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Abstract. The selection of MPACC (Master of Professional Accountant) is a key step in the training of senior 
accounting personnel. This paper examines the relationship between examiner heterogeneity and MPACC 
second test scores. We try to clarify the reason for the unfair phenomenon because of the heterogeneity of 
examiners in MPACC second test results and seek ways to solve this problem. The study found that the 
MPACC second test results are unfair. This unfairness is caused by the heterogeneity of the examiner. 
However, standardized algorithms balance the differences in MPACC examiner heterogeneity. The regression 
model was constructed by using the MPACC second test scores before and after standardization, which 
verified the existence of examiner heterogeneity and the effect of the standardized algorithm on the examiner 
heterogeneity. This article is based on the differences of MPACC second test scores due to examiner’s 
heterogeneity. We propose the application of standardized algorithm, which will play an important role in 
improving the quality of MPACC enrollment and promoting the training of senior accounting personnel. 

1 Introduction  

Accounting is an important part of business management, 
and it is a comprehensive management work for 
organizing capital movements and handling financial 
relations. Accounting is also considered to be a system that 
provides all economic and non-economic information on 
businesses, goods, services, markets, customers, etc. [1]. In 
recent years, the relationship between the quality of 
accounting information and the usefulness of decision-
making has been recognized by the theoretical and 
practical circles [2-4]. The high-quality accounting talents 
with strong combination of theory and practice have 
gradually become the core competitiveness of enterprises. 
Institutions of tertiary education are the main source for 
delivering high-quality accounting talents to the society. 
The researchers and practitioners of accounting education 
are more willing to believe that the ability and quality 
should be the first in personnel training [5-7]. Since 
recruiting two-year accounting masters in 2004, after 
more than ten years of exploration and practice, China has 
accumulated rich research results in MPACC (Master of 
Professional Accountant) education. He and Li [8] 
compared the accounting training model of colleges and 
universities in China and the United States, and believed 
that the training of social demand-oriented accounting 
talents should be based on the acquisition and 
improvement of students’ professional ability. Sheng and 
Zhai [9] believe that in the education of MPACC, the 
enrollment needs to focus on practice, teaching should 

emphasize interaction, and meanwhile local education 
should be strengthened. 

In the “new normal” economic environment, there is a 
large gap in application-oriented talents, and the MPACC 
enrollment scale continues to rise [10]. Nikolaou and Judge 
[11] argue that interview is one of the best-rated and most 
favorably appraised methods across students, and students 
also have a positive attitude towards psychometric test 
(i.e., ability, personality, honesty). The MPACC 
enrollment has two selection modes. One is mainly for the 
promotion mode for the students from their schools, and 
the other is for the “written test + interview” selection 
mode for the students from other schools. In the “written 
test + interview” selection mode, based on the influence 
of factors such as the size of the enrollment and the 
interview, the interview session of the MPACC selection 
is divided into 10-20 groups. Interview is an effective way 
to evaluate students’ ability [12], face validity and 
opportunity to perform are the most important bases for 
considering personnel techniques favorably [13]. Previous 
studies have shown that examination scores are closely 
related to candidates’ own performance and the examiner 
heterogeneity [14-16]. This heterogeneity is an objective 
phenomenon. People’s gender, age, ethnicity, education 
level, cognition, values, preferences, attitudes, etc. are all 
causes of heterogeneity [17-19]. For example, Goh and 
Moore [14] examine the impact of “personality fitness” on 
academic achievement, and find that the personality 
dimension of introversion has the highest correlation with 
academic performance for the university sample. Furnham 
and Chamorro-Premuzic [19] explores the relationship 
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between personality, IQ, gender, beliefs about intelligence, 
and preference for assessment methods at university. They 
find that preferences are associated with individual 
differences, rather than academic performance. 

Existing research literature deeply discusses the 
cultivation of accounting talents from the aspects of 
training mode, training scheme and teaching 
characteristics [20-23]. In the practice of education, the 
academic literature on the balance of interview scores for 
examiner heterogeneity is also abundant [24-27]. However, 
the research literature on examiner heterogeneity in the 
MPACC selection mechanism is still rare. In practice, the 
fairness of the selection mechanism of MPACC has 
profoundly affected the quality of accounting masters. In 
the large-scale differential interview process, there is a 
need for a method that eliminates examiner heterogeneity 
and promotes fairness of selection, which also has a strong 
operational consideration [28-29]. It provides a new research 
dimension for the application of high-end talents in 
accounting applications, in order to promote the goal of 
talents training in universities and the accounting 
profession. This paper takes the interview results of 
colleges and universities in Guangdong Province as the 
research object, and explores the connotation of examiner 
heterogeneity. By constructing a difference balance model 
of interview score, we tend to examine the relationship 
between examiner heterogeneity and the difference in 
interview scores through the OLS linear regression model. 
This paper seeks the theoretical basis and practical 
approach for the MPACC selection fairness mechanism. 
The main contribution of this paper is to make up for the 
lack of documentation on the MPACC examiner 
heterogeneity and the MPACC selection fairness 
mechanism. At the same time, in the educational practice, 
the existing MPACC second test selection process is 
provided with a scientific algorithm of score 
standardization to eliminate the unfairness of MPACC 
enrollment and selection due to examiner heterogeneity. In 
addition, this paper has certain significance of reference 
for other aspects of fairness research. 

2 Theoretical analysis and research 
hypothesis 

Human individual heterogeneity is an objective 
phenomenon. It is closely related to education level, 
cognition, values, preferences, attitudes and so on. 
Ramasubbu et al. [30] studied customer satisfaction with the 
enterprise service system. He observes customer 
heterogeneity based on personal value and finds that 
customers with different values show different satisfaction 
with the same enterprise service system. Pennings and 
Garcia [31] studied the hedging behavior of small and 
medium-sized enterprises. It is found that in different 
corporate ownership structures, members’ attitudes and 
beliefs are heterogeneous, and the generalized mixed 
regression model GLM is used to test the impact of 
heterogeneity on hedging behavior. Li and Li [32] found that 
in the process of selection, due to the individual 
heterogeneity of the examiner or the reviewer, the selection 
mechanism is unfair. And that in the college entrance 

examination and postgraduate entrance examination, the 
differences in preferences between different reviewers may 
make the assessment of performance in a certain subjective 
manner. It is of great practical significance to use the 
appropriate method to standardize the original absolute 
scores and eliminate the heterogeneity characteristics of 
the reviewers. Wang et al. [33] believe that the actual scoring 
standards are not identical because each person sees 
different papers. (Although it has been met before the 
review to discuss the unified marking criteria) Every 
candidate’s scores are not directly comparable, so they 
cannot be simply synthesized and require pre-processing. 

Based on the above analysis, we believe that in the 
current MPACC second test process, there is a problem of 
unfairness in the selection mechanism brought by the 
examiner heterogeneity. The MPACC second test method 
is to group the candidates in parallel according to the initial 
test results. Each group of candidates is interviewed by 
different examiners, and each group is interviewed at the 
same time. After the candidate’s second test scores and the 
initial test scores are weighted averaged, the candidates are 
selected in meritocracy. In the interview process, due to 
different examiner values and personal preferences, the 
final scores of different groups of candidates may not be 
comparable. This will directly affect the admission of 
candidates. Furthermore, we believe that from the 
perspective of examiner heterogeneity, exploring how to 
eliminate examiner heterogeneity will promote the fairness 
of the MPACC selection mechanism. Therefore, this paper 
draws on the existing individual heterogeneity processing 
model  to construct a standardized algorithm for MPACC 
second test results conversion algorithm [32-34]. This paper 
eliminates the influence of examiner heterogeneity 
characteristics in the MPACC selection mechanism. The 
details as follows: 

Firstly, assume that when candidates enter the same 
school for MPACC second test, the students’ abilities are at 
the same level. On this assumption, the candidates and 
examiners are randomly divided into m groups. The 
number of candidates in the i-th group is  , using i to 

indicate the group number in  ,and j represents the 

candidate number in the group, and the  represents the 

original score of the j-th candidate in the i-th group.  is 

a random variable and obeys the N( , ) distribution.  
is the mean of the i-group MPACC score, calculated as 
follow: 

         

     (1) 

Then we use the formula: 

                     

(2) 

to convert the random variable  to the  obeying 
the t distribution. Different groups of candidates have 
different degrees of freedom in the   obeying the t 
distribution, which is related to the number of people in the 
group.  

We approximate the conversion process by applying 
the distribution from t to the standard normal distribution 
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(3) 

We convert   to approximate Xii that follows the 
standard normal distribution. Finally, according to Xii, the 
candidates’ second test scores are sorted to achieve fair 
selection. 

Table1. The variables definition of Mpacc second test score 
standardization algorithm conversion formula 

Variables Definition 
 

Mean of the i-th group 
 

Total number of group i 
 

The raw score of the j-th candidate of group i 
 

 

The score of the j-th candidate in the i-th group 
matches the score of the t-distribution 

 
Sample variance of the i-th group 

 The score of the j-th candidate of the i-th group is in 
accordance with the standard normal distribution 

By using the above model, we will get a standardized 
MPACC score. MPACC original scores and standardized 
scores were tested for differences between groups. Based 
on the above theory, it is predicted that the difference 
between the original scores of MPACC is significant and 
the difference between the scores after standardization is 
no longer significant. This result indicates that there is an 
inequality in the MPACC selection mechanism, and the 
standardized algorithm can eliminate this inequality to 
some extent. Further analysis shows that this unfairness is 
caused by the heterogeneity of the examiner, which will 
significantly affect the original scores of the candidates. 
Based on the above analysis, this paper proposes the 
following assumptions: 

H1: There is a significant difference in the MPACC 
second test scores between different groups before 
standardization, and there is no significant difference after 
standardization. 

H2: After controlling other influencing factors before 
and after standardization of MPACC results, examiner 
heterogeneity was significantly correlated with MPACC 
original scores. 

3 Research design 

3.1 Sample selection and data source 

Since the results of the second round of the national 
college MPACC will not directly announce which 
student’s group is scored by which examiner, the complete 
real data is not easy to obtain. We conducted a parallel 
grouping of candidates according to the initial test results 
in a university of Guangdong Province. After that, the 
second test scores of each group were standardized, and 
the original data before standardization and the second test 
scores after standardization were obtained. In view of the 
objective existence of the differences caused by the 
examiner heterogeneity, we use Bootstrap to randomly 
generate some data that meet the requirements for large-
scale empirical research based on small sample data. 
Based on the intangibility of heterogeneity and the 

influence of examiner heterogeneity on the MPACC 
second test score, we select the raw data before the 
standardization of the MPACC second test and the statistic 
F of the difference test between the standardized scores. 
By examining the trend of F value, the effect of 
standardization of MPACC second test results on 
examiner heterogeneity was examined. Finally, based on 
the real small sample data, we obtained five sets of random 
data with a sample size of 55, for a total of 275 research 
samples. Selecting 55 data per group is a simplified 
treatment of research questions based on statistical 
principles. When the sample size exceeds 30, the t 
distribution approximates the standard normal distribution 
[35]. Although in the statistical principle, there is a process 
in which the t distribution is converted to the standard 
normal distribution. However, the use of statistical 
software such as SAS to achieve complete mathematical 
transformation is very cumbersome and complicated. In 
order to simplify this step and not interfere with the 
empirical results, we select 55 samples per group. Since 
55 is greater than 30, after converting the original data into 
a t distribution, it can be directly regarded as a standard 
normal distribution. This paper uses SAS9.3 to 
empirically analyze the data. 

3.2 Variable definition and model selection 

In the verification study hypothesis 1, only the difference 
between the mean scores of the groups should be tested, 
and no model verification is needed. In order to gain 
insight into the reasons for the change in the difference 
between the original score and the standardized score 
group, also proved H2, we have the following description 
of variable definition and model selection: 
(1) Interpreted variable: original score of MPACC second 
test 

Based on the screening process of the same difficulty 
factor when the MPACC candidates who apply the same 
school, we believe that the level of candidates entering the 
second test is not much different. After the parallel 
grouping according to the test results of the candidates, the 
results of the second tests of each group are not expected 
to be significantly different. Therefore, when the MPACC 
second test scores between different groups have 
significant differences, we can think that the first half of 
H1 is verified. 
(2) Explanatory variables: standardized results of MPACC 

second test 
We standardize the original scores by using the 

following equation: 

             

(4) 

             

(5) 

We expect that the standardized scores will no longer 
have significant differences, at which point H1 is verified. 

The specific standardized conversion algorithm is as 
follows: 

Step 1: Import raw data. 
Step 2: Verify the normality of the original data. If it 

does not conform to the normal distribution, it needs to be 
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converted to a normal distribution. If it is met, go directly 
to the next step. 

Step 3: Test the difference between different sets of data. 
If there is a difference, it is necessary to carry out 
standardization and proceed to the fourth step; otherwise, 
it is considered that there is no difference between the 
scores of the different groups, and the hypothesis H1 is 
rejected. 

Step 4: By using equation (4) and (5), the data is 
converted by the SAS program, and the standardized 
results are obtained.  

Step 5: After the standardization, the difference test is 
carried out. The expected test result is not significant, and 
H1 is supported. The examiner heterogeneity had a 
significant impact on the MPACC second test scores. After 
eliminating the examiner heterogeneity, the MPACC 
second test scores tend to be fair. If the standardized scores 
between the groups are different, it is expected that in 
addition to the examiner heterogeneity, there are other 
factors that affect the MPACC second test score and reject 
H1. 

Step 6: Fit the linear regression model to convert the 
standardized scores into 200-point system and use the 
scores directly, so that the research conclusions are more 
operable and practical. 

OLS regression model selection 
To validate hypothesis 2, the OLS regression model (6) 

was used to examine the effect of examiner heterogeneity 
on the fairness of MPACC selection.   represents the 

original score of the MPACC second test,   represents 
the standardized score of the MPACC second test, β 
represents the effect of the MPACC second test score 
normalization algorithm on the original score, and α 
represents the examiner heterogeneity, which is a fixed 
effect. We believe that after controlling the impact of the 
MPACC second test performance standardization 
algorithm on the original scores, the difference between the 
original score and the standardized score is brought about 
by the examiner heterogeneity, which is reflected by the 
intercept term. We expect that there will be significant in 
the OLS regression, that is, the examiner heterogeneity has 
a significant impact on the fairness of the MPACC 
selection mechanism.  

The OLS regression model in this paper is as follows: 
                      (6) 

Table2. Variable definition of examiner heterogeneity test 
model 

Variables Definitions 
 

The raw score of the jth candidate of group i 

 The score of the jth candidate of the i-th group is in 
accordance with the standard normal distribution 

When using model (6), two aspects should be 
considered. First, the model usage conditions should be 
considered. If the conditions are not met, the application 
model (6) may get inaccurate results. Second, it is 
assumed that yi follows a normal distribution. We do the 
following calculation as in equation (7): 

                      (7) 

After the process, the data of the group is consistent 
with the t distribution, rather than the standard normal 
distribution. It is unreasonable to compare a set of data that 
conforms to the t distribution directly. The statistical 
principle shows that the t distribution can be approximated 
to the standard normal distribution only when the sample 
data exceeds 30. Therefore, the basic condition of 
applying model (6) is to ensure that the sample size 
exceeds 30.  ,  ,   are temporary variables used for 

problem description,  is a selected set of sample data, 

  is the mean of the set of sample data,   is the 

standard deviation of the set of sample data,   is 
converted after t distribution). On the other hand, after 
standardizing the data with equation (7), it is necessary to 
convert the MPACC second test standardized scores into 
two-percentage scores by equation . Different 
schools can choose the λ and θ values that suit their 
situation. Since the selection of MPACC is independent 
from other schools, it only needs to be comparable within 
the school. Therefore, the use of standardized results is 
sufficient to distinguish different levels of students, to 
achieve the purpose of selecting outstanding students. 

  is a key step in converting standardized 
scores to two-percentage score when publishing MPACC 
second test scores.   is the standardized score of the 

second test scores of the MPACC candidates, and  is 
the two-percentage score of the MPACC candidates’ 
second test scores. Since the original score in the model (6) 
is 200 points, the  λ and θ values can be taken as the 
integer part of the α and β in the model (6) OLS linear 
regression equation. The basic purpose of MPACC 
enrollment is achieved by fitting  to achieve reasonable 
use of standardized scores. 

4 Empirical analysis 

4.1 Descriptive statistical analysis and 
differential test before and after standardization 
of MPACC results Empirical analysis  

Before the statistical analysis, the five groups of data have 
been tested for normality, and the five groups of data all 
conform to the normal distribution. The purpose of this 
test is to use OLS regression as follows, and the data 
conforms to the normal distribution as a prerequisite for 
OLS regression. In Table 3, TeamiF indicates the MPACC 
second test score before the i-th group standardization, and 
TeamiL indicates the MPAC second test score after the i-
group standardization. From the mean and standard 
deviation of the data of each group of TeamiF in Table 3, 
the difference exists. The mean value is between 160 and 
170, and the standard deviation is between 10 and 12. It 
can be judged that there are differences between the five 
groups of data. In further study of the differences between 
the data, the F statistic is used in this paper. The F statistic 
is the output of the TeamiF variance homogeneity test of 
the five groups of results. The P value can measure 
whether the mean difference between the groups is 
significant. It can be seen from Table 4 that the P value of 
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the test result of the F statistic before the standardization 
of the score is less than 0.01, indicating that there is a 
significant difference between the five sets of data. The 
statistical analysis of TeamiL of each group after 
standardization in Table 3 shows that the mean and 
variance of the five groups of data are all consistent. The 
mean value is 168, and the standard deviation is 11. The P 
value of the F statistic after normalization in Table 4 is 
greater than 0.1, which is not statistically significant, 
indicating that the mean values of the five groups of data 
are no longer different. The comparison of the results of 
the differential test before and after the standardization of 
the MPACC results supports the research hypothesis H1. 

Table3. Descriptive statistics before and after 
standardization of results 

Grouping/score Max. Min. Mean Med. SD. 
Team1F 193.00 145.00 172.26 173.00 10.79 
Team1L 189.14 140.20 168.00 168.75 11.00 
Team2F 190.00 136.00 167.58 169.00 12.06 
Team2L 188.45 139.20 168.00 169.29 11.00 
Team3F 188.00 143.00 166.09 167.00 11.23 
Team3L 189.45 145.39 168.00 168.89 11.00 
Team4F 195.00 143.00 172.02 173.00 11.71 
Team4L 189.59 140.74 168.00 168.93 11.00 
Team5F 185.00 140.00 162.96 163.00 11.25 
Team5L 189.55 145.55 168.00 168.04 11.00 

Note: Team*F indicates the results before standardization, and 
Team*L indicates the results after standardization. 

Table4. F statistical test before and after standardization of 
results 

 F Statistics 
Before standardization 6.44*** 
After standardization 0.00 

Note: p<0.01 is indicated by ***. 

4.2 Correlation test between MPACC original 
score and standardized score 

Correlation analysis showed that the normalized MPACC 
score was highly correlated with the original MPACC 
score, as R was 0.95, which was significant at the 1% 
significance level, consistent with theoretical analysis 
assumptions. The standardized results are transformed 
from the original results through mathematical formulas, 
which are the performance values after eliminating the 
examiner’s heterogeneity. There is an inherent logical 
connection between them. The theoretical logical 
connection and the correlation analysis results in the 
empirical analysis. 

Table5. Correlation analysis before and after standardization 
of achievements 

Variable Xij yij 
Xij - 0.95*** 
yij 0.95*** - 

Note: p<0.01 is indicated by ***.4.3 Linear regression results of 
MPACC standardized scores and original scores. 

The regression results of model (1) show that 168.18, 
t value is 760.47, and p value is less than 0.001, which 
indicates that there is an inherent factor between the 

MPACC original score and the standardized post score. 
This factor leads to significant differences between the 
two, and the intrinsic factors are presented by the linear 
model intercept term, which is the MPACC examiner 
heterogeneity. The empirical results verify hypothesis H2. 
After controlling the other influencing factors before and 
after the standardization of MPACC, the examiner 
heterogeneity is significantly correlated with the MPACC 
original scores. The examiner heterogeneity makes the 
scores between the MPACC groups unfair. In the 
regression model, β is the regression coefficient of the 
MPACC standardized score to the MPACC original score, 
which is 11.41, the t value is 51.10, and the p value is less 
than 0.01. The regression results are consistent with the 
above correlation analysis and theoretical analysis. It 
shows that there is a significant positive correlation 
between the original MPACC scores and the standardized 
scores. 

Table6. Linear regression results of MPACC standardized 
score sand original scores 

Variables  Regression coefficient value 

α 
 168.18***  
(760.47) 

β 
 11.41*** 
 (51.10) 

Note: p<0.01 is represented by ***. () indicates the t value. 

5 Conclusion 

This paper is based on the unfairness of the MPACC 
selection method. Through the real data construction 
model of a college in Guangdong Province and the 
empirical data, the research shows that the MPACC 
second test results are unfair. This unfairness is caused by 
the heterogeneity of the MPACC examiner. Based on the 
objective support of the heterogeneous objective, this 
paper also proves this research hypothesis with the model. 
This article provides an algorithm for how to eliminate the 
heterogeneity of examiners. This method of 
standardization of results will greatly benefit the 
improvement of enrollment quality, and it will also 
promote the development of senior accountants. By 
extension, the selection process of other disciplines may 
also have heterogeneity and cause unfairness problems. It 
is especially important to find such differences in time and 
adopt corresponding methods to eliminate differences. 
Therefore, the research results of this paper can be used in 
other subjects. The limitation of this paper is that there are 
too few research samples. If more sample data can be 
obtained, the research conclusions will be more scalable.  
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