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Abstract

This paper examines the relation between auditor industry specialization and analysts’ beginning-of-the-year
earnings forecast accuracy. It predicts that the higher industry specialization of the auditors will improve the
quality of external financial reports and thus mitigates the analysts’ forecast error. It also predicts that higher
audit quality will have a negative association with analyst forecast dispersion. The empirical test results on
Australian listed firms from the year 2003 to 2012 does not find evidence of association between audit firm
industry specialization and analysts” beginning-of the year earnings forecast error. However, firms with higher
analysts forecast error is associated with lower forecast dispersion among analysts, which is consistent with the
prediction that analysts are consistent with predicting future earnings and analysts possess similar traits in terms
of difference with the actual earnings. Additional analysis also finds that’s larger firms have less forecast errors
compared to smaller firms. The findings contribute to the growing literature on auditing and financial reporting
quality in Australian context.
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1. Introduction

A high-quality auditor is believed to reduce information asymmetry and increase the quality of financial
reporting. According to the FASB Conceptual Framework, the general purpose of external financial reporting is
to increase the usefulness of published financial reports to its users by decreasing the information asymmetry
between the preparer and user of financial reports. Primary users, for example, potential investors, creditors,
lenders, or advisors, need this information for the prediction of future performance of the firm. Analysts need
published financial reports to predict the future performance of the firm. Thus it is logical to argue that
high-quality financial reports should improve the quality of earnings forecast.

This paper examines the relationship between auditor industry specialization, a common proxy for audit quality,
and analysts’ earnings forecast. The analysis is performed on Australian listed firms between 2003 and 2012 and
uses auditor industry market share, and auditor portfolio share both to determine the auditor industry
specialization.

This paper is motivated to examine whether higher audit quality improves the quality of external financial
reports. Prior studies in this area focus on the accuracy of analysts’ end-of-year forecast (short-horizon), which is
subject to the competing effect of audit quality. Payne (2008) argue that higher audit quality constrains managers
incentives for earnings management and thus, financial statement audited by specialist auditor increases the level
of analysts forecast error. This argument does not consider the effect of audit quality on analysts’ forecast errors.
Behn et al. (2008) focus on the accuracy of analysts' end-year forecast but find no evidence that Big-N auditor
specialization increases the accuracy of analysts’ short-horizon forecasts. My paper argues that the effect of
auditor quality in financial statement quality can best be observed taking the long-horizon (beginning of month
forecast) rather than short-horizon because there is no clean incentive for clients to manage earnings to meet or
beat analysts’ forecasts. So this paper argues that if audit quality increases the quality of external financial
reports, then it should have a strong association with analysts” long-horizon forecast accuracy.

In addition, prior studies report an association of auditor industry specialization and forecast accuracy in US
firms and this study aims to look into the relationship in the Australian context. The Australian experience with
BIG 4 audit firms is similar to that of the US. Globally the dominance of the BIG N audit firm has increased over
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the year. In Australia, around 90 percent of the revenue comes from BIG 4 audit firms'. Similar to the US
experience of big corporate scandals, Australia also contributed to some big failure (HIH Insurance Group,
Harris Scarfe etc.), which put on huge pressure on the Australian firms. As a part of post-crisis regulatory reform,
the Australian Securities and Exchange Commission announced strict reform in part of audit quality
improvement. CLERP 9 reform in 2002 brought major change to improve Australian audit quality. Further, the
adoption of the International Financial Reporting Standard (IFRS) in 2005 also put a challenge to the audit firms
to increase the perceived reliability of financial reporting. In this study, I also take an additional test considering
the effect of IFRS.

Findings suggest that under the Australian context, analysts’ forecast error does not have any significant
association with auditor industry specialization. Again, this paper also does not find any significant relation with
analyst forecast dispersion and industry specialization. One possible reason might be the different industry
distribution of Australian firms. This paper suggests further study into developing a better proxy for
industry-specialization applicable for Australian firms.

This paper look at the association of audit specialization and long-horizon analysts’ earnings forecast accuracy in
Australian listed firms. Wu and Wilson (2013) do a similar study on USA based firms so this paper would add to
the auditing and financial reporting quality literature in the Australian context.

2. Theory and Hypothesis Development

A growing literature links audit quality with financial reporting quality. An independent and quality audit
provides the necessary assurance, through external checks, about the integrity of the reported earnings. Auditors
can negotiate with clients regarding their proposed accrual decisions, and sometimes the client changes their
initial estimate of accruals after the auditor pressure them. Audit quality is defined as the probability that a given
auditor will detect material misstatements in a client’s financial reports and subsequently report the said
discrepancies (DeAngelo, 1981). According to Knechel et al. (2013), audit quality depends on all the
stakeholders in the financial reporting process ~who may have different expectations and views regarding audit
quality. Through the audited report, the auditor tries to reduce the unobservable and uncertain risk.

According to UK Financial Reporting Council given Audit Quality Framework, audit quality if affected by audit
culture, kill and personal qualities of partners and staff, the effectiveness of audit process, reliability, and
usefulness of audit reporting and some factors outside the control of auditor. One of the major advantages an
audit firm may enjoy arises from increasing audit efficiency and the quality of audit services. As the audit firm
employs all its resources and technologies on a specific industry that leads to economies of scale, specialized
audit firms can offer higher quality audits at a lower price as compared to their non-specialized competitors.
According to Kwon (1996), specialized audit firms can enhance audit quality by being able to assess better their
client’s estimates and financial representations, which allows for a reduction in client’s discretion while applying
accounting principles. Balsam, Krishnan & Yang (2003) provide evidence that auditor industry specialization, a
proxy for audit quality, has a positive association with the quality earnings quality. Balsam et al. (2003) find that
firms audited by industry specialist auditors have higher earnings quality than firms with a non-specialist auditor.
Superior earnings quality is argued to enhance the quality of accruals. Balsam et al. (2003) used earnings quality
as a proxy for financial reporting quality. Owhoso, Messier & Lynch (2002), in their work, to examine
specialized auditors’ ability to detect industry-specific errors find that compared to the non-specialized team, an
auditor with specialized knowledge and skill are better able to detect errors within their industry specialization
that outside their specialization. Gramling et al. (2001), in their archival research, also show that earnings of
firms with specialist auditors predict future cash flow more accurately than those of non-specialist auditors.

Abarbanell & Lehavy (2003) attempting to explain the role of reported earnings in explaining bias in analysts’
forecast, identify an empirical link between firms’ recognition of unexpected accruals and forecast errors. Their
finding suggests that firms’ reporting choices play an important role in determining analysts’ forecast errors.
Behn et al. (2008), under the assumption of association between audit quality and financial reporting quality, also
take the accuracy of analyst forecasts as a proxy for future earnings predictability.

Many of the prior empirical studies test the association between auditor industry specializations and analyst
forecast accuracy. Payne (2008) takes a short-horizon forecast and investigates how an audit firm’s quality
influences analysts' forecast errors. He examines the accuracy of the analysts’ forecast before the release of firms’
earnings reports. Payne (2008) argues that firms audited through specialized auditor reduces managers incentives

! Ferguson, C, Pinnuck, M., & Skinner, D. (2013). The evolution of audit market structure and the emergence of
the Big 4: Evidence from Australia. Working Paper.
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to manage earnings to meet or beat analysts’ forecast and thus reduces analysts’ short-horizon forecast accuracy.
Behn et al. (2008) investigate whether audit quality is associated with analysts” earnings forecast but do not find
any significant association between BIG 5 audit firms and analysts' earnings forecast accuracy.

Wu and Wilson (2013) argue that prior studies using short-horizon forecast may be subject to competing
potential effects of audit quality. Further, the long-horizon forecast does not induce benchmark beating
incentives. So this paper will follow Wu and Wilson's (2013) proposal to use analysts’ long horizon
(beginning-of-year) forecasts for studying the relation between audit quality and forecast accuracy in Australian
listed firms. Thus the hypothesis is stated below:

HI: Analysts’ forecast errors are negatively associated with audit firm industry specialization.

Studies looking at analysts’ forecast accuracy have also looked at the association of audit quality and analysts’
forecast dispersion (Behn et al., 2008). Studies suggest that uncertainty about future earnings is increased with
lower financial reporting quality (Imhoff & Labo, 1992). They further suggest that analysts’ with more reliable
information about future earnings are likely to have consensus on their forecasted earnings and thus are likely to
have smaller forecast dispersion. So | hypothesize that

H2: Analysts’ forecast dispersions are negatively associated with audit firm industry specialization.
3. Research Method
Following model is used to test the hypothesis:

FE (forecast

Bo + By INDSP + B, DISP + B3 HORIZON + B, SIZE + Bs NUMEST + B¢ LOSS +

error) B, ABSECHG + Bg EL + By LEV + YEAR + SIC + € @
DISP (forecast Bo + By INDSP + B, HORIZON + B3 SIZE + B,EL + Bg LEV + YEAR + €
dispersion) 2
Where,

FE (forecast
error)

DISP (forecast

actual earnings per share-consensus forecast earnings per share; for four measures- Mean forecast
from summary file, Median forecast from summary file, Mean forecast from detail file and
Median forecast from detail file each deflated by a) stock price b) absolute earnings.

a measure of analysts forecast dispersion, calculated as the standard deviation across analysts’

dispersion) forecasts deflated by the stock price
Equation (1) uses two different approaches for audit firm industry specialization measurement:
INDSP_MKT = an audit firm's industry market —share (MKT) is 1 if the ratio of audit fee paid to
a firm in a specific industry relative to audit fee paid by all companies in that industry is greater
INDSP than 30 percent for 2003-2012, 0 otherwise.
INDSP_POWER = an audit firms portfolio share (POWER) is 1 if total audit fee of the clients
that an auditor services in a specific industry-year divided by the sum of the audit fees of all
clients that an auditor services in that year, is greater than 3/(number of industries in the sample),
0 otherwise.
HORIZON the natural log of the average number of days between mean forecast estimation date and
subsequent actual earnings reporting date
SIZE the natural log of total asset
NUMEST the natural log of the number of analysts issuing earnings forecast for the firm in a 90-day window
prior to earnings reporting
LOSS 1 if a firm reports negative earnings, 0 otherwise
ABSECHG the absolute value of the annual change in EPS, deflated by beginning-of-month stock price
EL earnings per share
LEV ratio of total debt to total asset
YEAR indicator variable for each year 2003-2012
SIC Indicator variable for each industry

Here the dependent

variable is the analysts’ beginning-of the year forecast errors, which is measured from
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I/B/E/S summary file and I/B/E/S detail file. This comprises the first forecasts issued immediately following the
prior years’ earnings announcement date. To reduce noise forecasts issued in 90-day horizon is only taken. These
raw errors are then deflated by a) stock price b) absolute earnings. The absolute forecast errors argued by Wu &
Wilson (2013) are the mean of the absolute value of the forecast error of each analyst contributing a forecast for
client firm within the window. The measures are listed in Table 1.

Table 1. Measurement of Forecast Error

FE Measurement for Main Analysis

LHMEDIANFEPDET

(Actual EPS-Forecast EPS)/P, for median forecast detail file

LHMEDIANFEABSDET = absolute[(Actual EPS-Forecast EPS)/earnings], for median forecast detail file
FE Measurement for Additional Analysis

LHMEANFEPSUM =  (Actual EPS-Forecast EPS)/P, for mean forecast summary file
LHMEDIANFEPSUM = (Actual EPS-Forecast EPS)/P, for median forecast summary file
LHMEANFEPDET =  (Actual EPS-Forecast EPS)/P, for mean forecast detail file
LHMEANFEABSSUM = absolute[(Actual EPS-Forecast EPS)/earnings], for mean forecast summary file
LHMEDIANFEABSSUM = absolute[(Actual EPS-Forecast EPS)/earnings], for median forecast summary file
LHMEANFEABSDET = absolute[(Actual EPS-Forecast EPS)/earnings], for mean forecast detail file

The analysts’ forecast dispersion (DISP) is defined as the standard deviation across analysts’ earnings forecast
deflated by the stock price.

This study uses both audit firm industry market share and audit firm portfolio share as a measure for industry
specialization as Payne (2008). Instead of using the total asset as a proxy, this study uses total audit fees to
calculate industry specialization. This paper assumes that audit fees would be a more accurate measure for
industry specialization calculation in the Australian context. Previous studies (Payne, 2008; Behn et al. 2008; Wu
& Wilson, 2013) based on US firms, where total audit fee data is not easily available from the database, use the
total asset as a proxy for audit fees. However, my study is based on Australian firms, has the advantage of using
actual audit fee data.

Acknowledging the appropriateness of each of the individual approach (audit firm industry market share and
audit firm portfolio) under different industry distribution context. | used each method separately to measure the
auditor industry specialization in my dataset. | first estimate a continuous measure of auditor industry
specialization under both methods:

INDSP(MKT)_cont =  the ratio of audit fee paid to a firm in a specific industry relative to audit fee paid
by all companies in that industry

INDSP(POWER)_cont

The ratio of the total audit fee of the clients that audit firm services in a particular
industry divided by the total audit fee of all clients of that audit firm.

Following Payne (2008), | also employ a dichotomous measure of specialization, which defines an audit firm as
a specialist in a particular industry as follows:

INDSP(MKT)_dum 1 if INDSP(MKT)_cont > 30 percent for 2003-2012, 0 otherwise

INDSP(POWER)_dum 1 if INDSP(POWER)_cont > (3 / number of industry used in the analysis in
any given year), 0 otherwise.

For the first hypothesis, test analysts’ forecast dispersion (DISP) is included as a control variable in Equation (1)
following Wu & Wilson (2013) to control for the impact of analysts’ broader information environment on their
forecast accuracy. As forecast dispersions are found to be positively related in forecast errors (Zhang, 2006) a
positive coefficient is predicted. SIZE is included as a control for the variation in company size. Prior studies
find both positive and negative relationship is expected between firm size and forecast (Dhaliwal et al. 2010,
Collins et al. 1987) so in this paper, no sign for SIZE is predicted. Companies with more analysts following
(NUMEST) are argued to increase competition among analysts and increase incentives for accuracy. Firms
suffering from loss are subject to more uncertainty thus greater chance of forecast error. LOSS (indicator
variable) is included to control for that. This paper also controls for absolute change in earnings (ABSCHGE),
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because larger earnings changes have been strongly associated with lower analysts' forecast accuracy (Dichev &
Tang, 2009). Following Bhen et al. (2008) this paper also includes a natural log of earnings per share to control
for the negative relationship between this measure and absolute forecast errors. An earlier study (Andrade &
Kaplan, 1998) finds that the higher firms leverage, the higher is the probability of financial distress. Financial
distress is proxied by the leverage (LEVERAGE), which is predicted to have a positive relationship with forecast
error.

For the second hypothesis test, following Bhen et al. (2008), I included firms with longer forecast horizon
(HORIZON), firm size (SIZE), and financial distress measure (LEVERAGE) as the control variable in Equation
(2). The probability that earnings may have a link with analysts’ forecast, I included earnings level as a control
variable in this equation. I do not include any industry dummy as changes in forecast dispersion across industries
are not expected.

4. Sample Selection

This study includes all Australian firm-years over the period of 2003 to 2012. Audit related data is collected from
CONNECT4 Boardroom database of Australian listed companies, which is only available from 2003. Data on
financial information is collected from Morningstar Equity Feed Datalink which is available up to 2012. My
sample year is thus constrained to the period 2003 to 2012. | confine my sample to clients audited by Big 4
(Deloitte, Ernst & Young, KPMG, and PricewaterhouseCoopers) firms to control for any extraneous factors that
might influence the analysis due to differences between Big N and non-BIG N audit firms. Again, under the
Australian context, the Big 4 audit firms account for 89.7% of the total revenue® and thus are more likely to
develop industry expertise. Moreover, Australian firms that are followed by analysts are mostly audited by Big N
audit firms. Data on analysts' forecast of annual earnings per share are obtained from I/B/E/S. | use I/B/E/S
Detail (individual forecast) to calculate consensus forecasts to avoid potential staleness of the I/B/E/S consensus
forecast (Abarbanell and Bernard, 1992). Here | consider forecast of annual earnings made about 11 months
prior to current year earnings being announced (long-horizon) and sort forecast into the 90-day window. The first
forecast made within the first 90-day horizon is considered, and the mean and median of the first forecast by
each institution is calculated.

Table 2 describes the derivation of the observations used to test our hypothesis. | begin with an initial 61648
firm-year observations for which there are sufficient data to compute long horizon consensus forecast errors. |
further restrict the sample to clients of Big 4 audit firms, reducing the sample by further 10,753 observations. As
the hypotheses test requires only the first forecast made within the first 90-day long horizon, | eliminated 20038
observations for which a number of long-horizon is greater than zero. | also exclude observations for which
necessary financial data or auditor information is missing, which resulted in a final sample of 1766 firm-year
observations for 113 Australian firms with complete analysts forecasts and financial information.

Table 2. Sample Selection

Sample selection Obs. lost Cum. Obs.
Firm-years with available long horizon consensus forecast (2003-2012) 61648
Less: non BIG 4 firms 10753

Less: unavailable financial information from Datalink 1272

Less: unavailable Auditor information from THOMPSON REUTERS 27819

Less: firm-year observation where NLNGWINDOW > 0 20038

Final Observations for hypothesis test 1766

5. Descriptive Statistics

Table 3 presents sample distribution by industry (Panel A) and by year (Panel B). As shown in panel A of Table 3,
the material industry has the highest number of firms. Table 3 Panel B does not show any obvious concentration
in the firm distribution and is more evenly distributed from 2006-2012. Table 3 Panel C provides a number of
observations for each audit firm by industry. Nearly 34% of clients in the Material industry and more than 50%
of clients in the Capital Good industry are audited by KPMG.

2 Ferguson, C., Pinnuck, M., & Skinner, D. (2013). The evolution of audit market structure and the emergence of
the Big 4: Evidence from Australia. Working Paper.
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Table 3. Sample Distribution

Panel A: Industry Distribution
Industry Distribution

# of firm-year

% of firm-year

Automobiles & Components
Banks

Capital Goods

Commercial & Professional Services
Consumer Durables & Apparel
Consumer Services

Diversified Financials

Energy

Food & Staples Retailing

Food, Beverage & Tobacco

Health Care Equipment & Services
Household & Personal Products
Insurance

Materials

Media

Pharmaceuticals, Biotechnology & Life S

Real Estate
Retailing

Semiconductors & Semiconductor Equipmen

Software & Services

Technology Hardware & Equipment
Telecommunication Services
Transportation

Utilities

Total

6

1
203
104
55
88
95
201
20
66
83

268
80
56
107
82
5
66
16
38
67
45
1,766

0.34
0.06
11.49
5.89
3.11
4.98
5.38
11.38
1.13
3.74
4.7
0.4
0.4
15.18
4.53
3.17
6.06
4.64
0.28
3.74
0.91
2.15
3.79
2.55
100

Panel B. Year Distribution

Year # of firm-year % of firm-year
2003 88 4.98
2004 99 5.61
2005 98 5.55
2006 146 8.27
2007 173 9.8
2008 195 11.04
2009 202 11.44
2010 238 13.48
2011 268 15.18
2012 259 14.67
Total 1,766 100
Panel C. Number of observations for each industry-auditor
Auditor Name
Industry Name . P&C
Deloitte Ernst & Young KPMG Total
houseCoopers
Automobiles & Components 0
Banks 0
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Capital Goods 22 30 125 26 203
Commercial & Professional services 40 24 19 21 104
Consumer Durables & A 23 0 6 26 55
Consumer Services 16 17 6 49 88
Diversified Financial 15 15 28 37 95
Energy 34 79 47 41 201
Food & Staples Retail 10 10 0 0 20
Food, Beverage & Toba 8 20 10 28 66
Health Care Equipment 21 17 22 23 83
Household & Personal 7 0 0 0 7
Insurance 0 7 0 0 7
Materials 34 77 93 64 268
Media 7 44 10 19 80
Pharmaceuticals, Biotechnology 7 27 2 20 56
Real Estate 9 16 36 46 107
Retailing 20 21 11 30 82
Semiconductors & Semi 0 0 0 5 5
Software & Services 34 22 4 6 66
Technology Hardware & 0 3 13 0 16
Telecommunication Ser 5 13 10 10 38
Transportation 23 5 27 12 67
Utilities 0 24 6 15 45
Total 335 478 475 478 1,766

Table 4 provides sample summary statistics for variables included in the model. Approximately 44 percent of
clients are audited by an industry specialist auditor (INDSP), which is slightly higher than Wu & Wilson (38
percent) and Payne (32.26 percent). The reason may be because Payne and Wu studies industry specialization in
USA based firms, and this study is based on Australian firms. As discussed before the main analysis of this study
used two measures of forecast error and from the descriptive statistics, it seems not to have any obvious outliers.
However further statistics at the highest and lowest 1 percent reveals the existence of outliers in the dependent
variable. To deal with that, data is winsorized at p1 and p99 for running regression for our hypothesis test.

The mean forecast dispersion (DISP) is about 0.019, which suggests that the average mean dispersion is about
1.99 percent of the stock price. This value is close to the study performed by Behn et al. (2.1 percent). The
difference between the mean and median value of firm size (SIZE) provides evidence of some large firms in the
sample driving the sample mean skewed to the left. To deal with this firm size is winsorized at percentile 1 and
percentile 99 for the hypothesis test. On an average six analysts provided a forecast for the sample companies
while 18.3 percent of the companies reported a loss. The average number of firms reporting loss is higher than
those reported by Payne (14.4 percent), as Australian firms from Energy and Material sector has higher reported
loss than firms in the US.

Table 4 Panel B reports the t-test results to detect any systematic characteristics between the clients of industry
specialist auditors and non-industry specialist auditors. Results show that industry specialist auditor® does not
possess any significantly different forecast error and forecast dispersion. However, clients audited by industry
specialist auditors tend to be larger firms (SIZE), with higher earnings levels (EL) and a significantly higher
number of analysts following (NUMEST). Also, these firms have weak evidence (p= 0.02) of having lower
leverage than non-industry specialist clients. One interesting finding is clients reporting loss (LOSS) are on
average more audited by industry specialists (21 percent vs. 16 percent) auditor. This finding for firms reporting
loss is consistent with Behn et al. (2008) study on the US, who also find that firms reporting frequent losses are
more likely to hire industry specialized auditors.

The correlation between variables is reported in Table 5. The correlation matrix indicates that absolute forecast

% Auditor Industry specialization measured in portfolio method.
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error (LHMEDIANFEABSDET) measure is negatively correlated (weakly) with industry specialization
(measured in market share approach). Signed-forecast error (LHMEDIANFEPDET) is also negatively correlated
with industry specialization (measured in the portfolio approach). However, signed forecast error and industry
specialization measured in the market share approach shows a significantly positive correlation. DISP is
negatively correlated with signed forecast error but positively correlated with absolute forecast error. Again,
DISP does not show any significant association with industry specialization measured in both approaches.
Except for HORIZON, all control variables have a significant but very low level of correlation with the test
variable and the independent variable. The correlations among the control variables are generally very low and
insignificant in most cases. These relationships with DISP, HORIZON, LEVERAGE, and NUMEST are close to
expected and may not affect the estimation of regression of the variable in interest. Overall, multicollinearity
should not be seriously affecting the estimation of the regression parameters.

Table 4. Descriptive Statistics

Panel A : Full Sample

Analyst-related

MEAN  MED SD MIN MAX 1 g9t Q1 Q3
LHMEDIANFEPDET  -0.008  -0.004  0.268 -1.073 9.350 -0.282 0.152 -0.021  0.004
LHMEDIANFEABSD  0.746 0.161 3.173 0 59 0.0021 11.12 0.0631  0.439
DISP 0.0199  0.0052 0.0779 0 1.756 0.0003 0.283 0.002 0.013
HORIZON 2.963 3.135 0.714 0 3.784 0 3.784 2.996 3.332
NUMEST 6.003 5 4.575 1 20 1 17 2 10
ABSECHG 0.004 0.0041  0.163 -3.200 1.837 -0.263 0.512 -0.0131 0.014
Audit-Quality and Firm-level
INDSP (POWER) dum 0.436 0 0.496 0 1 0 1 0 1
INDSP (POWER) cont 0.141 0.111 0.111 0.0047 0.781 0.0106 0.453 0.063 0.181
INDSP (MKT) dum 0.424 0 0.494 0 1 0 1 0 1
INDSP (MKT) cont 0.344 0.229 0.331 0.0005 1 0.0024 1 0.060 0.547
SIZE ($M) 3,150 507 12,100 0.163 167,000 1.65 42,300 156 2,200
SIZE 20.15 20.04 1.802 14.30 25.84 16.62 24.47 18.87 21.51
LOSS 0.183 0 0.387 0 1 0 1 0 0
EL 0.327 0.156 0.641 1.009 7.905 0.438 2.854 0.0305 0.384
LEVERAGE 0.443 0.460 0.215 0.0026 1.880 0.0204 0.924 0.291 0.587

Panel B: Descriptive statistics by Audit Quality

Firm year where INDSP=0 Firm-year where INDSP=1 p-value (diff in means)

MEAN MED SD MEAN MED SD
LHMEDIANFEPDET -0.0120  -0.00331 0.0683 -0.00300 _0'02047 0.402 -0.00900
LHMEDIANFEABSDET 0.715 0.152 3.189 0.787 0.175 3.155 -0.0720
DISP 0.0170 0.00456  0.0641  0.0230  0.00643  0.0930 -0.00600
HORIZON 2.993 3.135 0.672 2.924 3.135 0.764 0.069**
NUMEST 5.769 4 4.403 6.305 5 4.774 -0.536**
CHGACTUAL 0.00300  0.00480 0.180  0.00700 0.00314  0.139 -0.00400
SIZE($M) 1,280 440 1,920 5,560 648 17,900 -0.000***
SIZE 19.88 19.90 1.623 20.50 20.29 1.956 -0.617***
LOSS 0.160 0 0.366 0.214 0 0.411 -0.055***
EL 0.288 0.166 0.459 0.378 0.146 0.816 -0.090***
LEVERAGE 0.451 0.464 0.221 0.431 0.450 0.208 0.020*

Table 5. Correlation Matrix
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Correlation Coefficients

FE Measurements .
Independent Variable

(Dependent Variable)
IND
CHG
INDSP SP HORIZ LE
1 2 DISP SIZE NUMEST LOSS ACTUA EL
(POWER) (M ON L \%
KT)
1 1
2 -0.343* 1
INDSP
-0.062* 0.046 1
(POWER)
INDSP
0.103* -0.145* -0.32* 1
(MKT)
DISP -0.0
-0.279* 0.114* 0.039 1
24
HORIZON -0.0
-0.009 0.027 -0.048* 0.01 1
05
SIZE 0.29
0.085* -0.166* 0.17* - -0.04 -0.047 1
NUMEST 0.17
0.085* -0.163* 0.058* - -0.112* -0.054*  0.655* 1
LOSS -0.2 -0.364
-0.27* 0.303* 0.07* 0.254* -0.007 -0.31* 1
23* *
CHGACT 0.04
0.28* -0.039 0.012 0.476* -0.003 -0.001 -0.012 0.056 1
UAL 8
EL 0.18
0.127* -0.145* 0.07* - -0.135* -0.033 0.445* 0.404* -0.307* -0.031 1
LEVERAG 0.22 0.166
£ 0.017 -0.148* -0.046 1* 0.047 -0.006 0.419* 0.242* -0.334* 0.025 .
*Significance level at 5%; **1= LHMEDIANFEPDET, 2= LHMEDIANFEABSDET; ***Definition of the variables is given in report.**** Due to
outliers described in the report winsorized data is used for Forecast error measurement
6. Results

This section reports the results of hypotheses tests of the overall relationship between industry specialization and
forecast accuracy. Table 6 Panel A presents the OLS regression results of Equation (1) for both measurements of
forecast error (absolute forecast error and signed forecast error) and auditor industry specialization
(portfolio-share approach and market share approach). | report the estimated coefficients at the two-tailed
significance level. For succinctness, | do not report the parameter result for YEAR and SIC indicator variable of
the related test -statistic for the equation (1) variable. My objective is to test H1, which predicts that auditor
specialization (INDSP) is negatively associated with absolute forecast error. Table 6 presents the results from
Equation (1) for the two measures of forecast error (absolute forecast error and signed forecast error). Inspection
of Table 6 Panel A reveals that the R-square of all the regression results between 13 to 37 percent, which seems
to be a reasonably well-fitted model. This is more than that reported by Payne (19.57%), probably because of the
different country contexts, differences in the measurement of industry specialization and differences in the
measurement of our control variables. Coefficients for my first hypothesis test do not show any significant
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association between auditor industry specializations and forecast error both using market share and portfolio
approach. However, opposite to my prediction control variable forecast dispersion (DISP) shows a significantly
negative association with forecast error, means, firms with higher analysts forecast error is associated with lower
forecast dispersion among analysts. One possible explanation may be, analysts are consistent with predicting
future earnings, and they possess similar traits in terms of difference with the actual earnings. HORIZON,
earnings level (EL) and LEVERAGE also do not report any significant association with the test variable. Similar
to prediction, firms reporting loss (LOSS) shows a negative association with signed forecast error and
significantly positive association with absolute forecast error. A number of analysts following (NUMEST) as
predicted show a negative association with absolute forecast error in INDSP measured under the market-share
approach. The change in earnings (ABSECHG) also shows a predictable positive association with
signed-forecast error but a negative association with absolute forecast error. Panel B reports the client-firm fixed
effect regression results. The coefficients for industry specialization under portfolio and market share approach
are similar to those of normal OLS regression. Industry specialization does not show any significant association
with absolute and/or signed forecast error. Coefficients for the control variables (DISP, HORIZON, EL, LOSS,
and NUMEST) also report results similar to the normal OLS results reported in Panel A. However, firm size
shows a significantly negative association with forecast error, which means larger firms, has lower forecast
errors.

Panel C reports the coefficients for propensity score-matched samples to control for the inherent endogeneity
problem of selecting BIG 4 firms. The tabulated coefficients for absolute forecast error and signed forecast error
still show insignificant results for the main effect of INDSP. The control variables also report results consistent
with our normal and fixed-effect OLS regression reported earlier.

One possible reason for this non-significant association with forecast error and industry socialization may be
other variables co-effecting the dependent variable, such as analyst expertise and auditor partner expertise (Wu
& Wilson, 2013).

Table 6. Results of Regression Equation (1)

Panel A : OLS results of regression (1)

INDSP (Portfolio share approach) INDSP (Market share approach)
POWER MKT

LHMEDIANFEPDET LHMEDIANFEABSDET LHMEDIANFEPDET LHMEDIANFEABSDET

INDSP_dum -0.003 0.142
(0.387) (0.492)
INDSP_MKT_dum 0.004 -0.009
(0.254) (0.927)
DISP -0.342%** 0.171 -0.341%** 1.551
(0.000) (0.908) (0.000) (0.113)
HORIZON 0.000 -0.091 0.000 0.054
(0.913) (0.549) (0.874) (0.216)
SIZE -0.000 0.006 -0.001 -0.020
(0.922) (0.948) (0.666) (0.681)
NUMEST -0.000 -0.001 -0.000 -0.028%*
(0.946) (0.961) (0.978) (0.041)
LOSS -0.033*** 0.836%* -0.032%** 0.694%**
(0.000) (0.016) (0.000) (0.000)
CHGACTUAL 0.258%** 0.257%%* -1.314%*
(0.000) (0.000) (0.000)
EL 0.000 -0.020 0.000 0.005
(0.864) (0.916) (0.899) (0.954)
LEVERAGE -0.008 -0.492 -0.008 -0.350
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(0.388) (0.366) (0.391) (0.173)
Constant 0.004 0.673 0.011 0.815
(0.897) (0.682) (0.722) (0.386)
R-squared 0.3795 0.1600 0.3792 0.1310
Observations 878 102 878 877
Panel B Fixed —Effect OLS
INDSP (Portfolio INDSP (Market share INDSP (Portfolio INDSP (Market share
share approach) approach) share approach) approach)
POWER MKT POWER MKT
LHMEDIANFEPDET LHMEDIANFEABSDET  LHMEDIANFEPDET  LHMEDIANFEABSDET
INDSP_dum -0.002 0.119
(0.739) (0.262)
INDSP_MKT_dum 0.003 0.111
(0.453) (0.344)
DISP -0.357*** 1.581 -0.354*** 1.377
(0.000) (0.106) (0.000) (0.269)
HORIZON 0.001 0.056 0.001 0.041
(0.575) (0.204) (0.555) (0.381)
SIZE -0.008* -0.032 -0.009** 0.007
(0.065) (0.513) (0.049) (0.953)
NUMEST -0.000 -0.027** -0.000 -0.021
(0.781) (0.047) (0.773) (0.216)
LOSS -0.036*** 0.682%** -0.036*** 0.325*
(0.000) (0.000) (0.000) (0.091)
CHGACTUAL 0.253*** -1.307*** 0.252*** -1.231***
(0.000) (0.000) (0.000) (0.001)
EL 0.000 0.002 0.000 0.029
(0.947) (0.981) (0.955) (0.804)
LEVERAGE 0.026* -0.321 0.025* 0.086
(0.066) (0.212) (0.066) (0.808)
Constant 0.156* 0.992 0.161* -0.116
(0.080) (0.298) (0.067) (0.959)
Observations 878 877 878 877
R-squared 0.385 0.385 0.036
Panel C OLS results on Propensity Matched Sample
INDSP (Portfolio INDSP (Market share INDSP (Portfolio INDSP (Market share
share ))approach) approach) share approach) approach)
POWER MKT POWER MKT

VARIABLES

INDSP_dum

INDSP_MKT _dum

DISP

LHMEDIANFEPDET

-0.001
(0.820)

0.594***

LHMEDIANFEABSDET

-0.039
(0.789)

11.287*

LHMEDIANFEPDET

0.001
(0.907)
-0.853*

LHMEDIANFEABSDET

0.120
(0.284)
22.964**
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(0.010) (0.052) (0.060) (0.015)
HORIZON 0.010 -0.341 0.008 -0.392**
(0.282) (0.172) (0.405) (0.047)
SIZE -0.002 -0.070 -0.001 0.004
(0.488) (0.245) (0.748) (0.933)
NUMEST -0.001 0.043** -0.000 0.017
(0.153) (0.047) (0.741) (0.250)
LOSS 0.002 -0.236 -0.001 0.190
(0.856) (0.408) (0.908) (0.457)
CHGACTUAL 0.503*** -8.802*** 0.674*** -12.965***
(0.000) (0.000) (0.000) (0.000)
EL 0.018** -0.303 0.024** -0.163
(0.026) (0.147) (0.016) (0.383)
LEVERAGE -0.003 0.086 0.014 -0.657**
(0.839) (0.816) (0.351) (0.042)
Constant -0.009 2.584* -0.030 1.574
(0.861) (0.062) (0.551) (0.135)
Observations 54 54 30 30
R-squared 0.668 0.388 0.769 0.784

*xx k%% representing significance level at 10%, 5% and 1% respectively.

Hypothesis 2 predicts that the auditor industry specialization is negatively associated with dispersion in analysts'
forecast. Table 7 Panel A, B, and C reports the OLS regression coefficients under the unrestricted sample,
firm-fixed effect and propensity score-matched sample, respectively. In all unrestricted (Panel A), firm-fixed
(Panel B), and propensity score-matched sample (Panel C), our test variable (INDSP) is positive and weakly
significant when industry specialization is measured using portfolio approach, which is opposite to my predicted
direction. All the control variables show insignificant results except earnings level (EL) and HORIZON. These
results are not consistent with Behn et al. who use DISP as a part of forecast accuracy. The probable reason for
this discrepancy may be the use of a 90-day long horizon, which is not consistent with what is used in Behn et al.
(2008). These coefficients may be interpreted in a different way to make more sense regarding analysts' forecast.

7. Additional Analysis
7.1 Effect of IFRS

Australia adopted IFRS from January 2005 affecting several key account treatment of financial reporting.
According to Ernst & Young (2005), the changes in financial statements toss challenges to the firm as well as the
investors. Cotter et al. (2012) find that analysts forecast accuracy improves with the transition to IFRS, implying
a positive association of IFRS adoption and reliability of financial report to the users. To test whether the impact
of regulatory responses in part of the auditor has any differentiated effect on firms with industry specialist and
non-industry specialist, | partition my sample into two periods: transition to IFRS (2003-2004) and post-IFRS
(2005-2013).

Table 8 reports the regression results for forecast error. The regression results yield substantially lower R-square
for the post-IFRS period. This may be a result of the non-inclusion of additional variables to control for the
post-IFRS period. The association between INDSP (portfolio method) and absolute forecast error shows a
significant positive association. However, INDSP (market share method) and absolute forecast error pre and
post-IFRS show a significant negative association as predicted in the main hypothesis (Equation 1). This
additional test may imply that my initial model should account for an additional variable to control for the effect
of IFRS on forecast accuracy. DISP shows a significant positive association with forecast error in the post-IFRS
period. LOSS firm shows a significant positive association with forecast error as my main test. LEVERAGE
shows a significant negative association with forecast error. This additional test result suggests that the main
results should be interpreted with caution and additional variables may be included to control for the regulatory
change affecting the Australian firms.

Table 9 reports regression results for dispersion in analysts' forecast. Once more, the coefficients for INDSP are
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insignificant thus providing no evidence of association pre or post IFRS adoption in forecast dispersion.

Table 7. Results of Regression equation (2)

Panel A OLS results of unrestricted Sample regression (2)

Panel A : OLS results of regression (2) on unrestricted sample

INDSP Portfolio share method

INDSP Market share method

DISP DISP
INDSP_dum 0.011**
(0.013)
INDSP_MKT_dum -0.002
(0.678)
HORIZON 0.001 0.001
(0.744) (0.825)
SIZE -0.001 -0.000
(0.373) (0.799)
EL -0.014*** -0.014%**
(0.000) (0.000)
LEVERAGE 0.036*** 0.033***
(0.001) (0.003)
Constant 0.021 0.008
(0.513) (0.811)
Observations 1,244 1,244
R-squared 0.031 0.026

Panel B : Firm Fixed-Effect regression (2)

INDSP Portfolio share method

INDSP Market share method

DISP

DISP

INDSP_dum

INDSP_MKT _dum

HORIZON

SIZE

EL

LEVERAGE

Constant

Observations
R-squared

0.009%
(0.073)

0.002
(0.180)
-0.003
(0.354)
-0.008*
(0.057)
0.061%**
(0.000)
0.047
(0.505)
1,244
0.031

-0.006
(0.127)
0.002
(0.217)
-0.002
(0.631)
-0.007*
(0.075)
0.060%**
(0.000)
0.022
(0.750)
1,244
0.030

Panel C OLS results on Propensity Matched Sample

INDSP Portfolio share method

INDSP Market share method

DISP

DISP

INDSP_dum

0.011**
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HORIZON

SIZE

EL

LEVERAGE

INDSP_MKT _dum

Constant

Observations
R-squared

(0.029)
0.001
(0.744)
-0.001
(0.715)
-0.019%**
(0.000)
-0.010
(0.488)

0.038

(0.355)

916
0.026

0.001
(0.482)
0.002*
(0.065)
-0.017***
(0.000)
-0.001
(0.910)
-0.002
(0.556)
-0.028
(0.295)

884
0.032

* *F* *x* representing significance level at 10%, 5% and 1% respectively.

Table 8. Effect of IFRS : unrestricted OLS regression (Equation 1)

INDSP Portfolio share method

INDSP Market share method

INDSP_dum

INDSP_MKT_dum

DISP

HORIZON

SIZE

NUMEST

LOSS

CHGACTUAL

EL

LEVERAGE

Constant

Observations

R-squared

IFRS=0

LHMEDIANFEABSDET

IFRS=1

LHMEDIANFEABSDET

IFRS=0

LHMEDIANFEABSDET

IFRS=1

-0.039
(0.697)

(0.051)
-0.928
(0.540)
0.008
(0.908)
-0.001
(0.977)
-0.009
(0.656)
1.031%**
(0.001)
0.010
(0.994)
0.015
(0.903)
-0.729%*
(0.046)
0.642
(0.465)
55

0.499

0.133*
(0.079)

(0.078)

2.896***

(0.936)
0.073
(0.049)
-0.033
(0.032)
-0.019%
(0.011)

1.002***

(0.149)

-2.366%**

(0.472)
-0.036
(0.059)
-0.374*
(0.200)
1.142%
(0.619)
822
0.144

-0.212%
(0.051)
-0.609
(0.677)
0.027
(0.700)
0.019
(0.674)
-0.006
(0.782)
0.850%**
(0.003)
0.011
(0.994)
-0.017
(0.883)
-0.812%*
(0.023)
0.348
(0.682)
55

0539

-0.152%
(0.078)
2.904%**
(0.935)
0.070
(0.049)
-0.007
(0.032)
-0.021%
(0.011)
0.989***
(0.150)
-2.346%%
(0.473)
-0.034
(0.059)
-0.384*
(0.199)
0.760
(0.614)
822
0.145

Table 9. Effect of IFRS: unrestricted OLS regression (equation 2)
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INDSP Portfolio share method

INDSP Market share method

IFRS=0 IFRS=1 IFRS=0 IFRS=1
DISP DISP DISP DISP
INDSP_dum -0.004 0.013***
(0.744) (0.009)
INDSP_MKT_dum 0.003 -0.002
(0.780) (0.622)
HORIZON 0.000 0.001 0.000 0.000
(0.976) (0.769) (0.987) (0.870)
SIZE 0.000 -0.002 -0.000 -0.001
(0.962) (0.307) (0.936) (0.753)
EL -0.035** -0.013*** -0.035** -0.013***
(0.013) (0.000) (0.013) (0.000)
LEVERAGE 0.105*** 0.031** 0.105*** 0.028**
(0.004) (0.010) (0.004) (0.023)
Constant -0.046 0.031 -0.039 0.016
(0.586) (0.361) (0.651) (0.645)
Observations 127 1,117 127 1,117
R-squared 0.152 0.027 0.152 0.022

7.2 Samples Defined by the Audit Firm

This section reports the regression coefficients run within samples defined by the audit firms. Add test to run
regression within samples defined by audit firm (Deloitte, Ernst & Young, KPMG, and PricewaterhouseCoopers).
Table 10 reports the regression coefficients for INDSP (portfolio share method) for each audit firm. Contrary to
the main result, further sub-division with auditors shows that industry specialization has a positive and
significant association with forecast error for Ernst & Young. Also opposite to the main result LOSS firm shows
a significant negative association with forecast error for KPMG and PricewaterhouseCooper. Also, a change in
earnings (ABSECHG) also shows a significant and negative association with forecast error.

7.3 Large vs Small Firm

Industry specialization can vary between large and small firms. In this section, | divide the sample into large and
small firms and run regression separately for each. | define large firms as firms for which total asset is greater
than the median value of the total asset and small firm as firms with total asset lower than the median value of
the total asset. Table 10 reports the result of the first hypothesis. Similar to the main hypothesis, industry
specialization does not show evidence of association with forecast error. For large firms forecast dispersion
(DISP) and LOSS show negative and significant association. However, small firms reporting LOSS have a
positive and significant association with forecast error. Moreover, association with ABSECHG and forecast error
reports different significant directions. As large firms and small firms are showing different results for the control
variable, | suppose some control variables may be inserted into the model to deal with that.

8. Conclusion

This working paper examined whether analysts’ forecast error is mitigated when the auditor has industry
specialization. The unrestricted OLS regression, fixed effect and OLS regression on propensity score-matched
sample results suggest no significant association between analysts’ forecast error and industry specialization. In
addition, this study does not find any significant association of dispersion in analyst forecast and industry
specialization. Primary conclusions drawn from the findings indicate that industry-specialization may not
mitigate analysts’ forecast error under the Australian context. There may be other determinants of forecast error
that needs to be controlled for before proceeding to a generalized conclusion.

Following prior research, this study assumes that firms’ Zscore (Payne, 2008; Wu & Wilson, 2013) could be a
better proxy for financial distress than Leverage used in this paper. This working paper also fails to control for
firms’ financial performance measured by return on equity or return on asset which may result in noise in the
model. This paper only examines the effect of industry specialization on analyst forecast error but there are other
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confounding variables that may affect the test variable as well as the independent variable, such as partner firm
expertise, number of analysts following a firm and analysts’ expertise as found by other researchers. There can
also be an endogenous problem in equation (1) on the grounds the control variables can be correlated with each
other. To control for this type of problem a propensity score matching approach can be preferred.

Further research can take a different approach to measure auditor industry-specialization applicable under the
Australian context as Australian firms do not have an even distribution of firms in a particular industry. In
addition, further studies can take different methodologies to control for endogeneity problem.

Table 10. Additional Analysis : Run- Regression Separated by Auditor

Auditor Name

Pricewater house
cooper

Deloitte E&Y KPMG

LHMEDIANFEABSDET LHMEDIANFEABSDET LHMEDIANFEABSDET LHMEDIANFEABSDET

INDSP_dum 0.138 0.330* 0.193 -0.080
(0.177) (0.091) (0.141) (0.670)
DISP 22.103*** 13.633*** -2.994 -0.620
(4.251) (0.000) (0.102) (0.585)
HORIZON -0.014 0.096 0.001 0.095
(0.101) (0.294) (0.990) (0.398)
SIZE -0.042 0.034 -0.063 -0.037
(0.066) (0.594) (0.253) (0.582)
NUMEST -0.011 -0.019 -0.021 -0.017
(0.021) (0.347) (0.296) (0.428)
LOSS -0.531 0.190 1.763%** 1.316***
(0.346) (0.474) (0.000) (0.000)
CHGACTUAL -11.532*** -0.476 -3.724*** -1.065*
(1.599) (0.627) (0.000) (0.066)
EL -0.008 -0.252 0.030 0.022
(0.192) (0.104) (0.704) (0.838)
LEVERAGE -0.109 -0.185 -1.138*** -0.483
(0.478) (0.639) (0.009) (0.133)
Constant 1.102 -0.385 2.352** 1.240
(1.193) (0.759) (0.020) (0.342)
Observations 159 214 241 263
R-squared 0.341 0.237 0.313 0.141

* ** %% representing significance level at 10%, 5% and 1% respectively.

Table 11. Additional Analysis: Effect of Firm size

Large firm Small firm

LHMEDIANFEPDE LHMEDIANFEABSDE LHMEDIANFEPDE LHMEDIANFEABSDE

INDSP_dum -0.004 -0.002 0.044 0.058
(0.003) (0.604) (0.467) (0.745)

DISP -0.305%** -0.521%%* -0.405 18.786%**
(0.030) (0.000) (0.481) (0.000)

HORIZON 0.001 -0.003 0.053 0.073
(0.002) (0.327) (0.146) (0.573)
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NUMEST -0.001 0.001 -0.013 -0.025
(0.000) (0.319) (0.102) (0.312)
LOSS -0.038*** -0.031*** 0.804*** 1.072%**
(0.008) (0.000) (0.000) (0.000)
CHGACTUAL 0.210%** 0.489*** -0.439 -6.277***
(0.016) (0.000) (0.151) (0.000)
EL 0.001 0.008 -0.055 0.015
(0.002) (0.276) (0.164) (0.958)
LEVERAGE -0.010 -0.034*** -0.356** 0.115
(0.008) (0.004) (0.027) (0.795)
Constant 0.004 0.015 0.509*** 0.131
(0.009) (0.238) (0.002) (0.785)
Observations 566 312 566 311
R-squared 0.374 0.505 0.091 0.250
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