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Abstract This paper performs empirical tests for the returns to scale pattern of certified
public accountant (CPA) firms in the post Sarbanes–Oxley Act (SOX) era using data envel-
opment analysis. Analyzing a sample of 70 of the top 100 CPA firms from Accounting Today
surveys over the 6years period 2005–2010, we find that our sample CPA firms as a whole
exhibit decreasing returns to scale in the post SOX era, suggesting that these CPA firms
had exhausted scale economies by expansions through mergers and acquisitions and organic
growth. Thus, these firms may consider stopping their expansion plans and downsizing or
divestitures in order to improve their production efficiency.
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1 Introduction

Recent regulatory changes coupled with increasing globalization of the US economy requires
certified public accountant (CPA) firms to provide clients more breadth and depth of services.
Consequently, CPA firms has expanded their operations through a series of mergers and
acquisitions (M&A) and organic growth. While continuing growth has been a pivotal part
of CPA firms’ long term viability, little is known empirically about whether CPA firms
has exhausted economies of scale through expansions. Therefore, the purpose of this study
is to empirically examine the returns to scale pattern of CPA firms in the post Sarbanes–
Oxley Act (SOX hereafter) era. Towards this end, we use operations data on 70 non-Big 4
CPA firms to estimate their underlying production function. If these CPA firms’ production
function exhibits increasing returns to scale (IRS), then their recent expansions were justified
and they could benefit further by continuing increasing their operation scale size. However,
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if these CPA firms’ production function exhibits decreasing returns to scale (DRS), then
they could have exhausted economies of scale and would need to consider decreasing their
operation scale size in order to improve their productive efficiency. CPA firms exhibiting
constant returns to scale (CRS) are at their optimal productive scale size (Banker 1984) and
no change in their operation scale size is required.

Since its enactment in July 2002, SOX has significantly changed the playfield of CPA
firms through the requirements imposed by its Sections 201 and 404. For example, Section
201 prohibits CPA firms from providing non-audit services, such as consulting services, to
their audit clients and can reduce their revenues, whereas Section 404 requires CPA firms to
perform additional audit work on clients’ internal control system evaluations and can increase
the audit fee charged for audit services (Chang et al. 2009a). Further, public companies hire
other CPA firms instead of their auditors to provide consulting services as well as to assist
in the establishment, documentation and assessment of internal control systems in order to
comply with the requirement of Section 404. Chang et al. (2009a, 2010) demonstrate that the
increased audit work load has forced leading CPA firms, such as the Big 4,1 to drop their less
profitable or high-risk audit clients. These clients have to turn to other, likely smaller, CPA
firms for their audit services. In addition, some public companies switched to smaller CPA
firms for better personalized services and reduced audit fees. The shift of clients from the Big
4 firms to smaller firms, together with the increased demand for additional audit services,
leads to another wave of expansions through M&A and internal growth among the non-Big
4 CPA firms in the post SOX era (AICPA 2011).

The requirement for CPA firms providing audit services on public companies to register
with the Public Company Accounting Oversight Board (PCAOB) and to perform its inspec-
tion has also affected the operation of CPA firms. SOX requires that CPA firms with 100 or
less public clients be subjected to triennial inspection while those with more than 100 public
clients be subjected to annual inspection. With the 100 public client level as the cutoff point
for the different inspection requirements, small CPA firms with Less than 100 public clients
can reduce their inspection costs per client by expansion (e.g. increase their public clients up
to 100). Since a large portion of the inspection cost is fixed as long as the number of clients
stays below 100, the more clients a CPA firm has, and the lower the inspection cost per client
is. Likewise, for CPA firms with more than 100 public clients, the expansion also reduces the
inspection cost per client. Consistent with this notion, Hood (2005) observes a significant
increase in M&A activities within the second-tier CPA firms.2 In particular, he finds a jump
in M&A activities in 2004: about one-third of the second-tier CPA firms were involved in
M&A activities during that year and the firms, on average, expanded their sizes by 13%.3

In addition, with increasing globalization, providing audit and accounting services to large
multinational clients requires technical expertise and global resources that are not readily
accessible to non-Big 4 CPA firms (Chang et al. 2009b). To build their geographic footprint
and seize global opportunities, many second-tier CPA firms augment their operations by
pursuing M&A of other firms in order to attract new talent, expand practice areas, and better
leverage their expertise and resources (Accounting Today Institute 2012).4

1 The Big 4 CPA firms consist of PricewaterhouseCoopers, Deloitte Touche Tohmatsu, Ernst and Young, and
KPMG.
2 We follow Hood (2005) and classify Big 4 CPA firms as the first-tier and top 100 non-Big 4 CPA firms as
the second-tier.
3 The increase in operation scale size could be in part attributable to firms’ internal growth.
4 Some firms use both M&A and organic growth to expand their business.
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While the expansion enables CPA firms to pursue economies of scale, it can also lead to
diseconomies of scale due to the difficulties of managing a larger workforce as these firms are
getting bigger. More specifically, there are three major factors causing diseconomies of scale
to occur when CPA firms over-expand their operations: (1) poor communication: As CPA
firms grow their business communicating between different divisions and departments and
along the chain of command becomes more difficult; (2) lack of coordination and control: As
CPA firms get too big, coordination and control of activities get harder since it is harder for
managers to closely monitor their subordinates and ensure they are all working together effi-
ciently and effectively; (3) lack of motivation: it becomesmore difficult for managers to build
up a good team environment and sense of belonging as CPA firms expand their operations.
This may result in lower employee loyalty and motivation with damaging consequences for
production efficiency.

Since it is not clear in priori whether firms involved in expansions have exhausted scale
economies, it is essentially an empirical research question. We address this question by
examining how recent expansions among the second-tier CPA firms in the post SOX era
affects their returns to scale patterns. Specifically, we adopt data envelopment analysis (DEA)
to evaluate whether CPA firms’ production function is characterized by CRS, DRS, or IRS.
DEA is a useful analysis tool in this setting because it helps to determine whether a CPA
firm has achieved their optimal productive scale size in using its inputs to generate outputs
(Chandra et al. 1998; Emrouznejad et al. 2008). The optimal productive scale size is identified
based on comparisons of the average productivities of CPA firms within the sample (Banker
1984). As such, it sets a realistic target of production rate improvement for the less efficient
firms, based on the production frontier of the most efficient firms in the comparison group.

In a related study, Chang et al. (2009b) provides descriptive information of returns to
scale patterns for 2003 and 2004, the first 2years after the passage of SOX, on the Big 4
and non-Big 4 CPA firms using annual survey data from Accounting Today. They observe a
CRS prevailing for the Big 4 CPA firms. However, approximately half of their second-tier
CPA firms exhibit IRS while the remaining CPA firms reveal either CRS or DRS. Thus, they
suggest that about half of the second-tier CPA firms can improve their production efficiency
by increasing their exiting operation scale size. This current study extends Chang et al.
(2009b) by examining the returns to scale pattern of non-Big 4 firms surveyed by Accounting
Today for the period 2005–2010. The pattern of returns to scale can differ in our sample
period from those documented in Chang et al. (2009b) for the following three main reasons.5

First, the deadline for compliance with Section 404 for accelerated filers (i.e. firms with a
public float of at least $75 million) is November 15, 2004. As the workload and cost of
compliance with Section 404 is likely to be highest in the initial phase and would gradually
reduce in subsequent years, the returns to scale pattern can vary with this change in workload.
Therefore, it is interesting to examine how the returns to scale pattern of CPA firms evolve
subsequent to thefirst 2years after the passage of SOX.Second, expansions throughM&Aand
organic growth helped the second-tier CPA firms significantly increase their operation scale
size (AICPA2011; Hood 2005). The impact of this change on operation scale size is more
likely to show up in the years following the expansion rather than in the expansion year. Our
6years sample period covering 2005–2010 allows us to capture the potential lagging effect
of the expansion activities. Third, our sample period includes the period both before and after
the financial crises which started in 2008. This enables us to examine whether the financial

5 Chang et al. (2009b) use 87 CPA firms while we use 70 CPA firms. The difference in sample composition
may influence the estimation results. However, the CPA firms excluded from our sample are the Big 4 firms
and those smaller ones that do not appear consistently over the 6years sample period.
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crises have a significant effect on CPA firms’ returns to scale patterns. While Chang et al.
(2009b) observe mixed results based only on descriptive information, we provide empirical
evidence from DEA-based statistical tests of returns to scale for the non-Big 4 CPA firms.
Our results indicate that DRS prevails in these CPA firms in the post SOX era, suggesting
that these firms had exhausted economies of scale with their recent expansions. As a result,
they may consider stopping their expansion plans and contracting the operation scale size in
order to get back to their optimal productive scale size.

The rest of the paper is organized as follows. In “Data envelopment analysis and its sta-
tistical tests for returns to scale” section, we discuss the DEA methodology and its statistical
tests for returns to scale. In “Sample and descriptive statistics” section, we describe our
sample selection process including the characteristics of our sample CPA firms, and discuss
our empirical results. In “Conclusions” section, we present a summary of our findings and
conclude the paper.

2 Data envelopment analysis and its statistical tests for returns to scale

Data envelopment analysis provides a nonparametric approach to estimate the production cor-
respondence between inputs and outputs and evaluates the production inefficiency of decision
making units (DMUs) from observed data. DEA has been extensively applied in various ser-
vice industries including auditing, health care, and education industries. For instance, Feroz
et al. (2005) apply DEA in their analytical procedure to determine audit scope and to assess
the preliminary risk level of a client. Ozcan et al. (2010) use DEA to evaluate the perfor-
mance of Brazilian university hospitals. Banker et al. (2010) employ DEA to compute the
relative productivity of retail outlets of a high-end retailer. Grigoroudis et al. (2013) utilize
DEA to evaluate the relative efficiency of a set of bank branches. Duh et al. (2014) measure
the operating efficiency of universities using DEA. To elaborate on how this is involved, we
define Y and X as the observed output and input vectors for DMUs (e.g. CPA firms). Then
we can specify the production possibility set S as:

S = {(Y, X) | Y ≥ 0 can be produced from X ≥ 0}. (1)

The inefficiency ismeasured radially by the reciprocal of Shephard’s (1970) distance function.
Therefore, the inefficiency of a DMU (Y0,X0) ∈ S is given by:

θ
(
Y0,X0

) = sup{θ | (θ Y0,X0
) ∈ S } (2)

Banker (1993) makes three main assumptions: (i) the production possibility set S is convex
[i.e. If (Y1,X1) ∈S and (Y2,X2) ∈S then (λ1Y1+λ2Y2,λ1X1+λ2X2) ∈S for allλ1,λ2 ≥ 0
such that λ1 + λ2 = 1], (ii) the production possibility set S exhibits monotonicity [i.e. If
(Y1,X1) ∈ S, Y2 ≤ Y1 and X2 ≥ X1 then (Y2,X2) ∈ S], and (iii) the probability density

function f(θ) is such that f(θ) = 0 if θ < 1 and
1+δ∫

1
f (θ)dθ > 0 for θ > 0. By following

Banker (1993), we can obtain a consistent estimator of the inefficiency θ̂ by solving the
following DEA model of Banker et al. (1984) (BCC hereafter):

θ̂ (Y0, X0) ≡ Max θ (3.0)
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subject to

N∑

n=1

λjYj ≥ θ Y0 (3.1)

N∑

n=1

λjXj − X0 ≤ 0 (3.2)

N∑

n=1

λj = 1 (3.3)

θ and λj ≥ 0 (3.4)

Banker (1993) demonstrates that the DEA estimator θ̂ using the BCC model as in (3.0–3.4)
is statistically consistent and the asymptotic empirical distribution of the DEA estimator
retrieves the true distribution of θ̂ under the three assumptions described in the above. Since
these assumptions do not impose the constraint of CRS on the production possibility set, they
are consistent with variable returns to scale (VRS). We refer to such an inefficiency measure
as θ̂ B . However, if we impose additional constraint that the production possibility set exhibits
CRS, then by adding the assumption of CRS (i.e. If (Y, X) ∈ S then (kY, kX) ∈ S for any k
> 0), we can obtain the Charnes et al. (1978) (CCR hereafter) ineffi-ciency estimates θ̂ for
a DMU by solving the same linear program as before; except that the objective function in
(3.0) is maxi-mized subject only to constraints (3.1), (3.2) and (3.4), while constraint (3.3)
is eliminated.

By analogy, the CCR estimator is also statistically consistent under the four assumptions
described in the above. We refer to the CCR inefficiency measure as θ̂C . Given that the
CCR model enables us to estimate the aggregate technical and scale inefficiency and that the
BCC model helps us estimate the pure technical inefficiency of a DMU at the given scale of
operation, we can calculate the scale inefficiency measure θ̂ S as the aggregate inefficiency
(θ̂C ) obtained from CCR model divided by the technical inefficiency obtained from BCC
model (θ̂ B). That is, θ̂ S = θ̂C/θ̂ B .

As described earlier, Banker (1993) proves thatDEAestimators are statistically consistent.
Therefore, under the null hypothesis of CRS, the asymptotic empirical distributions of DEA
estimators, θ̂ B and θ̂C are identical, each retrieving the true distribution of θ (Banker 1993).
The asymptotic correspondence between the empirical distributions of θ̂ B and θ̂C under the
null hypothesis of CRS allows us to construct the following two DEA-based statistical tests
for our study:

(i) If the inefficiency θ is assumed to have an exponential dis-tribution over [1,∞) with

mean 1 + σ, then
N∑

j=1
(θ̂ j1)/ σ follows the Chi-square distribution with 2N degrees of

freedom. Thus, we can construct the following test statistic:

T1 ≡
N∑

j=1

(θ̂Cj − 1)

/ N∑

j=1

(θ̂ B
j − 1) (4)

which can be evaluated using the F-distribution with (2N, 2N) degrees of free-dom.
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(ii) If the inefficiency θ is assumed to have a half-normal distribution over the range of values

[1,∞) with mean 1 + σ, then
N∑

j=1
(θ̂ j − 1)2

/
σ2 follows the Chi-square distribution

with N degrees of freedom. Thus, we can construct the following test statistic:

T2 ≡
N∑

j=1

(θ̂Cj − 1)2
/ N∑

j=1

(θ̂ B
j − 1)2 (5)

which can be evaluated using the F-distribution with (N, N) degrees of freedom.

Since Banker (1993) shows that the DEA estimator is biased for finite samples, the above
DEA-based test statistics need not follow the F distribution. Notwithstanding this limitation,
similar DEA-based statistical tests of inefficiency differences between two groups have been
found to outperform conventional parametric and non-parametric tests for finite samples in
extensive Monte Carlo simulation studies (Banker and Chang 1995).

Note that rejection of the null hypothesis of CRS test simply suggests that non-constant
returns to scale prevails. In order to further investigate whether or not DRS holds for CPA
firms, we can impose non-decreasing returns to scale (NDRS) constraint on the production
possibility set to obtain the inefficiency estimator by solving the BCC model in (3) with “≤”
instead of “=” in constraint (3.3). By referring to such inefficiency measure as θ̂D , we can
construct the test statistics for NDRS similar to those for CRS except that θ̂D is substituted
into the denominator for θ̂ Bunder the null hypothesis of NDRS. Since the CRS production
frontier envelops the data less closely than NDRS, its inefficiency estimate θ̂C is greater than
or equal to θ̂Dcalculated from the NDRS production frontier. Thus, for any DMU, equality
suggests that the prevalence of NDRS and inequality implies DRS prevailing. Alternatively,
we can impose non-increasing returns to scale (NIRS) constraint on the production possibility
set to obtain the inefficiency estimator by solving the BCC model in (3) with “≥” instead
of “=” in constraint (3.3). We refer to this inefficiency measure as θ̂ Eand construct the test
statistics similar to those for CRS except that θ̂ E is substituted into the nominator for θ̂Cunder
the null hypothesis of NDRS. Since the NIRS production frontier envelops the observed data
less closely than the VRS production frontier, the resulting inefficiencymeasure θ̂ E is greater
than or equal to θ̂ B calculated from the VRS production possibility set. Thus, for any DMU,
equality implies the prevalence ofNDRS and inequality suggests themore restrictive property
of DRS.

Conversely,we can evaluatewhether or not IRSholds forCPAfirmsby constructing the test
statistics for NIRS similar to those for CRS except that θ̂ E is substituted into the denominator
for θ̂ B under the null hypothesis ofNIRS. Since theCRS production frontier envelops the data
less closely than NIRS, its inefficiency estimate θ̂C is greater than or equal to θ̂ E calculated
fromNIRS production frontier. Thus, for any DMU, equality implies the prevalence of NIRS
and inequality indicates IRS prevailing. Alternatively, we can construct the test statistics for
NIRS similar to those for CRS except that θ̂D is substituted into nominator for θ̂C under the
null hypothesis of NIRS. Since the NDRS production frontier envelops the observed data less
closely than the VRS production frontier, the resulting inefficiency measure θ̂D is greater
than or equal to θ̂ B calculated from the VRS production possibility set. Thus, for any DMU,
equality implies the prevalence of NIRS and inequality suggests the more restrictive property
of IRS.
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3 Sample and descriptive statistics

Each year Accounting Today surveys 100 accounting firms with the highest revenue in US
Information on these firms’ revenues and number of employees is published in the issue of
the following year. All data reported in the annual surveys are for domestic US operations and
exclude foreign holdings. Our initial sample includes only firms in the top 100 list for each of
the 6-year period 2005–2010 (Accounting Today issues 2006–2011). We then exclude non-
CPA firms, such as Liberty Tax Services and Schenck Business Solutions, from our sample.
We also exclude Big 4 CPA firms from our sample as all but one, Deloitte Touche Tohmatsu,
do not report any revenues fromMAS revenues from 2006 onward. Eventually, we use a total
of 70 non-Big 4 top CPA firms in our analyses.

Following Banker et al. (2003) and Chang et al. (2009b), we focus on the relationship
between service revenues generated and human resources employed by CPA firms. We par-
tition the service revenues, by the types of output, into Accounting & Auditing Services
(A&A), Tax Services (TAX) and Management Advisory Services (MAS). A&A includes
compilations, special reports, and reviews in addition to engagements involving the attest
function. TAX consists of tax research, planning and preparation work. MAS comprise such
services as consulting, systems development, integrating and reselling computer equipment
and software, and any other management assistance (Banker et al. 2003). The three human
resource input variables considered are number of partners (PARTNERS), number of pro-
fessionals (PROFESSIONALS), and number of non-professional employees (OTHERS).
The designation PARTNERS includes all owners and shareholders of the accounting firms.
PROFESSIONALS refer to staffs trained to perform the accounting and auditing services,
and include such personnel as staff accountants, senior accountants, and managers. Those
who passed CPA examinations but have not obtained CPA licenses are also included in
this category. OTHERS encompasses the clerical and support personnel involved in such
activities as administration, printing of reports, record keeping and the like (Banker et al.
2003).

We report in Table 1 descriptive statistics on outputs and inputs of our sample CPA firms.
There is generally an increase in both total revenues and number of employees over the
6years period. For example, the mean total revenues increase by approximately 48% from
98.8 million dollars in 2005 to 146.5 million dollars in 2010 while the mean total employees
(sum of PARTNERS, PROFESSIONALS and OTHERS) increase by about 39% from 642
in 2005 to 891 in 2010. The increase in PARTNERS is particularly acute because it increases
by over 36% from 65 in 2005 to 89 in 2010. The number of PROFESSIONALS increases by
over 23% from 431 in 2005 to 533 in 2010, and that of OTHERS increases by nearly 16%
from 145 in 2005 to 168 in 2010. The relatively larger increase in PARTNERS is consistent
with the argument that CPA firms increase their size by expanding their hiring of partners
mainly through mergers and acquisitions to accommodate the increasing demand for audit
services in the post SOX era. The high standard deviations of the variables suggest that
these non-Big 4 CPA firms vary significantly in their operation scale size and composition.
Likewise, median values for all variables are much smaller than the means indicating that
large disparities exist between the smallest and largest CPA firms in the sample even without
the presence of Big 4 CPA firms.

Based on the data on three outputs (A&A revenues, TAX revenues andMAS revenues) and
three inputs (PARTNERS, PROFESSIONALS andOTHERS) of CPAfirms,we estimate their
relative inefficiencies using DEA for each of the six post SOX years separately as well as for
all 6 years pooled together as a whole. We test three hypotheses regarding returns to scale: (i)
the null hypothesis of CRS against the alternative hypothesis of VRS, (ii) the null hypothesis
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Table 1 Descriptive statistics on service revenues and human resource (N = 70)

Variables Mean STD 25% Median 75%

Year 2005

REVENUES $98.8M $182.1M $30.1M $37.1M $73.0M

A&A 43.2% 12.8% 36.0% 43.0% 52.0%

TAX 31.6% 9.5% 25.0% 32.0% 35.0%

MAS 25.2% 13.4% 16.0% 23.0% 32.0%

PARTNERS 65.6 108.2 20.0 29.0 59.0

PROFESSIONALS 431.1 751.3 131.0 178.5 338.0

OTHERS 145.4 306.2 33.0 44.0 110.0

Year 2006

REVENUES $114.7M $205.6M $35.0M $44.4M $85.0M

A&A 43.5% 12.7% 36.0% 44.0% 52.0%

TAX 31.6% 9.2% 26.0% 30.0% 36.0%

MAS 24.9% 12.8% 16.0% 23.0% 33.0%

PARTNERS 71.7 115.4 24.0 31.5 59.0

PROFESSIONALS 492.5 849.8 159.0 196.0 389.0

OTHERS 166.8 378.3 38.0 50.5 113.0

Year 2007

REVENUES $129.4M $221.9M $40.7M $49.8M $102.6M

A&A 44.4% 13.0% 40.0% 45.0% 53.0%

TAX 31.9% 8.4% 26.0% 32.0% 36.0%

MAS 23.7% 12.6% 15.0% 23.0% 29.0%

PARTNERS 76.9 114.1 24.0 37.0 68.0

PROFESSIONALS 533.9 892.0 167.0 226.0 436.0

OTHERS 171.8 365.1 44.0 61.5 106.0

Year 2008

REVENUES 143.9M $240.9M $43.0M $58.0M $118.0M

A&A 44.2% 12.7% 40.0% 45.0% 52.0%

TAX 33.0% 9.2% 27.0% 32.5% 37.0%

MAS 22.8% 12.9% 15.0% 22.0% 28.0%

PARTNERS 82.1 120.4 25.0 38.0 80.0

PROFESSIONALS 555.7 855.3 185.0 249.5 453.0

OTHERS 182.9 395.0 44.0 68.0 126.0

Year 2009

REVENUES $147.7M $237.1M $46.8M $59.7M $133.3M

A&A 44.3% 12.8% 39.0% 45.0% 53.0%

TAX 33.6% 8.9% 28.0% 33.0% 38.0%

MAS 22.1% 12.8% 13.0% 19.5% 28.0%

PARTNERS 88.8 125.1 27.0 40.0 94.0

PROFESSIONALS 548.8 819.5 176.0 263.0 517.0

OTHERS 175.8 338.7 41.0 65.5 138.0
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Table 1 continued

Variables Mean STD 25% Median 75%

Year 2010

REVENUES $146.5M $224.3M $46.0M $64.6M $151.8M

A&A 43.9% 12.7% 37.0% 45.0% 51.0%

TAX 34.1% 9.1% 30.0% 34.0% 38.0%

MAS 22.0% 12.7% 14.0% 18.0% 28.0%

PARTNERS 89.2 121.4 28.0 41.5 94.0

PROFESSIONALS 533.3 761.0 173.0 254.5 567.0

OTHERS 168.6 331.7 40. 58.5 141.0

N number of CPAfirms in the sample,REVENUES total revenues expressed inmillion dollars,A&A proportion
of A&A revenues, TAX proportion of TAX revenues,MAS proportion of MAS revenues, PARTNERS number
of partners, PROFESSIONALS number of professionals, OTHERS number of other employees

of NDRS against the alternative hypothesis of DRS, and (iii) the null hypothesis of NIRS
against the alternative hypothesis of IRS. We perform the tests for two different inefficiency
distribution assumptions: the exponential distribution and the half-normal distribution.

Table 2 reports our statistical test results when the inefficiency θ is assumed to be expo-
nentially distributed. For our sample period of 2005–2010 and for α = 10%, the first row of
Table 2 indicates that the null hypothesis of CRS is rejected in favor of the alternate hypoth-
esis of VRS in all 6years exampled. In addition, when we pool all the data point together
over the 6years, we find that the null hypothesis of CRS is rejected at 1% significant level6

as indicated in the last column of Table 2. Taken together, our empirical results seem to
indicate that the financial crises started in 2008 have little impact on CPA firms’ returns to
scale patterns.

Observing that the production function of CPA firms does not exhibit CRS, we next
evaluate whether VRS stem from DRS or IRS during the post SOX era. The statistical test
results are reported in the second and third rows of Table 2 under the null hypothesis of
NDRS. As can be observed, the null hypothesis of NDRS is rejected at 10% significant level
for all 6years except 2006 which has p values that are close to the 10% level, suggesting
that CPA firms’ production function exhibits DRS.7 As expected from this finding, the null
hypothesis of NIRS is not rejected at any conventional significant level as indicated in the
fourth and fifth rows of Table 2. Similarly, estimating inefficiency over the entire sample
period reaches the same conclusion that CPA firms exhibit DRS and the financial crises do
not have any impact on returns to scale patterns.

We present the statistical test results in Table 3 when we maintain the assumption that the
inefficiency θ is half-normally distributed. Consistent with, though statistically somewhat
weaker than, those reported in Table 2, we find that the null hypothesis of CRS is rejected
in favor of the alternate hypothesis of VRS in each of the 6years and all 6years together.
Similar to those reported in Table 2, the null hypothesis of NDRS is rejected for all 6years
except 2006. Further, when we pool all the data points together over the 6-year period to

6 Unlike the individual year’s test result, the result based on panel data pooled over 6years needs to be
interpreted with caution because a maintained assumption that the inefficiencies are independently distributed
across years does not necessarily hold for the balanced panel data used in our study.
7 Other factors including the reduced cost of information technology may result in higher profits for these
CPA firms that may explain in part why the mergers are continuing in the industry in spite of the observed
DRS pattern. However, due to data limitation we are unable to further explore these issues in this study.
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Table 2 Statistical test results of returns to scale when the inefficiency is assumed to be exponentially
distributed (p values in parentheses)

Test statistics Hypotheses Years

Null Alt. 2005 2006 2007 2008 2009 2010 All

N∑

j=1
(θ̂Cj − 1)

/ N∑

j=1
(θ̂ Bj − 1) CRS VRS 1.377 1.355 1.438 1.357 1.372 1.278 1.377

(0.029) (0.036) (0.016) (0.035) (0.031) (0.073) (0.001)

N∑

j=1
(θ̂Cj − 1)

/ N∑

j=1
(θ̂Dj − 1) NDRS DRS 1.252 1.203 1.313 1.265 1.308 1.243 1.252

(0.092) (0.137) (0.053) (0.082) (0.056) (0.098) (0.001)

N∑

j=1
(θ̂ Ej − 1)

/ N∑

j=1
(θ̂ Bj − 1) NDRS DRS 1.277 1.229 1.343 1.285 1.323 1.244 1.277

(0.074) (0.112) (0.040) (0.069) (0.049) (0.097) (0.001)

N∑

j=1
(θ̂Cj − 1)

/ N∑

j=1
(θ̂ Ej − 1) NIRS IRS 1.078 1.102 1.070 1.056 1.037 1.043 1.078

(0.328) (0.281) (0.342) (0.372) (0.415) (0.399) (0.137)

N∑

j=1
(θ̂Dj − 1)

/ N∑

j=1
(θ̂ Bj − 1) NIRS IRS 1.099 1.126 1.095 1.072 1.049 1.053 1.089

(0.287) (0.241) (0.295) (0.339) (0.388) (0.378) (0.110)

θ̂Bj is obtained by solving the linear program in (3); θ̂Cj is obtained by solving the linear program in (3) except

that the constraint
N∑

j=1
λ j = 1is eliminated; θ̂Dj is obtained from the linear program in (3) except that the

constraint
N∑

j=1
λ j = 1 is replaced by

N∑

j=1
λ j ≤ 1; θ̂Ej is obtained by solving the linear program in (3) except

that the constraint
N∑

j=1
λ j = 1 is replaced by

∑N
j=1 λ j ≥ 1

CRS constant returns to scale, VRS variable returns to scale,DRS (IRS) decreasing (increasing) returns to scale,
NDRS (NIRS) non- decreasing (non-increasing) returns to scale

estimate the production frontier of CPA firms, the null hypothesis of NDRS is rejected at 1%
significant level. Obviously, the null hypothesis of NIRS can’t be rejected at any conventional
significant levels. Collectively, our findings infer that to large extent the non-Big 4 CPA firms
over-expanded their human resources through M&A and organic growth in the post SOX
era and may consider stopping expansion and reducing their operation scale size in order to
improve their production efficiency.

4 Conclusions

Public accounting industry has experienced remarkable changes in the past two decades. The
surging demand for management advisory services in 1980s and 1990s has led CPA firms
to go through several waves of expansions through M&A and organic growth in pursuit of
scale economies. With the new sets of regulations introduced by the Sarbanes–Oxley Act,
CPA firms have been required to deal with intensified audit services but restricted non-audit
services such as tax and management advisory services. These restrictions on the public
accounting industry alter CPA firms’ output (revenue sources) and input (allocation of pro-
fessionals) structures. In addition, continuing globalization of the US economy requires CPA
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Table 3 Statistical test results of returns to scale when the inefficiency is assumed to be half-normally
distributed (p values in parentheses)

Test statistics Hypotheses Years

Null Alt. 2005 2006 2007 2008 2009 2010 All

N∑

j=1
(θ̂Cj − 1)2

/ N∑

j=1
(θ̂ Bj − 1)2 CRS VRS 1.454 1.403 1.568 1.390 1.539 1.382 1.454

(0.059) (0.079) (0.030) (0.085) (0.036) (0.089) (0.001)

N∑

j=1
(θ̂Cj − 1)2

/ N∑

j=1
(θ̂Dj − 1)2 NDRS DRS 1.339 1.261 1.448 1.314 1.490 1.377 1.338

(0.112) (0.166) (0.061) (0.127) (0.048) (0.092) (0.001)

N∑

j=1
(θ̂ Ej − 1)2

/ N∑

j=1
(θ̂ Bj − 1)2 NDRS DRS 1.368 1.290 1.485 1.332 1.506 1.380 1.367

(0.096) (0.143) (0.049) (0.115) (0.044) (0.090) (0.001)

N∑

j=1
(θ̂Cj − 1)2

/ N∑

j=1
(θ̂ Ej − 1)2 NIRS IRS 1.063 1.087 1.055 1.042 1.022 1.042 1.063

(0.399) (0.363) (0.410) (0.430) (0.463) (0.430) (0.265)

N∑

j=1
(θ̂Dj − 1)2

/ N∑

j=1
(θ̂ Bj − 1)2 NIRS IRS 1.086 1.032 1.082 1.057 1.033 1.056 1.086

(0.364) (0.328) (0.369) (0.408) (0.445) (0.409) (0.197)

θ̂Bj is obtained by solving the linear program in (3); θ̂Cj is obtained by solving the linear program in (3) except

that the constraint
N∑

j=1
λ j = 1is eliminated; θ̂Dj is obtained from the linear program in (3) except that the

constraint
N∑

j=1
λ j = 1 is replaced by

N∑

j=1
λ j ≤ 1; θ̂Ej is obtained by solving the linear program in (3) except

that the constraint
N∑

j=1
λ j = 1 is replaced by

N∑

j=1
λ j ≥ 1

CRS constant returns to scale, VRS variable returns to scale,DRS (IRS) decreasing (increasing) returns to scale,
NDRS (NIRS) non-decreasing (non-increasing) returns to scale

firms to build their competencies by differentiating services as well as acquiring experienced
talents. To sustain growth and enhance competitive edge, many non-Big 4 CPA firms actively
involved in M&A and internal growth activities after SOX. This raises an intriguing question
of whether the expansion has enabled these firms to exploit scale economies or led them to
overpass their optimal productive scale size.

Using data from Accounting Today’s annual surveys of the top 100 accounting firms, we
examine the returns to scale pattern of the non-Big 4 firms in the post SOX era. Specifically,
we use a non-parametric DEAmethodology to estimate production inefficiency and construct
DEA-based statistical tests of returns to scale for these CPA firms. Our empirical test results
indicate that the production function of the non-Big 4 CPA firms in our sample exhibits DRS
pattern during 2005–2010. This result suggests that our sample non-Big 4 CPA firms had
overgrown and exhausted economies of scale through M&A and organic growth. Therefore,
in order to improve their production efficiency, these CPA firms may consider stopping their
expansion plans and downsizing or divestitures. However, a caveat is in order. Our sample
CPA firmsmay be focusing on long terms growth or improving service at the expense of short
term production inefficiencies. That is, DRS may simply appear as a short term phenomena
in the early years of expansions. Thus, our findings about the returns to scale pattern need to
be interpreted with caution.
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Given that the findings of this study indicate scale diseconomies, it would be interesting
for future research to estimate the most productive scale size (MPSS) for each of these firms.
Additionally, many CPA firms continue to engage in M&A activities after 2008 (AICPA
2011) in spite of the prevailing DRS pattern observed in this study. Thus, it would also be
interesting for future research to look into this issue by investigating other factors, unrelated
to returns to scale, affecting these firms’ M&A decisions.
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