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A modified audit production framework:

Evaluating the relative efficiency of audit engagements

ABSTRACT

Despite the rich literature on audit pricing and, to a lesser extent, audit production, we believe the conventional audit production model has been misspecified, largely due to difficulties in operationalizing audit output.  This study develops and tests a modified audit production framework which considers the cost of labor hours disaggregated by staff level as inputs to an audit, which are used to produce intermediate outputs in the form of audit activities.  In turn, these activities provide the required level of assurance that is the actual output of the audit production process.  Client-specific characteristics that are used as inputs in the conventional audit production models are considered exogenous factors in our model and are thus assumed to affect audit production as a whole.  As a result, we are able to separate the direct audit production model from indirect influences on the audit process.  We tested our model empirically using Data Envelopment Analysis (DEA) and a sample of audit engagements of a large international accounting firm.  DEA efficiency scores were then analyzed in a second-stage regression to determine the effect of client-specific characteristics. 

Our results indicate that most of the audits in our sample were not performed efficiently and there is considerable variation in efficiency across client industries and firm offices.  The relative low level of efficiency when compared to prior studies is due to the treatment of some activities that consume labor resources as a negative output.  Furthermore, results of the second-stage regressions show that several of the client and engagement characteristics (the contingency factors) have a significant impact on audit efficiency.  While years of experience with the client and extent of automation increase efficiency on average across all audits, the effect is primarily manifested in audits that are otherwise inefficient (e.g., they are relatively less inefficient than other inefficient audits).  Similarly, the timing of audit procedures has a positive impact on efficiency on average while high fee levels have a negative effect on efficiency on average. However, those effects are primarily manifested in audits that are otherwise efficient.  Of particular interest is the observation that reliance on internal control reduces efficiency on average but actually increases efficiency for audits that are otherwise inefficient.  These results provide additional insight to the drivers of the audit production function.
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A modified audit production framework:

Evaluating the relative efficiency of audit engagements

1. Introduction

The pricing and production of audit services has been the subject of a tremendous amount of research since the seminal work of Simunic (1980) was first published.  A research stream that started as a investigation of the determinants of audit fees has been used to examine a multitude of issues such as competition in the audit market (Francis 1984), auditor reputation (Craswell et al 1995), provision of nonaudit services (Palmrose 1986b), off-peak pricing (Francis and Stokes 1986), price-cutting (Simon and Francis 1988), and learning over time (Chung and Lindsay 1988).  A related line of research has addressed the production of audit services (e.g., O’Keefe et al 1994; Stein et al 1994; and Hackenbrack and Knechel 1997).  However, research into audit production has been constrained due to the limited availability of data about the factors of production used during the audit process, most notably measures of audit effort, making it difficult to empirically test theoretical models of audit production directly.  
As a result, researchers have been forced to modify theoretical models of production to fit the data that has been available.  For example, while labor hours are typically considered a factor of production in most organizations, empirical research into audit production has used disaggregated labor hours as a measure of output due to difficulties in observing actual output, i.e., levels of assurance.  To facilitate the analysis, client-specific characteristics have been treated as inputs.  This approach, while understandable, reflects an inherent misspecification of the audit production process since the presumed inputs can not be controlled by the auditor and the outputs do not reflect what is actually produced by the audit except under some very limiting assumptions, e.g., prior studies assume that the level of assurance achieved by the audit process is constant across clients. 

The purpose of this study is twofold: (1) to develop a modified audit production framework that better reflects the underlying audit process and (2) to test the modified framework by assessing production efficiency and examining the determinants of that efficiency.  In our framework, we define the cost of labor hours disaggregated by staff level as inputs, which better reflects the natural form of the auditor’s primary factor of production.  We assume that the inputs produce intermediate outputs that can be logically linked to the final (but unobservable) output (i.e., level of assurance).  As a result, we use a measure of various audit activities as the intermediate output, e.g., time spent on substantive testing measured in hours, assuming that more substantive testing results in more assurance.  We do not need to assume that the assurance level is constant across clients, only that the intermediate outputs vary in a predictable manner with variations in the unobservable output.  Client-specific characteristics that have been considered to be inputs in previous research are then treated as exogenous factors in our model and are assumed to affect audit production as a whole.  This specification properly reflects a contingency theory approach to audit production paralleling its use in management accounting (Tiessen and Waterhouse, 1978; Otley, 1980). 

We test our modified audit production framework by measuring the efficiency of individual audits using Data Envelopment Analysis (DEA), an efficiency frontier method.  We then examine the effect of exogenous client and engagement characteristics on audit efficiency using regression analyses.  Our results show that only 35% of audits in the sample are performed efficiently, and there is substantial variation in efficiency across industries and offices.  In addition, our second-stage regression analysis indicates that several client and engagement characteristics can significantly affect audit efficiency, such as the extent of client automation, reliance on client internal controls, and the performance of interim audit work. 

The remainder of this paper is organized as follows: Section 2 discusses a contingency-based approach to the audit process.  Section 3 reviews relevant prior research and discusses the conventional audit production function while Section 4 presents our contingency-based audit production model, including a discussion of DEA in general.  Section 5 describes the empirical model, our data and descriptive statistics; Section 6 presents our primary analysis and results; and Section 8 concludes with a summary of our results in the context of previous research. 
2. A contingency-based approach to the audit process

According to microeconomic theory, economic activities are organized by production units that convert inputs into outputs using processes that comprise a particular production technology.  Inputs specify the amount of resources necessary to produce a given level of output.  Following Shepherd (1970, 4), a technology refers to a family of conceivable and feasible engineering arrangements for which a production function may be defined.  A production function is a mathematical expression of the relationship between the factors of production (inputs) and outputs of the process.  For an audit, the inputs to the audit process are the units of labor necessary to produce a given level of output.  As is the case with many service organizations, the output of an audit is difficult to define.  O’Keefe et al. (1994, 241) described the output of the audit production process as the achieved level of assurance that financial statements are not materially misstated, but then treated client-specific characteristics as inputs and labor hours as outputs for empirical purposes. 

An objective of this study is to develop a modified framework that better reflects the underlying audit production process consistent with results reported in Hackenbrack and Knechel (1997).  Figure 1 reflects two essential features of the modified audit production framework.  First, the model assumes labor inputs are used to produce intermediate outputs in the form of audit activities, which provide the required level of assurance (i.e., the “final” output).  Second, client-specific characteristics are considered as exogenous to the audit production model, affecting inputs, process, and intermediate outputs as a whole.  This latter feature reflects a systems or contingency theory approach, which focuses on the behavior of a system as it is affected by its environment.  
[Insert Figure 1 about here]

Contingency theory is based on the assumption that “... organization variables are in a complex interrelationship with one another and with conditions in the environment …” (Lawrence and Lorsch 1967).  Although well known in the management accounting literature, contingency theory has not been commonly applied in audit research.  Four types of contingency factors have been identified in general: technology, environment, age and size, and power distributions, both internal and external (Dent and Ezzamel 1995).  Contingency theory has been applied to examine the effects of these variables on the design of management information and accounting systems.  The primary focus has been on technology and environmental variables where researchers have distinguished between (1) certain contingencies, where the environment is highly certain and technology is fairly routine, and (2) uncertain contingencies, where the environment is highly uncertain and/or technology is non-routine (Dent and Ezzamel 1995).  The list of potential contingency factors is large and can include competition, number of different products, degree of environmental predictability, organization size, decentralization, nature of the production process, and task variety (Emmanuel, Otley and Merchant 1990).  Accordingly, our set of client characteristics can be seen as a start to building a contingency theory of the audit production process.

3. Modeling the audit production function

Initial unavailability of data on audit production led researchers to base inferences about audit production on audit fees.  Simunic (1980) was the first to develop an extensive model of audit pricing.  In examining the competitiveness of the audit market, he hypothesized and found factors relating to auditee size, complexity, asset composition, industry, risk and financial distress, as well as auditor tenure and auditor type, to be associated with audit fees.  Simunic’s study instigated a large stream of related research (e.g., Francis 1984; Francis and Stokes 1986; Palmrose 1986a, 1986b; Simon and Francis 1988).
  However, evidence based on audit fees only permits indirect testing of hypotheses about the production of audit services, since an audit fee is the product of quantity (audit effort exerted by various grades of labor) and charge rate (price per unit of labor).  A change in audit fees may not reflect pure changes in audit production but merely changes in audit pricing so tests based on audit fees may be confounded by an audit firm’s pricing policies (O’Keefe et al. 1994, 242).  
A limited number of studies have used information on audit effort to test hypotheses about the production of audit services directly.  As noted by O’Keefe et al. (1994), the theoretical model of audit production specifies the level of assurance as the output of an audit, while input is the effort required to produce that output (as measured by disaggregated labor hours).
  However, for their empirical application of the audit production model, O’Keefe et al. (1994) made a number of critical assumptions: 

(1) The level of assurance produced by an audit firm is not directly observable. It is assumed that this assurance level is implied by the audit firm’s brand name.

(2) Any particular audit firm produces a fixed level of assurance at a moment in time. 

(3) The client firm’s structure is taken as predetermined.
 

(4) A client firm’s owners and managers will select an audit firm which delivers the level of assurance demanded by the client firm.

(5) The audit firm operates in a competitive environment, motivating the firm to produce its output at minimum cost.

Based on these assumptions, O’Keefe et al. (1994) describe the auditor’s decision problem as a constrained cost minimization problem for a fixed level of assurance (see also Hackenbrack and Knechel 1997, 485).  Formally, this can be written as:

minimize c(h, ()

h

such that 
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c (·) is the audit cost function



h is the vector of audit service inputs, and hj represents the quantity of each input


( is a vector of client firm characteristics that are exogenous to the auditor
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 is the level of assurance associated with the audit firm’s brand name 



p (·) is the audit production function

The input quantities must be determined simultaneously so that the marginal cost of inputs equals the marginal benefit derived from the inputs such that the required level of assurance is produced.  A potential audit supplier for a client is characterized by an assurance level, q, and a minimum cost of producing that assurance, c(h*, ().  In this model, the locus of assurance levels and minimum cost points constitutes a client-specific supply function for audit services and client-specific characteristics are parameters in the audit production and cost functions. 
Be it implicitly or explicitly, all studies reviewed below employ the audit production problem outlined above.  The earliest production studies used total audit hours spent on an engagement as a dependent variable and included client and engagement characteristics that could influence audit quantity as independent variables (see Palmrose 1986a, 1989; Davis, Ricchiute and Trompeter 1993; Davidson and Gist 1996).  A number of other production studies extend these studies by using audit hours disaggregated by staff level (O’Keefe et al. 1994; Stein et al. 1994), or audit hours disaggregated by staff level and audit activity (Hackenbrack and Knechel 1997).  According to O’Keefe et al. (1994, 245), the use of disaggregated hours spent on engagements is appropriate when factors have differential effects on the various types of labor.  Disaggregating hours allows an investigation of the factors that effect the mix, as well as the amount, of labor resources.  Using a sample of manufacturing, merchandising and high technology clients, O’Keefe et al. (1994) found that client size, complexity and risk are important determinants of audit effort.  In addition, they found that certain client size and risk measures significantly influence the mix of labor resources.  More specifically, (1) increased client size is associated with a shift towards the use of lower-skilled audit staff, (2) increased client financial risk resulted in greater use of audit partners and managers, and (3) increased levels of assessed inherent risk resulted in greater use of audit seniors and staff.

Stein et al. (1994) extended the O’Keefe et al. model by examining the differential impact of client characteristics on both industrial and financial services audits.  Although they found industry-specific differences, the results consistently showed that client size is the single most important determinant of the amount and mix of inputs, and has a differential impact on both industrial and financial service clients.  Hackenbrack and Knechel (1997) extended the work on audit production by further disaggregating labor hours by the type of audit activities performed, e.g., audit planning, substantive testing, and internal control evaluation.  They examined the empirical relationship between client-specific characteristics and labor hours disaggregated by rank and audit activity, and found that client-specific characteristics have a significant impact on task assignment patterns and resource allocation decisions.  By disaggregating labor hours not only by rank but also by audit activities, Hackenbrack and Knechel (1997) provide a basis for the formulation of intermediate outputs as used in our modified audit production framework. 

In this study, we apply the modified production framework to the audit process by determining the relative efficiency of audit production by means of an efficiency frontier technique called Data Envelopment Analysis (DEA).  DEA is part of a larger group of so-called efficiency frontier techniques that can be used to determine relative efficiency across similar units.  DEA is generally ascribed to Charnes, Cooper and Rhodes (1978), who extended the single input/output model developed by Farrell (1957) to allow for multiple inputs and outputs.  Since the frontier envelops the extreme data points, they termed the method Data Envelopment Analysis.
  Conventional ordinary least squares regression techniques are unable to determine whether an input-output combination is efficient since regression fits a line through the center of a scatter plot of input-output combinations.  While regression can be used to calculate average production levels, only efficiency frontier techniques can measure relative efficiency.  In general, two main methods are used to determine production efficiency: DEA and Stochastic Frontier Analysis (SFA).  The unit of analysis for both SFA and DEA is a decision-making unit (DMU), e.g., a firm, department, branch, or an audit engagement (as is the current case).  SFA is parametric and stochastic, and imposes a functional form on the analysis.  SFA uses a restricted form of the OLS regression model where the error component is decomposed into noise and an inefficiency term.  While noise is assumed to be normally distributed with zero mean and constant variance, N(0, σ2), various distributions are used for the inefficiency term, e.g., normal, half-normal, gamma.  In contrast, DEA is non-parametric and non-stochastic, and assumes no functional form.  DEA uses linear programming techniques to construct an efficient frontier over the data, formed by efficient DMUs that bound the inefficient ones and.  In general, DEA assumes constant returns to scale, but variable returns to scale are easily accommodated with slight modifications (see Banker, Charnes and Cooper 1983).

Dopuch, Gupta, Simunic and Stein (2003) and Schelleman and Maijoor (2003) both used DEA and Stochastic Frontier Analysis (SFA) to measure relative audit production efficiency.  In both papers, client-specific characteristics were treated as inputs and labor hours as outputs, with the objective of minimizing the characteristics given the fixed labor hours.  An efficient audit is interpreted as one that uses the least exogenous factors to ‘produce’ a certain level of labor hours.  In effect, inputs are defined as circumstances that can not be directly controlled by the auditor (the client and engagement attributes) and outputs reflect the amount work put into the engagement.  While this perspective facilitates the computational aspects of DEA, it does not provide an intuitively satisfying perspective on audit production.
4. A contingency-based audit production model: The efficiency frontier and DEA
As noted above, the theoretical literature on audit production and efficiency identifies labor hours as inputs and the level of assurance (representing audit quality) as the output of the audit production process.  However, empirical research has modified the model due to the difficulty of operationalizing assurance levels.  This study does not intend to postulate an alternative theoretical model but builds on the original theoretical model developed in O’Keefe et al. (1994) by focusing on how added labor hours convert to increased assurance.  In this respect, the modified audit production framework is intended to improve specification of the empirical representation of the theoretical model.
The modified framework developed in this study is based on Hackenbrack and Knechel (1997).  They disaggregated labor hours into a matrix, with the columns representing labor hours by staff rankings and the rows representing labor hours by activities.  Hackenbrack and Knechel (1997) showed that client-specific characteristics affect the matrix of labor hours as a whole, suggesting that the client-specific characteristics are exogenous to the audit production process.  If client-specific characteristics are treated as exogenous factors, then it is likely that they affect both the use of different levels of audit staff and the extent of activities performed by audit staff.  While the level of assurance can be seen as the ultimate outcome, audit activities are regarded as the intermediate outputs of an audit and are performed with the expectation that they will increase the achieved level of assurance.  Specifically, we assume that increased hours spent on activities such as audit planning, substantive testing, and internal control evaluation reduce the probability that the financial statements are materially misstated.  Furthermore, we assume the activities are reasonably substitutable since these are all performed to increase the probability that the required level of assurance will be achieved.

In this paper, we use DEA to determine relative audit production efficiency.  The non-parametric nature of DEA is particularly suitable for applying the modified audit production framework as proposed in this study since the underlying audit production process is still unknown (despite several attempts to operationalize the audit production function).  DEA requires no assumptions as to the functional form of the production models (i.e., how inputs are converted into outputs) and is less prone to specification errors.
  DEA can measure efficiency under two orientations: input orientation and output orientation.  With an input orientation, a DMU is said to be efficient if its inputs cannot be proportionally reduced without changing the output produced, i.e., the amount of input is minimized for a given level of output.  With an output orientation, a DMU is considered efficient if its output cannot be increased without changing the inputs, i.e., the amount of output produced is maximized for a given level of input.  Since our depiction of audit production is characterized as a minimization problem, we use an input orientation in this paper.  DMUs are identified as fully efficient and assigned an efficiency score of 100% if they lie on the efficiency frontier.  Inefficient DMUs are assigned scores of less than 100%.  To illustrate, Figure 2 depicts four DMUs producing a single output and consuming two inputs.  Minimum input combinations lie on the frontier connecting A, B and C, i.e., no other DMU produces the same output with a lower input combination.  In contrast, unit D is dominated by the other three DMUs and produces the same output but with a higher input combination.  D’s inefficiency can be measured by its radial distance to the frontier along the ray extending from the origin to D and intersecting the AB segment of the frontier.
[Insert Figure 2 about here]

Further ranking of the efficient set of DMUs is possible by computing efficiency scores in excess of 100%.  Consider unit B in Figure 2.  If it were to be excluded from the frontier, a new frontier would be created comprising only DMUs A and C.  B’s super-efficient score can be obtained by calculating its distance to the new frontier where this ‘extra’ efficiency represents the increase allowable in its inputs before it would become inefficient.  The effect of this modification is to allow the scores for efficient DMUs to exceed 100%.  For example, a score of 120% for DMU B would imply that it could increase its inputs by 20% and still remain efficient.  This so-called super-efficient model (Andersen and Petersen 1991; Banker, Das and Datar 1989) is applied in our later analyses using the approach described in Lovell and Rouse (2003).  Both standard and super-efficient models have been used in the analyses described later in this study. 
The selection of inputs and outputs is an important step in applying DEA.  In general, outputs are assumed to increase with increasing amounts of input.  Outputs are associated with units of things that for which more is better than less, while inputs are associated with units of things for which less is better than more.  However, there are situations where this does not always hold and the production process has undesirable inputs and/or outputs.  For example, pollution is typically regarded as an undesirable output that is produced as a joint product of some production processes, i.e., a paper mill emits undesirable pollutants (outputs).  If the mill is inefficient, then the pollutants should be reduced.  Similarly, not all activities (e.g., engagement administration) in the audit process will contribute to an increase in achieved assurance (i.e., they are non-value adding) and would be desirable to minimize.  However, in the standard DEA model decreases in outputs are not allowed and only inputs are allowed to decrease.  A common way to treat negative inputs or outputs is through inverse or linear transformation.   Seiford and Zhu (2002) provide an algorithm for transformation and show that the classification of efficiencies and inefficiencies is invariant to the form of transformation.
  
5. Model, data, and descriptive statistics
The modified audit production framework proposed in this study considers the disaggregated labor hours devoted to various audit activities as outputs, and the cost of staff resources disaggregated by rank as inputs.  For computing the efficiency scores using DEA, the activity hours are stratified into eight categories as in Hackenbrack and Knechel (1997): (1) audit planning, (2) internal control evaluation, (3) substantive testing—critical objectives, (4) substantive testing—non-critical objectives, (5) review—critical, (6) review—non-critical, (7) financial statement preparation, and (8) client interaction.  The inputs for the DEA model reflect the cost of personnel resources disaggregated by rank—partner, manager, in-charge, and staff.  The labor costs are derived by multiplying labor hours by hourly charge-out rates.
  While charge-out rates are not a perfect proxy for costs as they include a profit margin, they are a reasonable proxy since they reflect the differential costs of the different levels of labor.  In the second stage of our analysis, we use regression to analyze the effect of a number of client and engagement characteristics on the efficiency scores across engagements.  That is, in line with our modified framework, we consider these characteristics as exogenous to the audit production model and study their impact on the production process as a whole.  
In our audit production model, we treat six of the intermediate activities as “good” ouput in that they increase the overall level of achieved assurance: (1) audit planning, (2) internal control evaluation, (3) substantive testing—critical objectives, (5) review—critical, (7) financial statement preparation, and (8) client interaction.  We treat two activities—(4) substantive-noncritical and (6) review-noncritical—as “bad” outputs because they do not contribute to overall assurance and should be minimized for the purposes of performing and efficient audit.  This determination was based on the firm’s official audit policies and discussions with senior audit partners in the firm. Accordingly these activities are treated as "negative" outputs and transformed using the Seiford and Zhu linear transformation.
  
We use the same dataset as used in Hackenbrack and Knechel (1997) and Knechel and Payne (2001).  The data were obtained by means of a survey developed and administered by a large international public audit firm.
  The population was stratified into nine industry categories
 (later reduced to five) and two size categories.  For each stratum, 25 engagements were selected, resulting in a total sample size of 450 engagements.  The surveys were sent to the respective engagement partners and completed by an engagement manager, in-charge, or both.  The survey was used to create a dataset containing the number of labor hours by rank charged to various audit activities, as well as various client and engagement characteristics.  Of the 327 responses received, 307 are used to compute the standard efficiency and super-efficiency scores by means of DEA.  Seventeen responses were eliminated because they were for nonaudit engagements and 3 other responses had insufficient data to calculate the efficiency scores.  Of the 307 responses used for the DEA analysis, 223 are used in the second stage regression analysis.  Eight outliers were eliminated because their super-efficiency scores were higher than 200% and an additional 76 engagements were eliminated because they had missing information needed for the regression analysis. 
[Insert Table 1 about here]

Panel A of Table 1 reports the descriptive statistics on disaggregated labor costs by rank and hours by audit activities.  Mean labor costs vary systematically, with partners comprising the least and staff the most of the cost of an average engagement.  The large standard deviation of labor costs suggests that the firm can use different labor mixes to produce a given level of audit activity.  The mean disaggregated activity hours suggests that substantive testing in both critical and non-critical areas are the most heavily-weighted activities in the audit and are perceived by auditors to be important for achieving the required level of assurance.  It appears that the firm places relatively little reliance on clients’ internal control systems, as evidenced by the low level of labor hours spent on internal control evaluation.  The assumption that audit activities are substitutes in ‘producing’ the required level of assurance appears to be reasonable since six of the eight activity hours have a minimum value of zero, suggesting that they do not need to be performed in order to produce the required level of assurance.  Note that all input and output variables are highly skewed to the right. 
6. Analyses and Results

The modified audit production framework considers intermediate activity outputs as fixed and assumes the labor mix is varied to minimize costs.  This requires an input-orientation DEA model.  Both constant (CRS) and variable (VRS) returns to scale models were used with little difference in the obtained efficiencies, accordingly, only the results from the CRS model are reported.
  Table 2 reports the CRS results with an input orientation for both the standard (Panel A) and super-efficient (Panel B) models.

[Insert Table 2 about here]

Data Envelopment Analysis: Efficiency Results for Individual Engagements
The average efficiency level for the entire sample is .849.  Only 35% of all audits were deemed to be efficient, which is substantially lower than found in previous audit production studies.
  This means that 65% of the audits in the sample were not considered to be efficient given the level of activities observed relative to the labor cost input.  For the inefficient audits, the average efficiency rating was .769.  For the efficient audits, the average super-efficiency rating was 1.379.  The low rate of structural efficiency might be a surprise given that large audit firms have clearly stated formal policies regarding the standard of work required and staffing requirements.  A large number of audits seem to have lost efficiency due to an excess of effort for non-critical audit tests, i.e., due to possible over auditing of low risk areas.  If the non-critical tests and review activities are omitted from the DEA model entirely, structural efficiency jumps to almost 75%.  
Classifying results by industry and office location reveals substantial variation in both the standard and super efficiency scores.  The average standard efficiency by industry ranges from a high of .862 for financial institutions to a low of .794 for governmental organizations.  However, the percentage of audits deemed efficient show a different pattern with merchandising having the largest number of efficient audits (42%) and health care the fewest (27%).  When you look at the super-efficiency scores, only health care (at 1.015) has an average in excess of 1.000.  Four of the five industries have an increase of at least 10% when super-efficiency scores are compared to the standard score, but merchandising is relatively weak based on the super-efficiency score of .901, an increase of only .056 over the standard score.  These results suggest that each industry, except merchandising, contains a number of exemplars of super-efficient audits that raise the average super-efficiency score relative to the standard score.  We also see that there is a wide dispersion of efficiency across locations, although we do not know the physical location of individual offices.
 

Regression Analysis: Impact of Exogenous Factors

In the modified audit production framework, client and engagement characteristics are considered as exogenous to the audit production model and are assumed to affect inputs, process and (intermediate) outputs as a whole.  We test this by examining how client-specific characteristics affect the standard and super efficiencies discussed above.  Our selection of characteristics is based on the previously discussed audit production literature.  The model that is used to specify the relationship between efficiency measures and client and engagement characteristics follows McDonald (1997):
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where:

· ( is the calculated efficiency score.  As indicated earlier, we calculate both standard efficiency and super-efficiency scores.

· INDUSTRY: Four dummy variables that represent the five industries in the sample.

· OFFICE: 28 dummy variables that represent the 29 offices that performed the audit engagements.  
· CATREV: The size of the client measured by revenues, classified into 11 categories.  

· YEARS: The number of years the client has been audited by the auditing firm.  
· TAXYN: A dummy variable that takes on a value of one when tax services are provided to the client, and zero otherwise.  
· MASYN: A dummy variable with a value of one when consulting services are provided to the client, and zero otherwise.  
· DELAY: The number of days between financial year-end and the date of the audit report, a measure of the extent of client delays.  
· GEODISP: A dummy variable that takes on a value of one when the client is geographically dispersed, and zero otherwise.

· ORGCOMPL: A dummy variable with a value of one when the client’s organizational structure as assessed by the audit team is complex, and zero otherwise.  
· SUBYN: A dummy variable with a value of one when the client has subsidiaries, and zero otherwise.  
· TIMING: A dummy variable that takes on a value of one when extensive interim work is performed, and zero otherwise.  
· AUTOM: A dummy variable with a value of one when the client is extensively automated, and zero otherwise.

· ICRELY: A dummy variable that takes on a value of one when the audit team indicates high reliance on the client’s internal controls, and zero otherwise.  
· FEERESID: The residual from an audit fee model estimated using the companies in the sample.  The intuition for including this variable is that audits that have fees higher or lower than expected may be more or less efficient as auditors adjust their work load to reflect the fee level.

The effect of these variables on audit effort is generally well understood from prior studies, e.g., size and risk increase audit effort while automation and years of experience reduce audit effort.  However, their impact on efficiency, essentially a change variable rather than a levels variable, is unknown and there is virtually no literature on which to base an expectation about how any single factor may effect audit efficiency.   Consequently, we do not hypothesize a directional effect for the coefficients in the model. 

Panel B of Table 1 reports the descriptive statistics for the client-specific characteristics.  In general, the firm provides tax services to its clients more frequently than management consulting services (77% versus 39%), performs relatively moderate interim work (39% of audits), and places relative high reliance on the clients’ internal control systems (62% of all clients).  The clients have moderate structural complexity (43%) and geographical dispersion (39%).  A majority of the clients own one or more subsidiaries (60%) and make extensive use of automated systems (62%).  However, the large standard deviations suggest that the characteristics vary considerably across engagements and may have a differential impact on audit efficiency.

Standard Efficiency Scores

In the standard DEA model, efficiency scores are truncated at 100%, rendering ordinary least squares regression an inappropriate analysis technique.  Instead we use a Tobit, or censored, regression model (see Gujarati 1995, 570).
  Our results for the entire sample are reported in Table 3.  Despite the differences in efficiency scores between industries (see Table 2), industry classifications were not significant.  We have therefore excluded these from the models shown in Table 3.  Furthermore, only significant office dummies are reported in the table.  The model is significant at the 0.01 level, and provides a reasonably good fit as evidence by the pseudo R2 of .41.  
[Insert Table 3 about here]

A number of interesting results are apparent in Table 3.
  First, there are three factors which increase audit efficiency: YEARS, TIMING, and AUTOM.  Specifically, audits are more efficient the longer the auditor-client relationship, the more work that is performed at a point in time other than year end, and the more automation the client uses.  The impact of timing and automation are out of the auditor’s control but in most audits the auditor can adjust the timing of the audit work, suggesting efficiency gains are possible with better advance planning and preparation for the audit.  There are also three factors that are associated with reduced audit efficiency: SUBYN, ICRELY and FEERESID.  That is, audits are less efficient when a client has more subsidiaries, the auditor relies on internal control, and the fee exceeds the predicted fee for an audit with the same general characteristics as the specific client.  SUBYN is not controllable by the auditor but the other two results are interesting.  The loss of efficiency that seems to be attributable to relying on internal control is counter to professional guidance and intent but is consistent with numerous other studies (e.g., Hackenbrack and Knechel, 1994)).  This result suggests that auditors are less than comfortable with evidence obtained from testing internal control and may not place enough weight on the results of tests that are performed.  The negative coefficient on FEERESID is also of interest because it suggests that when fees are high (relative to the predicted level), the engagement is also less efficient.  While it is not clear whether the fee is high because the auditor is inefficient or the high fee allows the auditor to be inefficient, the result does indicate that the auditor could obtain efficiencies in these audits and share the benefit with the client.
Super-Efficiency Scores

In the super-efficiency model, scores for efficient units are not truncated, but allowed to exceed 100%.  Therefore, OLS regression techniques can be applied, and our results are shown in Table 4.  Again, industry classifications are not significant and are excluded from the analysis. Also, only significant office dummy variables are reported in the table.  Results for the full sample are reported in Panel A, and those for efficient and inefficient engagements in Panels B and C, respectively. 

[Insert Table 4 about here]

The results in Panel A confirm the results in Table 3 in most regards: (1) Audits are more efficient when the auditor has experience with the client (YEARS), audit work is shifted to an interim time period (TIMING), and the client is highly automated (AUTOM); and (2) audits are less efficient when the auditor relies on internal control (YCRELY) and the audit fee is higher than predicted (FEERESID).  One difference does arise, however.  The OLS results in Panel A no longer indicate that more client subsidiaries (SUBYN) lead to less efficient audits.  This change suggests that the existence of subsidiaries is likely to lead to increasing efficiency in audits where super-efficiency exceeds 1.00, offsetting any loss of efficiency in those with ratings of less than 1.00. 

Turning now to the efficient audits, the results in Panel B provide some clues as to what drives the efficiency gains in those engagements.  Specifically, auditors are even more super-efficient in situations where the client is organizationally complex (ORGCOMPL), where substantial audit work is done before year end (TIMING), and the auditor relies on internal control (ICRELY).  ORGCOMPL was not significant in the combined sample analysis, but the result for TIMING explains the result for the combined sample while the result for ICRELY is counter to the finding for the entire sample.  This is an interesting combination of circumstances because the results suggest that complexity forces the auditor to focus on efficient ways to test the client and, under these conditions, reliance on internal control becomes an efficient audit strategy.  Since control testing can often be done prior to year end, the net result is a virtuous loop of audit efficiency.  On the other hand, we see that even for efficient audits, relatively high fees (FEERESID) are associated with a loss of efficiency.  Of even more interest is the significant negative coefficient for consulting services (MASYN), suggesting that consulting may undermine audit efficiency.  The combined results for FEERESID and MASYN may indicate that clients who consume non-audit services from their audit firm may be less sensitive to fees than other firms, or that the market power of the audit firms is increased in these conditions (ref?, Solomon?).  
For the inefficient audits (Panel C), we see that three factors increase the relatively efficiency for audits that are inefficient on an overall basis: experience with the client (YEARS), the existence of delays in the audit (DELAYS), and the level of client automation (AUTOM).  While the result for AUTOM is consistent across all analyses and the result for YEARS accounts for the combined sample result, the positive coefficient on DELAYS is curious, to say the least.  In general, delays in the conduct of the audit caused by conditions at the client would seem to be an unlikely reason for increased audit efficiency.  However, it is possible that time pressure created by such delays may cause the auditor to be more efficient in the overall audit strategy as they are forced to cope with these challenges.  This may result in a fine-tuning of audit effort which wrings inefficiencies out of the audit for that client, even though it is prone to inefficiency as evidenced by its overall rating.  One apparent cause of inefficiency among already inefficient audits is the dispersion of the client’s operations (GEODISP), which appears to create difficulties for the auditor in planning and conducting the audit.  Finally, FEERESID is not significant in Panel C, suggesting that the overall negative results associated with high levels of fees is associated with super-efficient engagements, which may explain why the client may not be aware of, or resistant to, the fee levels incurred.
7. Conclusion

This study has developed and tested a modified audit production framework.  Despite the rich literature on audit pricing and, to a lesser extent, audit production, we believe the conventional audit production model has been misspecified, largely due to difficulties in operationalizing audit output.  In this study we have proposed a modified audit production framework that is based on the conventional audit production model, but also extends and improves it.  In our framework, we consider the cost of labor hours disaggregated by staff level as inputs, which are used to produce intermediate outputs in the form of audit activities.  In turn, these activities are performed to provide the required level of assurance, and this level of assurance is considered as the actual output of the audit production process.  Client-specific characteristics that are used as inputs in the conventional audit production models are considered exogenous factors in our model and are thus assumed to affect audit production as a whole.  As a result, we are able to separate the direct audit production model from indirect influences on the audit process.  We tested our model empirically using a sample of audit engagements of a large international accounting firm.  We first assessed audit performance by computing efficiency scores using Data Envelopment Analysis.  These scores were then analyzed in a second-stage regression to determine the effect of client-specific characteristics. 

Our results indicate that most of the audits in our sample were not performed efficiently and there is considerable variation in efficiency across client industries and firm offices.  The relative low level of efficiency when compared to prior studies is due to the treatment of some activities that consume labor resources as a negative output.  Furthermore, results of the second-stage regressions show that several of the client and engagement characteristics (the contingency factors) have a significant impact on audit efficiency.  The results of the regression analyses are summarized in Table 5.  While years of experience with the client (YEARS) and extent of automation (AUTOM) increase efficiency on average across all audits, the effect is primarily manifested in audits that are otherwise inefficient (e.g., they are relatively less inefficient than other inefficient audits).  Similarly, the timing of audit procedures (TIMING) has a positive impact on efficiency on average while high fee levels (FEERESID) have a negative effect on efficiency; however, those effects are primarily manifested in audits that are otherwise efficient.  Of particular interest is the observation that reliance on internal control reduces efficiency on average across audits but actually increases efficiency for audits that are otherwise inefficient.  
This paper has some limitations and suggests possible avenues of future research.  The data comes from a single accounting firm and a single time period, which may affect the extent to which the results can be generalized.  The presumed relationship between the intermediate activities and final unobservable output may also be subject to measurement error and noise.  Finally, since DEA is non-stochastic, it may fail to appropriate reflect patterns that may be essentially random.   Future research will focus on refining the consideration of the “negative” outputs in the model, including placing variable constraints and penalty weights on the non-value adding activities.
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Appendix: The standard input oriented DEA model in mathematical form

The standard (constant returns to scale) input-oriented DEA model is represented as follows:

min 
(i,

s.t.
Y( + yi(i
(
yi

X( + xi(i
(
xi(i
(, (i ( 0; (i free

where (i is the efficiency measure with a non-negative value of (i≤1. If (i=1, then the DMU is fully efficient. A value of (i<1 indicates inefficiency.

Outputs are represented by the vector (y1, y2, …, ys) and inputs by the vector (x1, x2, …, xm) for DMUs j = 1, 2,…, n. 

Y is an s ( (n-1) matrix of outputs, X is an m ( (n-1) matrix of inputs, and ( is an (n-1)-dimensional vector of intensity variables (constants) for DMUs j, with j ( i. 

yi and xi are the output and input vectors for DMUi being evaluated and (i is the intensity variable for DMUi. 

To obtain the super-efficient model, yi(i  and xi(i are removed from the left hand side constraints thereby allowing (i to exceed 1 for the super-efficient DMUs ((i will remain <1 for inefficient DMUs).
Figure 1: A contingency-based audit production model
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Figure 2: Standard and super-efficient DEA input-oriented models
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Table 1

	Descriptive statistics variables used in the DEA and regression models

	

	
	Mean
	St. dev.
	Median
	Minimum
	Maximum
	

	Panel A: Audit Production Data (n=307)

	DEA Input – Input Costs
	
	
	
	
	
	

	Partner
	26,018.24
	37,700.58
	13,072.00
	304
	291,232
	

	Manager
	30,043.54
	42,196.68
	17,112.00
	1,380
	379,638
	

	In-charge
	45,081.02
	51,132.01
	29,841.00
	2,871
	487,287
	

	Staff
	49,509.03
	57,868.24
	32,616.00
	432
	539,568
	

	
	
	
	
	
	
	

	DEA Output – Activity Hours
	
	
	
	
	
	

	Audit planning
	105.97
	157.74
	60
	3
	1,280
	

	Internal control
	57.98
	117.78
	25
	0
	1,561
	

	Substantive testing-critical
	257.53
	391.97
	126
	0
	3,700
	

	Substantive testing-noncritical
	517.67
	533.93
	343
	0
	3,531
	

	Review-critical
	80.76
	117.87
	40
	0
	819
	

	Review-noncritical
	132.42
	159.34
	71
	0
	1,410
	

	Financial statements
	132.64
	241.40
	62
	0
	3,243
	

	Client interaction
	156.95
	272.68
	79
	1
	2,590
	

	
	
	
	
	
	
	

	Panel B: Client Characteristics (n=218)
	
	
	
	
	

	CATREV
	7.72
	2.34
	8
	1
	11
	

	YEARS
	10.85
	13.75
	6
	1
	89
	

	TAXYN
	0.77
	0.42
	1
	0
	1
	

	MASYN
	0.38
	0.49
	0
	0
	1
	

	DELAY
	71.50
	51.25
	59
	10
	442
	

	GEODISP
	0.39
	0.49
	0
	0
	1
	

	ORGCOMPL
	0.43
	0.50
	0
	0
	1
	

	SUBYN
	0.60
	0.49
	1
	0
	1
	

	TIMING
	0.39
	0.49
	0
	0
	1
	

	AUTOM
	0.62
	0.49
	1
	0
	1
	

	ICRELY
	0.62
	0.49
	1
	0
	1
	

	FEERESID
	0.53
	0.50
	1
	0
	1
	

	
	
	
	
	
	
	

	Note: the inputs are the disaggregated labor costs by rank and the outputs are the disaggregated labor hours spent on various activities, stratified into eight categories as in Hackenbrack and Knechel (1997).  The client characteristics are defined in Section 6. 

	


INDUSTRY: Four dummy variables that represent the five industries in the sample.

OFFICE: 28 dummy variables that represent the 29 offices that performed the audit engagements.  

CATREV: The size of the client measured by revenues, classified into 11 categories.  

YEARS: The number of years the client has been audited by the auditing firm.  

TAXYN: A dummy variable that takes on a value of one when tax services are provided to the client, and zero otherwise.  

MASYN: A dummy variable with a value of one when consulting services are provided to the client, and zero otherwise.  

DELAY: The number of days between financial year-end and the date of the audit report, a measure of the extent of client delays.  

GEODISP: A dummy variable that takes on a value of one when the client is geographically dispersed, and zero otherwise.

ORGCOMPL: A dummy variable with a value of one when the client’s organizational structure as assessed by the audit team is complex, and zero otherwise.  

SUBYN: A dummy variable with a value of one when the client has subsidiaries, and zero otherwise.  

TIMING: A dummy variable that takes on a value of one when extensive interim work is performed, and zero otherwise.  

AUTOM: A dummy variable with a value of one when the client is extensively automated, and zero otherwise.

ICRELY: A dummy variable that takes on a value of one when the audit team indicates high reliance on the client’s internal controls, and zero otherwise.  

FEERESID: The residual from an audit fee model.

	Table 2

	Standard efficiency and super-efficiency results from the DEA model

	

	
	n
	Mean
	St. dev.
	Median
	Min
	Max
	No. (%) of efficient DMUs

	Panel A: Standard Efficiency Scores (n=307)
	
	
	
	
	
	

	Standard efficiency
	
	
	
	
	
	
	

	Full sample
	307
	0.849
	0.159
	0.875
	0.367
	1
	106 (35%)

	
Efficient engagements
	106
	1
	0
	1
	1.000
	1
	

	
Inefficient engagements
	201
	0.769
	0.143
	0.792
	0.367
	0.999
	

	
	
	
	
	
	
	
	

	Sample by industry:
	
	
	
	
	
	
	

	
Manufacturing
	69
	0.857
	0.173
	0.922
	0.396
	1
	29 (42%)

	
Merchandising
	35
	0.845
	0.164
	0.844
	0.383
	1
	12 (34%)

	
Finance, insurance and real estate
	115
	0.862
	0.138
	0.882
	0.518
	1
	38 (33%)

	
Health services
	56
	0.840
	0.151
	0.839
	0.518
	1
	15 (27%)

	
Government
	31
	0.794
	0.204
	0.814
	0.367
	1
	11 (35%)

	
	
	
	
	
	
	
	

	Sample by office:1
	
	
	
	
	
	
	

	
Office 15
	21
	0.778
	0.173
	0.779
	0.383
	1
	4 (19%)

	
Office 69
	21
	0.818
	0.175
	0.825
	0.457
	1
	7 (33%)

	
Office 75
	13
	0.839
	0.163
	0.882
	0.614
	1
	5 (38%)

	
Office 105
	11
	0.920
	0.140
	1.000
	0.624
	1
	6 (55%)

	
Office 115
	13
	0.889
	0.104
	0.870
	0.727
	1
	4 (31%)

	
Office 147
	17
	0.883
	0.132
	0.948
	0.631
	1
	5 (29%)

	
Office 163
	10
	0.900
	0.116
	0.954
	0.707
	1
	4 (40%)

	
Office 166
	15
	0.891
	0.132
	0.937
	0.557
	1
	6 (40%)

	
Office 181
	11
	0.946
	0.113
	1.000
	0.638
	1
	8 (73%)

	
Office 182
	12
	0.800
	0.172
	0.808
	0.533
	1
	3 (25%)

	
Office 194
	13
	0.898
	0.106
	0.929
	0.707
	1
	5 (38%)

	
Office 196
	19
	0.769
	0.175
	0.765
	0.401
	1
	3 (16%)

	
Office 204
	12
	0.904
	0.104
	0.939
	0.768
	1
	5 (42%)

	
Office 221
	13
	0.883
	0.134
	0.918
	0.582
	1
	5 (38%)

	
Office 251
	20
	0.851
	0.138
	0.858
	0.588
	1
	5 (25%)

	
Office 293
	16
	0.863
	0.174
	0.983
	0.483
	1
	8 (50%)

	
	
	
	
	
	
	
	

	Panel B: Super-Efficiency Scores (n=307)
	
	
	
	
	
	

	Full sample
	307
	0.979
	0.438
	0.875
	0.367
	4.521
	106 (35%)

	
Efficient engagements
	106
	1.379
	0.525
	1.222
	1.000
	4.521
	

	
Inefficient engagements
	201
	0.769
	0.143
	0.792
	0.367
	0.999
	

	
	
	
	
	
	
	
	

	Sample by industry:
	
	
	
	
	
	
	

	
Manufacturing
	69
	0.976
	0.378
	0.922
	0.396
	2.718
	29 (42%)

	
Merchandising
	35
	0.901
	0.245
	0.844
	0.383
	1.537
	12 (34%)

	
Finance, insurance and real estate
	115
	0.980
	0.347
	0.882
	0.518
	2.501
	38 (33%)

	
Health services
	56
	1.015
	0.651
	0.839
	0.518
	4.521
	15 (27%)

	
Government
	31
	0.990
	0.560
	0.814
	0.367
	2.690
	11 (35%)

	
	
	
	
	
	
	
	

	Sample by office:1
	
	
	
	
	
	
	

	
Office 15
	21
	0.800
	0.206
	0.779
	0.383
	1.148
	4 (19%)

	
Office 69
	21
	1.008
	0.522
	0.825
	0.457
	2.718
	7 (33%)

	
Office 75
	13
	1.015
	0.515
	0.882
	0.614
	2.509
	5 (38%)

	
Office 105
	11
	1.151
	0.424
	1.022
	0.624
	2.106
	6 (55%)

	
Office 115
	13
	1.124
	0.725
	0.870
	0.727
	3.465
	4 (31%)

	
Office 147
	17
	1.020
	0.406
	0.948
	0.631
	2.333
	5 (29%)

	
Office 163
	10
	1.005
	0.289
	0.954
	0.707
	1.584
	4 (40%)

	
Office 166
	15
	1.017
	0.320
	0.937
	0.557
	1.719
	6 (40%)

	
Office 181
	11
	1.278
	0.586
	1.050
	0.638
	2.690
	8 (73%)

	
Office 182
	12
	0.822
	0.208
	0.808
	0.533
	1.219
	3 (25%)

	
Office 194
	13
	1.026
	0.286
	0.929
	0.707
	1.578
	5 (38%)

	
Office 196
	19
	0.799
	0.226
	0.765
	0.401
	1.276
	3 (16%)

	
Office 204
	12
	0.932
	0.150
	0.939
	0.768
	1.267
	5 (42%)

	
Office 221
	13
	1.005
	0.296
	0.918
	0.582
	1.517
	5 (38%)

	
Office 251
	20
	0.913
	0.275
	0.858
	0.588
	1.824
	5 (25%)

	
Office 293
	16
	1.213
	0.944
	0.997
	0.483
	4.521
	8 (50%)

	
	
	
	
	
	
	
	

	1 Only efficiencies for offices with 10 or more engagements are reported.

	


Table 3

Tobit Regression of LNEFF on client and engagement characteristics

	
	
	
	
	

	Independent variables
	Impact on Efficiency
	coeff.
	t-ratio
	sig

	INTERCEPT
	
	-0.186
	-2.270
	**

	CATREV
	
	0.011
	1.044
	

	YEARS
	+
	0.004
	2.615
	***

	TAXYN
	
	-0.040
	-0.920
	

	MASYN
	
	0.029
	0.674
	

	DELAY
	
	-0.000
	0.200
	

	GEODISP
	
	-0.022
	-0.577
	

	ORGCOMPL
	
	-0.045
	-1.054
	

	SUBYN
	(
	-0.055
	-1.347
	*

	TIMING
	+
	0.112
	2.655
	***

	AUTOM
	+
	0.129
	3.403
	***

	ICRELY
	(
	-0.101
	-2.498
	**

	FEERESID
	(
	-0.049
	-1.305
	*

	OFF15
	(
	-0.192
	-3.021
	***

	OFF87
	(
	-0.256
	-1.798
	*

	OFF90
	(
	-0.344
	-3.891
	***

	OFF247
	(
	-0.733
	-4.136
	***

	OFF271
	(
	-0.449
	-2.612
	***

	
	
	
	
	

	Log likelihood
	
	-49.144
	

	Likelihood ratio test statistic
	
	
	68.28
	***

	Pseudo R2
	
	
	0.410
	

	Number of observations used (n)
	
	
	218
	

	
	
	
	
	


Notes:

1. See variable definitions in Table 1.
2. Significance: * p <0.10, ** p <0.05, *** p <0.01 (tested one-tailed or two-tailed, where appropriate).

3. Coefficients and t-ratios that have a sign opposite to its predicted sign and that are significant at the above-indicated levels are in bold face.

Table 4
OLS Regression of LNEFF on Client and Engagement Characteristics
	Panel A: Full Sample
	
	
	
	

	
	
	

	Independent variables
	Effect on Efficiency
	coeff.
	t-ratio
	sig

	INTERCEPT
	
	-0.158
	-1.812
	*

	CATREV
	
	0.009
	0.809
	

	YEARS
	+
	0.003
	2.106
	**

	TAXYN
	
	-0.030
	-0.644
	

	MASYN
	
	-0.012
	-0.271
	

	DELAY
	
	0.000
	0.494
	

	GEODISP
	
	-0.033
	-0.835
	

	ORGCOMPL
	
	-0.003
	-0.070
	

	SUBYN
	
	-0.044
	-0.995
	

	TIMING
	+
	0.126
	2.809
	***

	AUTOM
	+
	0.117
	2.890
	***

	ICRELY
	(
	-0.084
	-1.970
	**

	FEERESID
	(
	-0.082
	-2.093
	**

	OFF15
	(
	-0.202
	-2.940
	***

	OFF90
	(
	-0.357
	-3.634
	***

	OFF196
	(
	-0.132
	-1.939
	**

	OFF247
	(
	-0.784
	-3.967
	***

	OFF271
	(
	-0.481
	-2.503
	**

	
	
	
	
	

	Overall F-test
	
	
	3.89
	***

	Adjusted R2
	
	
	0.185
	

	Number of observations used (n)
	
	
	218
	

	
	
	
	
	


Notes:
1. See variable definitions in Table 1.
2. Significance: * p <0.10, ** p <0.05, *** p <0.01 (tested one-tailed or two-tailed, where appropriate).

3. Coefficients and t-ratios that have a sign opposite to its predicted sign and that are significant at the above-indicated levels are in bold face.

Table 4 (Continued)

OLS Regression of LNEFF on Client and Engagement Characteristics

	Panel B: Efficient Engagements

	
	
	

	Independent variables
	Effect on Efficiency
	coeff.
	t-ratio
	sig

	INTERCEPT
	
	0.240
	2.223
	**

	CATREV
	
	-0.018
	-1.342
	

	YEARS
	
	-0.001
	-0.517
	

	TAXYN
	
	0.058
	1.125
	

	MASYN
	(
	-0.090
	-1.890
	*

	DELAY
	
	0.001
	1.471
	

	GEODISP
	
	0.045
	0.992
	

	ORGCOMPL
	+
	0.131
	2.211
	**

	SUBYN
	
	0.014
	0.289
	

	TIMING
	+
	0.074
	1.410
	*

	AUTOM
	
	-0.079
	-1.579
	

	ICRELY
	+
	0.088
	1.917
	**

	FEERESID
	(
	-0.139
	-2.931
	***

	OFF204
	(
	-0.282
	-2.659
	**

	OFF251
	+
	0.252
	2.636
	**

	
	
	
	
	

	Overall F-test
	
	
	2.58
	***

	Adjusted R2
	
	
	0.257
	

	Number of observations used (n)
	
	
	65
	

	
	
	
	
	


Table 4 (Continued)

OLS Regression of LNEFF on Client and Engagement Characteristics

	Panel C: Inefficient Engagements

	
	
	

	Independent variables
	Effect on Efficiency
	coeff.
	t-ratio
	sig

	INTERCEPT
	
	-0.420
	-5.540
	***

	CATREV
	
	0.009
	0.954
	

	YEARS
	+
	0.002
	1.438
	*

	TAXYN
	
	-0.015
	-0.384
	

	MASYN
	
	-0.005
	-0.139
	

	DELAY
	+
	0.001
	1.819
	*

	GEODISP
	(
	-0.051
	-1.498
	*

	ORGCOMPL
	
	-0.048
	-1.273
	

	SUBYN
	
	-0.013
	-0.348
	

	TIMING
	
	0.028
	0.712
	

	AUTOM
	+
	0.107
	3.100
	***

	ICRELY
	
	-0.006
	-0.145
	

	FEERESID
	
	0.054
	1.594
	

	OFF15
	(
	-0.134
	-2.357
	**

	OFF90
	(
	-0.169
	-2.341
	**

	OFF247
	(
	-0.518
	-3.592
	***

	
	
	
	
	

	Overall F-test
	
	
	2.94
	***

	Adjusted R2
	
	
	0.160
	

	Number of observations used (n)
	
	
	153
	

	
	
	
	
	


Table 5

Summary of Results from Cross Sectional Analysis of Efficiency Scores

	Impact on Efficiency
	Table 3:

TOBIT Analysis

Full Sample
	Table 4, A:

OLS Analysis

Full Sample
	Table 4, A:

OLS Analysis

Efficient Sample
	Table 4, A:

OLS Analysis

Inefficient Sample

	Positive
	YEARS
	YEARS
	
	YEARS

	
	TIMING
	TIMING
	TIMING
	

	
	AUTOM
	AUTOM
	
	AUTOM

	
	
	
	ICRELY
	

	
	
	
	ORGCOMPL
	

	
	
	
	
	DELAY

	Negative
	SUBYN
	
	
	

	
	ICRELY
	ICRELY
	
	

	
	FEERESID
	FEERESID
	FEERESID
	

	
	
	
	MASYN
	

	
	
	
	
	GEODISP


D








� See Hay, Knechel and Wong (2004) for a comprehensive summary of the audit fee literature


� By rank of partner, manager, senior and staff.


� This assumption is made to exclude endogeneity problems. The audit production model assumes that client characteristics, of which the client firm’s structure is one, influence audit production, and not the other way round. Assumption 3 is made by O’Keefe et al. (1994) to exclude this latter possibility. 


� The assumption of competitive markets may the be hardest of the assumptions to justify, however, we believe that it is reasonable to assume that audit firms will try to minimize engagement costs even in the absence of perfect competition.





� Its non-parametric form and solution for each individual DMU that optimizes their efficiency scores has made it a popular method for applications in the public and private sectors, especially where price data is not available.  Seiford (1997) reports over 1500 applications of DEA. 


� CRS assumes that a proportional change in inputs results in a corresponding proportional change in outputs (and vice versa). For example, under CRS, a doubling of inputs is assumed to result in a doubling of outputs. VRS relaxes that assumption and also accommodates non-proportional changes in inputs and outputs. Thus, using VRS also allows for potential (dis)economies of scale. 





� Note that although DEA has comparative advantages in measuring efficiencies in the case at hand, it should not be considered as superior to regression models. In fact, DEA can be seen as complementary to regression models in capturing the underlying audit production process: as mentioned earlier (and as discussed later on in Section X), a second-stage regression model is used to examine the impact of client-specific characteristics on the production process and its (in)efficiencies.


� A second way to deal with negative outputs is by modifying the DEA model to allow for weak disposability of the particular reverse input or output (Fare and Grosskopf, 2004).  Weak disposability allows for the situation where changes in the level of a ‘good’ output are matched by changes in the level of a ‘bad’ output.  The standard DEA model is modified slightly by replacing the inequality constraint for the respective bad output or input, with a strict equality constraint thereby removing any slack variable.      


� The charge-out rates are $304 per hour for partner level, $138 for manager level, $87 for in-charge level, and $72 for staff level.


� The Fare and Grosskopf (2004) treatment using weak disposability was not considered appropriate given that these outputs are not necessarily produced as an inevitable part of the production process (compared with the previously mentioned pollution example).


� A key advantage of using cross-sectional data from a single audit firm is that it avoids confounding effects of pricing policies and differences in production technologies since an audit firm is assumed to deliver a constant level of assurance at a moment in time (see O’Keefe et al. 1994, 243).


� Taking into account the definitions of CRS and VRS provided earlier, the virtual similarity of our CRS and VRS results suggests that there are no (dis)economies of scale present in our sample. 


� Recall that we have excluded from the sample those engagements with super-efficiency scores higher than 2. As indicated, there were 8 engagements with scores over 2. The scores ranged from 2.061 to 4.520. 


� The firm providing the data considered information about the specific location of offices to be sensitive and proprietary.


� Although determinants of (in)efficiencies have commonly been investigated for other industries (see Pitt and Lee 19891; Reifschneider and Stevenson 1991), to our knowledge no other study has applied this type of analysis to the audit profession.


� Note that we use the natural log of these scores in our models to control for heteroscedasticity. 


� Note that as indicated above the original population was stratified into nine industry categories. For the sample used in our analyses, however, observations from only five industry categories remained, resulting in a need for four industry dummies.





� Need to include actual fee model.


� Using a logit (or probit) model would disregard the variation in the efficiency scores for the inefficient observations. Application of such a model to our data (results not reported here) also bore this out, as the model fit was substantially lower than the fit for the (reported) tobit models. 


� While we report the significant office coefficients, we do not attempt to interpret them in any way since we do not know where the offices are located.





�What were the industries?


�Need to cite the actual stats from prio studies.
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