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Abstract— Marker bias has been a serious factor contributing
to discrepancy in assessments. In this study we analyze one year
students’ results in a Business Faculty within an Australian
university to understand the extent of variation induced by
marker bias in multiple marker scenarios. The study shows
interesting insights regarding the marking trends of a particular
marker, and shows variations among markers in a particular
course. The study paves the way for quantification of marker
variation through objective analysis.
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l. INTRODUCTION

Marking bias has been well known source of variations in
students’ results where multiple markers are used. In order to
reduce the marking bias over the years a set of techniques and
processes have been developed. To reduce the subjective
element in marking, multiple choice questions (MCQ) are often
adopted [1]. Although this eliminates the marking bias, MCQ
is unable to test students’ analytical capacity as it tends to test
students' understanding based on memory capacity. Hence in
lot of business courses where students’ analytical capacity and
creativity requires testing MCQ is not a viable solution [2].

Vertical marking approach has been suggested in studies
where particular section of the assessment piece is marked by
each marker for all the students [3]. This approach works fine
if the assessment contains distinct mutually exclusive
segments. For example, for an assessment with 5 separate
questions to answer, we can use 5 markers each marking one
particular question for all the students. This approach improves
fairness as individual marker bias is applicable to all students
equally. The vertical marking approach however is not suitable
if the assessment piece cannot be segmented into mutually
exclusive segments and segments cannot be distributed equally
among markers. There are some practical challenges with this
approach as well. With paper based assessments the markers
need to be physically co located otherwise there may not be
enough time to rotate the assessments among markers. With
time constraint (many education providers have 2 weeks results
release policy) even online systems will struggle to coordinate
assessment rotation among markers for vertical marking
approach.

Self-evaluation and mutual peer evaluation are used in
various courses [4][5][6]. However this is often heavily bias
and requires heavy moderation by examiner. Often peer
assessments are not appropriate in courses where students has
the possibility of improving their related task based on ideas
gained from peers [7]. This approach would in some cases
would be counterproductive for creative work [8].

Formative assessment approach has gained traction with
many courses [9][10]. Formative assessments have distinction
from summative assessment where continuous improvement
process is evaluated [11][12]. Although this is suitable for
many courses it may not be ideal for courses run online with
limited student teacher personal interactions. Summative
assessment is sometimes required to assess student
performance based on overall achievements at the end of the
course [13].

Marking rubric [14][15][16][17] is a newer approach
widely used in higher education sector in Australia and
worldwide for summative assessment. The rubric presents a set
of guidelines to students and markers outlining the
requirements and expectations of the assessment piece.
Developing appropriate marking rubric is a challenge itself
[18]. If a marking rubric is too prescriptive it reduces
misinterpretation but discourages students’ creativity and
freedom. On the other hand rubric with wider guidelines tend
to have different interpretations by different markers. Although
a well-developed marking rubric improves consistency
between markers bias still exists as different marker may have
different tolerance levels to errors made by the students and
may apply the guideline in different magnitudes. Marking
approaches such as cross marking and feedback discussion are
proposed to improve rubrics based marking. In this approach a
small number of sample assessments are first marked by all the
markers, which are then discussed among the markers and with
the examiner so that each marker can adjust their marking
process to achieve general consensus.

Moderation process is often adopted to reduce bias in
various higher education institutions including Australian
higher education sector [19][20]. In moderation process the
moderator (examiner or another academic) randomly checks
the marked papers and advises adjustments. This process is
often done with a small random sample due to high cost and
not able to reduce marking bias for all the students.
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Although various techniques and approaches have
improved marking fairness, academics often feels that marking
bias still exists due to marker personality, time of the day
marking is done, experience of the marker etc.
[17][21][22][23]. In this study we try to provide objective
analysis to understand and quantify such bias in an Australian
higher education setup. The study highlights how various
factors affect variations in marks among students.

Il.  METHODOLOGY

As shown in Fig. 1, the methodology involves 3 distinct
stages including i) Data Collection, ii) Data Cleansing, and iii)
Data Analysis.

Stage 1: Data Collection

e Data source identification
o Data storage system identification
e Data selection

i

Stage 2: Data Cleansing

e  Constraints identification
e Data exclusion

e Data scoping

Stage 3: Data Analysis

e Analysis objective identification
e Analysis design
e Complementary Analysis

Fig. 1. Different stages of the study methodology

A. Stage 1: Data Collection

In this study we analyze data collected from a business
faculty in an Australian university. The university in this study
utilizes Moodle learning management system [24] to manage
student data, assessment submission, marking and results.
From the Moodle system we have extracted student results for
year 2015. The data collection was done at the school level at
this stage. In the school courses with 2 or more markers were
selected for this study from the management and information
systems discipline. In these disciplines some courses are
offered in multiple semesters. We have considered courses
offered in multiple semesters as distinct courses for this study.
Based on the data collection scope outlined, we have collected
data for 71 courses from undergraduate and post graduate
courses. Among the courses 31 courses are from information
systems and 40 courses are selected from management courses.
Among the information systems courses 9 are from
undergraduate level and 22 courses are from postgraduate

levels. For the management discipline courses 24 are from
undergraduate level and 16 are from post graduate levels. The
number of students in different courses vary from 20 to 400.
We identified that total of 136 markers were involved in
marking of these courses where some markers were involved in
marking multiple courses. Although we have collected the data
within a limited selected scope, for analysis purpose further
cleansing of data was done as described in the following
section.

B. Stage 2: Data Cleansing

After initial investigation of the collected data and with
some preliminary analysis we identified some key aspects of
the data. For comprehensive analysis of the data we excluded
some courses from our initially collected data based on several
constraints as discussed below:

1) Group assessments: Courses with group assessments
were excluded as the group formation were not uniform and
marking process is not compatible with individual assessment
based marking process.

2) Courses with exam components: Courses where exam is
a major component of assessment were not considered in this
analysis as the exam markers were not tracked in the results
systems individually. Only using low weighted assignment
components for courses with exam does not reflect the overall
course results hence they were not considered.

3) Markers with limited courses: Markers who marked
less than 3 courses were not analysed in depth in this study.
Inorder to assess individual marker consistency only markers
who marked 3 or more courses were considered in this study.

Applying the data cleansing constraints we have identified
17 markers with more than 3 courses. Among the markers 11
marked 3 courses each, 3 marked 4 courses each, and 3
different markers marked 5, 6 and 7 courses each. The 17
markers were involved in marking 37 different courses. Our
analysis is done using these 17 markers and respective 37
courses. To maintain anonymity the 17 markers ar4e coded as
Marker 1 to Marker 17. Course names are replaced with
generic code as Course 1 to Course 37.

C. Stage 3: Data Analysis

With the selected courses and markers we have conducted
three distinct analyses to understand the variations among
assessment outcomes. The key objective of these analyses is to
identify the bias in marking and perform some quantification of
the variation.

1) Course specific data analysis: The marks given by the
markers in a particular course is analysed to observe the
marking trends of each individual markers. Trend comparison
between markers, and trend comparison between individual
maker and overall class trend shows the existence of bias.
Although the results would be influenced by the student cohort
each marker marks, with random student allocation the effect
can be assumed evenly distributed. With large student cohorts
the trends tend to indicate the general leniency/toughness
pattern of any individual marker.



2) Marker specific data analysis: To understand inherent
marking consistency of an individual marker, in this analysis
several courses marked by same marker is used. Multiple
courses and same course in different semesters are considered
for analysis where courses are marked by the same marker.

3) Student data analysis: In this analysis the performance
trend of a student cohort is compared with the marking trend of
a marker for the same cohort. This analysis shows if there is
any significant change in student performance trend for the
specific marker.

Il. RESULTS & DISCUSSIONS

A. Results for General Statistic

In order to understand the variability in marking we
analysed the basic statistics for the selected 37 courses. We
calculated Range, Quartiles, Inter quartile range (IQR),
Median, Mean, Standard deviation and Coefficient of variation.
As summarized in Table 1, we observed wide range of
variation among markers in different subjects.

TABLE I. OVERALL VARIABILITY STATISTICS
General statistics on Varlatlogvzzrp?r?eggn;acl(')laerl'ssesbserved
variability

Range Up to 70%
Qualtile 1 Up to 15%
Quartile 3 Up to 20%
Median Up to 20%
Inter quartile range (IQR) Up to 50%
Mean Up to 15%
Standard deviation Up to 60%
Coefficient of variation 0

() Up to 50%

The variation in Range has been high but can be attributed
to outlier where students did not perform well or students who
dropped out. The standard deviation variation indicates there is
high variability among markers in some courses. The high
variation in IQR indicates that some markers marked in flatter
manner than others so that students have received average
marks within a narrow band. Although this could be highly
dependent on the student cohort, our observation and analysis
indicates that some markers indeed have a tendency of narrow
band marking highlighting the need for further analysis. The
high variation for the Coefficient of variation (Cv) indicates the
high variability between some markers in several courses. Our
analysis indicates that in all the courses there are variations
between markers highlighting the existence of bias among
markers. Analysis results in next sections provide a better
understanding of the bias among markers.

B. Results for Course Specific Variation

We have completed the trend analysis for 37 courses.
Figure 2 shows the trends for Course 11. We can observe that
the general trend between markers are similar. However,

Marker 8 shows a general tendency of lenient marking
compared to Marker 1 and Marker 4. Similar trends were
observed in a number of courses highlighting the need to
conduct further research how leniency or toughness among
markers introduce bias.

MARKS

STUDENTS
Fig. 2. The trend among 3 markers in Course 11

Several courses showed significantly different trends
among markers. Figure 3 shows a sample of such trends for
Course 30. Marker 7 and Marker 9 have similar trends which
are significantly flatter. On the other hand Marker 3 and
Marker 2 shows similar trend which are vastly different from
Marker 7 and marker 9. On detail analysis it was identified that
Marker 3 is the lecturer for the course and Marker 2 is a very
experienced marker. The corresponding box plot shown in
Figure 4 shows that Marker 7 and marker 9 has very narrow
marking range (IQR) suggesting that due to inexperience these
markers may have given marks in the so called safe range
between 70-85. This identifies the open issue of how
experience affects marker bias. We need further study to find
the extent of impact of experience on marker bias.

The course specific analysis shows the variation among
markers in a course. Following sections shows results
highlighting maker consistency and student performance
aspects of bias.

MARKS

Fig. 3. The trend among 4 markers in Course 30
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Fig. 4. Box plot for Course 30

C. Results for Marker Specific Variations

We have analysed each of the selected 17 markers who
marked more than 3 courses. This analysis is to verify if a
marker is consistent inherently. Results show that the markers
show general inherent consistency over multiple courses.
Although minor variation observed they can be due to several
factors such as course content, study level (undergraduate,
postgraduate) and student cohort performance. Figure 5 shows
the histogram trend for Marker 10. The histogram was based
on the grading scale used by the university. Marker 10 marked
5 courses in 2015. The analysis shows that Marker 10 has been
consistent over multiple courses, hence inherently consistent in
marking. Our analysis with other markers show similar
outcomes.

These results suggests that with marker specific variation
negligible in this study we need to put more focus on the
variations among markers as discussed in earlier section. In the
following section we discuss the results for student cohort
variation to understand the impact of student performances on
marker bias.

Count

Fig. 5. Marker 10 histogram trend for 5 courses

D. Student Cohort variation

The cohort variation is to understand if a student is affected
by being marked by specific marker. The analysis compares
student performances in two different assessment pieces within
a course. As shown in Figure 6 we have compared each
student’s marks in two assessments for Course 22. Close
comparison shows that students' performances in two distinct

assessments were comparable. Although the assessments may
be marked by different or same markers (allocated randomly)
there is no significant variation between most of the students'
performances in two assessments. Figure 7 shows the trends for
the students in Course 22 confirming the finding of Figure 6.
Similar results were observed for 37 other courses. The results
indicate that fluctuations in student performance contributes
very less in student marks variation, thus highlighting the
impact of marker bias in students' marks variation.

=
=

Fig. 7. Trend comparison between results in two assessment of Course 22

IV. CONCLUSIONS

In this study we have conducted objective analysis of marks
variation. The study highlights that consistency of individual
marker and fluctuation of students' performances are weak
factor in marks variation among students in a course. Rather
the marker bias turns out to be the key factor in marks
variation. There is further need for study to scrutinize
individual student performance fluctuations using long tern
performance such as interim GPA to quantify the impact of
student performance on marks variation. The individual marker
consistency requires further study using long term trends of
individual marker over multiple courses.

The study establishes that there is significant impact of
marker bias on marks obtained by students. It also shows that
markers have different marking patterns such as lenient or
tough, experience plays a part in marker bias. This study



identifies significant future study directions to quantify the bias
among markers which can eventually be used to normalize the
variation using comparative scale.
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