs and increases to outputs) can be 

undertaken while maintaining a classification of technical 

inefficiency. As such, the technically efficient DMU with the 

largest stability index is the most "robustly" efficient, and the 

technically inefficient DMU with the largest stability index is the 

most "robustly" inefficient. 

For each technically efficient DMUi, the following linear 

program is solved to determine the stability index: 

( 3) 

min e 
s.t. y(El 'J\.-s+8d 

0 =Y. 
1. 

x (El 'J\.-s-8d =X. I 1. 

e TA =1 
A, s +, s , e :?:0 
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where y(E) and XE) are the matrices of inputs and outputs, 

respectively, with efficient DMUi omitted; q, and are vectors 

given by d(3 = (1, 1, ... , 1) and di = (1, 1, ... , 1); 8 represents 

the stability index cell size. Note that 8 simultaneously 

increases inputs and decreases outputs to arrive at an optimal 

solution. Because 8 defines simultaneous detrimental perturbations 

(increases to inputs and decreases to outputs), the larger the 

stability index the more "robustly" efficient the DMU is. Figure 

2 provides graphical depiction of the 00 -norm measure (stability 

cell) for efficient DMU #2. 

OUTPUT 

2 

1 

STABILITY 
lCELL 

FIGURE 2 

3 

ICIENT FRONTIER 
U #2 REMOVED 
4 

INPUT 

Similarly, a stability index can be calculated for each inefficient 
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DMU. The stability index for an inefficient DMU defines the 

largest cell in which simultaneous perturbations (decreases to 

inputs and increases to outputs) will cause the DMU to remain 

technically inefficient. For that reason, it is desirable for 

inefficient DMUs to have small stability indices. The stability 

index for inefficient DMUi is determined by solving the following 

linear program: 

max e 
s.t. YA.-s ... _ 9d

0 

Xl\.+s-+ 9d 
I 

e TA 

=Y. 
.l 

=X. 
.l 

=1 

( 4) 

where all notations are as defined in prior formulations. Again, 

observe that e simultaneously decreases inputs and increases 

outputs to arrive at an optimal solution. Also note in the 

analysis to follow that it is customary to negate the stability 

index values for inefficient DMUs. Figure 3 provides a graphical 

depiction of the 00 -norm measure (stability cell) for inefficient 

DMU #7. 
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Footnotes 

1. See for example, Hughes et al. (1986), and Maloney and McCormick 
(1982). 

2. Federal Register, Vol. 50, No. 240, Dec. 13, 1985 pp. 51123 
51124, provided a chronology of events that eventually led to the 
strict enforcement of the standard in 1981 after the Supreme Court 
upheld the standard in the American Textile Manufacturers Institute 
Inc., Y....:.. Donovan 452 u.s. 490 (1981). 

3. As Viscusi (1985) noted, data on incidence of byssinosis is at 
most suggestive if not misleading since the reporting is not broken 
down into sufficiently finer categories such as grades 1 and 2. 

4. Bartel and Thomas (1985) define the direct effects of regulation 
upon single firms or individuals such as improvements in worker 
safety or increases in manufacturers' costs that reduce wages and 
profits. Indirect effects arise out of the asymmetrical impacts of 
regulation upon different groups of workers or firms. 

5. For time series regression analysis, given a particular 
functional form, an average or typical relationship is estimated 
over time, even if the functional specification may have changed 
over time. See Ravenscraft and Scherer (1987). 

6. In the Coase (1939 and 1991) tradition of the theory of the 
firm, surviving firms are characterized by some firm specific 
production efficiencies which are unique to the firm itself, else 
the firm will not survive in the market. 

7. Accommodative strategies can be manifested in many forms. For 
example, regulations that reduce a particular risk may elicit 
substitution towards other risk enhancing activities. This may 
apply to both individuals (Viscusi, 1994) and firms in their 
response toward a regulation. 

8. Mathematically, competitive inputs are modeled as outputs 
(maximized). Likewise, compet ive outputs, if they exist, would 
be modeled as inputs (minimized). 

9. Hughes, et al. (1986) ·used indirect evidence of high import 
supply elast ity in interpreting that the standards did not lead 
to large price increases; thus large compliance costs should lead 
to lower profitability. 
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10. The differences between means and variances are not independent 
and are highly autocorrelated. Neither parametric or non-
parametric statistics can be employed legitimately to describe the 
differences. 

11. See Federal Register, Vol. 50, No. 240, Dec. 13, 1985. 

12. Maloney and McCormick (1982), use stock market event analysis 
to conclude that intra-industry transfer of wealth may make 
regulation desirable for the firms which may be the net gainers. 

13. Small and large firms were determined on a per year basis using 
the mean total assets for each year as a reference. 

14. To be technically correct, the perturbation defined by the 
stability index will move each DMU to the efficient frontier, with 
any minuscule perturbation causing technical efficiency 
reclassification. This is referred to as "virtual efficiency." 
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year 
(1) 

1974 

1975 

1976 

1977 

1978 

1979 

1980 

1981 

1982 

1983 

1984 

1985 

1986 

1987 

1988 

1989 

1990 

1991 

Survivors 

2200 

n e 
(2) (3) 

28 -0.0038 

28 -0.0088 

28 -0.0055 

28 -0.0124 

28 -0.0050 

28 0.0032 

28 -0.0042 

28 0.0669 

28 -0.0084 

28 -0. 0014 

28 0.0628 

28 -0.006 

28 0.0022 

28 0.0164 

28 0.0494 

28 -0. 0115 

28 -0.0167 

28 0.1944 
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TABLE 1 
STABILITY INDEX VALUES (0) 

Industry 

2300 2200 2300 

n e n e n e 
(4) (5) ( 6) (7) (8) (9) 

22 0.0036 102 -0. 0013 125 -0.0169 

22 0.0028 101 0.0068 120 -0.0002 

22 0.0029 100 -0.0021 118 0.0000 

22 -0.0001 99 -0.0053 118 0.0000 

22 0.0003 95 -0.0013 108 0.0007 

22 0.0003 93 0.0012 95 0.0000 

22 0. 0011 87 0.0033 89 0.0029 

22 0.0038 81 0.0298 77 0.0188 

22 0.0085 78 0.0053 73 0.0000 

22 0.0040 81 0.0087 70 0.0337 

22 -0.0034 75 0.0517 62 0.0000 

22 0.0203 69 0. 013 5 59 0.0406 

22 0.0031 71 0.0034 62 0.0000 

22 0.0010 76 0.0432 63 0.0153 

22 0.0041 66 0.0491 61 0.0000 

22 0.0041 60 0.0099 66 0.0068 

22 0.1000 59 0.0160 72 0.0462 

22 0.0575 62 0.1944 67 0.1458 
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TABLE 2 
SUMMARY STATISTICS OF STABILITY INDICES 

Survivors Industry 

SIC 2200 SIC 2300 SIC 2200 .SIC 2300 

Pre-regulatory 
period 
(1974-80) 

mean -.006 .002 .003 .003 
s.d. .003 .002 .002 .006 
(number of (28) (22) (102 in (125 in 1974) 
firms) 1974) 

Post-regulatory 
period 
(1981-91) 

mean .032 .017 .034 .028 
s.d. .062 .033 .058 .043 
(number of (28) (22) (62 in 1991) (67 in 1991) 
firms) 



Stability Index 
Values 

Large firms 

number 

mean 

s.d. 

Small firms 

number 

mean 

s.d. 

TABLE 3 
DESCRIPTIVE STATISTICS OF STABILITY INDICES: 

LARGE VERSUS SMALL FIRMS FOR FULL PERIOD 
1974-91 

Survivors Industry 

(1) (2) (3) ( 4) 
SIC 2200 SIC 2300 SIC 2200 SIC 2300 

(1974-91) (1974-91) (1974-91) (1974-91) 

9 6 21 (1974) 27 (1974) 
16 (1991) 14 (1991) 

.018 .016 .022 .032 

.058 .051 .055 .104 

19 16 81 (1974) 98 (1974) 
46 (1991) 53 ( 1991) 

.010 .001 .011 .002 

.043 .014 .041 .007 
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Stabil 
Values 

Large 

Small 

TABLE 4 
DESCRIPTIVE STATISTICS OF STABILITY INDICES: 

LARGE VERSUS SMALL FIRMS FOR THE POST-REGULATORY PERIOD 
(1981-91) 

Survivors Industry 

(1) (2) ( 3) ( 4) 
SIC 2200 SIC 2300 SIC 2200 SIC 2300 

Index 

firms 

mean .030 .033 .036 .054 

s.d. .68 .060 .058 .131 

firrns 

mean .016 .005 .019 .003 

s.d. .052 .017 .053 .009 
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