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ABSTRACT
At many universities, student evaluations of teaching (SET) are used for
determining promotion, tenure, and other financial benefits for profes-
sors, which gives incentive for them to try to increase their scores.
However, previous research, mainly based on US data, indicates that
SET scores not only depend on teaching effectiveness and quality, but
also on several other factors, most notably on grades. In this study, we
contribute to this stream of literature by investigating the effects of
grade inflation on SET scores using four years of data from two leading
Central European universities. The SET survey is filled out at these uni-
versities after the final grades are known. As a methodological novelty,
we use weighted regression methods (ordinary least squares, two-stage
least squares, fixed effects panel) to account for the differences in class
size. The weighting reflects the importance of the average SET score of
a class on the evaluation of the instructor. Our findings suggest that
increasing the grade of a student by one will cause them to give
approximately 0.2–0.4 higher evaluations for the instructor in the
SET survey.

KEYWORDS
Higher education; grade
inflation; student evaluation
of teaching (SET);
regression analysis

Introduction

Grade inflation refers to the tendency to lower academic requirements and award higher grades
than what students would deserve, based on past requirements. Grade point averages (GPAs) at
universities in the USA have been rising steadily for decades. Rojstaczer (2016) examined data up
to 2013 on a large sample of public and private US universities and observed an increase of
about 0.10–0.15GPA points per decade, with private universities having a steeper slope. At
Harvard University, for example, the percentage of A grades rose from 22% in 1966 to 46% by
1997 (Wilson 1999), which resulted in 91% of the 2001 class graduating with honours (Healy
2001). Although the magnitude of grade inflation appears to be more significant in private, for-
profit universities (Baird, Carter, and Roos 2019), it is also observable in public schools. Eiszler
(2002) studied two decades of data at a public university in the Midwestern US and found that
the percentage of students expecting A grades trended upward noticeably. Universities have
been raising the minimum GPAs needed for honours each year, in an effort to combat grade
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inflation, but nearly half of students in 2017 still graduated with honours at universities such as
Princeton, the University of South Carolina and many others (Korn 2018).

Grade inflation causes grade compression at the upper end of the distribution, which makes
it more difficult for top students to stand out. Workplaces may rely on grades to help distinguish
skilled students, but due to grade inflation and compression, they do not have sufficient clarity
when hiring. This hinders the potential productivity of a company and decreases the incentives
for students to study hard in hopes of getting hired to the best companies (Schwager 2012;
Nordin, Heckley, and Gerdtham 2019).

The exact causes of grade inflation are highly debated. Winzer (2002) argues that multiple fac-
tors simultaneously lead to the increase in grades, such as institutional changes, changes in stu-
dent demographics (e.g. student entitlement mindset, increase in the ratio of female students
and adult learners), the shift of students’ majors from low to high grading departments, blurring
of the faculty-student relationship, and curriculum changes.

On the other hand, many believe that the growing social and economic relevance of student
evaluation of teaching (SET) scores may be one of the leading factors contributing to the grade
inflation phenomenon (Isely and Singh 2005; Nowell 2007; Love and Kotchen 2010; Jewell,
McPherson, and Tieslau 2013). Student evaluation of teaching rose to prominence in the late
twentieth century to monitor the performance of professors. In 20 years, the percentage of uni-
versities collecting student evaluations in the USA grew from 29% in 1973 to 86% in 1993
(Seldin 1998). Today, they are used in an overwhelming majority of higher education institutions
and many universities rely heavily on SET scores for deciding tenures, promotions and other
financial benefits.

Despite its widespread usage, the accuracy of SET scores in determining instructor quality is
heavily debated. Academically irrelevant instructor characteristics such as gender, age, and phys-
ical attractiveness have shown varying levels of correlation with SET scores in multiple studies
(Boring, Ottoboni, and Stark 2016; Boring 2017; Hornstein 2017). Youmans and Jee (2007)
observed that giving chocolate to students before filling out the SET questionnaire resulted in
substantially higher scores than the control group. Class characteristics, such as the discipline,
course credit, and class size can also influence SET scores. Multiple studies have observed that a
larger class size negatively affects SET scores (Andrade and Rocha 2012; Ewing 2012; Cho and
Cho 2017). In contrast to previous studies, Park and Dooris (2020) showed using a decision tree
analysis that the SET instrument has criterion and discriminant validity since course grading poli-
cies and the instructor’s gender or race/ethnicity have little effect on the SET scores.

On the other hand, some articles even question whether SET scores reflect teaching effective-
ness at all (Alauddin and Kifle 2014; Hornstein 2017). Ware and Williams (1975) conducted a fam-
ous experiment where an actor, Michael Fox, was coached to give a presentation full of
contradictory statements in an enthusiastic manner. The actor received evaluations that were
just as high as an actual professor who gave a logical presentation. This phenomenon was later
called the ‘Dr Fox Effect’. Andrade and Rocha (2012) found that instructors at a Brazilian univer-
sity who had participated in training programs to improve their quality of teaching did not
receive noticeably higher SET scores.

One of the reasons behind the difficulty of assessing and accepting bias in SET scores is the
variety of methods and questions used to compile them at different institutions. Most univer-
sities use multidimensional SETs, but there is no clear consensus on what exact number and
nature of questions provide the highest construct-related validity (Spooren, Brockx, and
Mortelmans 2013). Another possible discrepancy is that mandatory SETs encourage rushed, less
serious responses from students, while non-mandatory SETs have a lower response rate, and
may yield a non-representative pool of student participants (Arthur 2020). The choice of online
or paper-based surveys can also affect the response rate of students (Nowell, Gale, and Handley
2010; Spooren, Brockx, and Mortelmans 2013).
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However, a factor that is considered to influence SET scores significantly is the grade given to
the student by the instructor. At many universities, SETs are filled out before receiving final grades,
and so the SET score is influenced by the expected grade. At some other universities, like the ones
studied in this paper, the actual grade can influence SET scores as students fill out the surveys
after receiving their final grades. It is theorised that some instructors have been giving increasingly
higher grades to students in hopes that they receive higher SET scores in exchange.

The fact that at many universities SET scores play an important role in determining promotions,
tenures, and other financial benefits gives instructors a clear incentive to try to raise their SET
scores. However, instead of improving their teaching effectiveness, professors may be tempted to
give better grades or lower academic standards in the hope of less critical evaluations from stu-
dents. Students need high grades to qualify for scholarships and to get hired for well-paying jobs.
Thus, they may reward their instructors with higher SET scores if they received a good grade or
take revenge by giving a low SET score if they received a bad grade, even if it accurately reflected
their knowledge of the subject. Many believe that this conflict of interest is a leading reason
behind the trend of grade inflation and lowering academic standards in many universities (Isely
and Singh 2005; Nowell 2007; Love and Kotchen 2010; Jewell, McPherson, and Tieslau 2013).

As a result, the relationship between SET scores and grade inflation has become a significant
topic of interest for researchers, with several studies showing strong positive correlation between
the SET score given by a student and the grade received from the instructor (Isely and Singh
2005; Nowell 2007; McPherson, Jewell, and Kim 2009; Ewing 2012). Yet, it is difficult to assess
whether higher grades are due to grading leniency, or due to actual teaching effectiveness. If
SET scores are accurate, then students attending a skilled professor’s class would give high SET
scores and perform better on tests, even without any grading leniency. Although it is popularly
believed that student evaluations contribute to grade inflation, there is no clear consensus on
the exact effects, or how accurate SET scores are, in general.

Certain studies have attempted to quantify the bias of SET scores. Ewing (2012) showed on
data from the University of Washington that an increase of one grade raises SET scores by
around 0.3 to 0.7, depending on the department. Most of the studies on the relationship
between SET score and grade inflation have been conducted on data from US universities.
However, a few studies have been done elsewhere. In South Korea, Cho and Cho (2017) studied
data at the Sungkyunkwan University after a system error resulted in a random selection of stu-
dents having access to their grades before submitting an instructor evaluation. In Australia,
Davies et al. (2007) examined eight years of responses and assessed the quantitative importance
of variables outside the instructor’s control on SET scores. Bauer and Grave (2011) showed that
although German universities have begun to receive indicator-based funding, the reforms have
not caused significant grade inflation. The importance of student evaluation has been high-
lighted in a few Hungarian studies as well: T�oth et al. (2013) identified the satisfaction factors of
students from Budapest University of Technology and Economics.

Our goal with this paper is to study the effects of grade distribution on SET scores using four
years of data from two leading Hungarian higher education institutions and evaluate the results
in comparison to existing literature. The main estimation methods used in this paper include
ordinary least squares (OLS) regression, two-stage least squares (TSLS) regression with an instru-
mental variable chosen to account for the endogeneity of the received grade variable, and fixed
effects (FE) panel regression.

Our paper contains three novel elements compared to prior research in this domain. First, as
a methodological improvement, we use weighted regression methods to accommodate the dif-
fering course sizes and that larger courses are more important in terms of SET scores for the
instructors. Second, to the best of our knowledge, this is the first study of this nature from
Central Europe, where tertiary education was significantly improved in the past decades and is,
therefore, attracting more and more international students (OECD 2019). Third, our data are also
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unusual because at the universities in our sample students fill out their SET survey after receiving
their grades, while US students generally have to fill them out before.

Data overview

The data used in this study is obtained from the official registers of Budapest University of
Technology and Economics (BME) and Corvinus University of Budapest (CUB). For both univer-
sities, the data include all faculties.

Grading data are available from the transcripts on a student level. However, student evalu-
ation is anonymous at both universities, therefore, only section level averages are available, and
these are used to assess the performance of the instructor. These section level averages were
used in this study. For every section in the database, section, course, and instructor characteris-
tics were collected to enrich the database with several control variables.

Since filling out the SET survey is not mandatory, the use of section level averages means
that the grades of those students are also considered who did not fill out the SET survey. To
mitigate this problem, we filtered out those sections were the response rate of the SET survey
was below 40%.

The SET questionnaire contains several questions at both universities. As regards to CUB, we
calculated the average of the four questions assessing the instructor’s performance during the
class. This average is also used at the university for evaluating and rewarding instructors based
on their performance. Regarding BME, we used the answers for one question corresponding to
the overall performance of the instructor. We calculated an instructor’s SET score for a given sec-
tion by taking the average of all valid responses in that semester. SET scores, similarly to grades,
are measured on a 1–5 scale with higher numbers showing better performance.

Certain students may be used to receiving different grades, and while some students may be
pleased with a 4, other students might be disappointed. Thus, the grade they receive may influ-
ence their evaluations differently, based on their previous academic achievements. The cumula-
tive grade point average (GPA) is a reliable and up-to-date measure of student abilities (Isely and
Singh 2005). To take this effect into account, we used the difference between the grade and the
cumulative GPA as the variable of interest in our study. The cumulative GPA is calculated includ-
ing all courses up to the semester in question.

Relative grade shows how much higher the grade from the given course was compared to
the previous grades received by the same students. This variable aims to capture the magnitude
of grading leniency in a given section. Relative grade can also take larger negative values if the
students received much lower grades than their GPA.

Data were collected for eight consecutive semesters at both universities. It ranged from aca-
demic year 2013/2014 to academic year 2016/2017 at BME and from academic year 2014/2015 to
academic year 2017/2018 at CUB. The difference is caused by the SET system changing at BME in
2017 and at CUB in 2013. The current dataset is therefore free from any systematic changes.

After transforming and combining all the data we received 50,377 semester-course-section-
instructor combinations for CUB and 49,065 for BME. However, many observations were deleted
due to the very low number of students or very low response rates to SET questionnaires. To
summarise, we kept rows that satisfied the following criteria:

� at least 5 valid SET evaluations;
� response rate of the SET questionnaire is at least 40% of the section size, to ensure that the

responses are somewhat representative of the entire section;
� the course credit value is between 2 and 9 (i.e. these are regular courses, not for e.g. internships);
� the course requires the instructor to assign a grade at the end of the course, instead of just

passing or failing students.
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The intersection of these filters resulted in a total of 13,863 semester-course-section-instructor
combinations for CUB and 8,646 for BME, which is the final dataset used for the analyses. Most
of the dropped observations came from non-full-time training, PhD programs, graded internships
and non-core courses (e.g. physical education).

Table 1 shows descriptive statistics on the numerical variables, while Tables 2 and 3 summar-
ise the descriptives on the instructor and section-specific factors. For instructor characteristics,
we use gender, age, and rank. Instructor ranks were grouped into five categories: ‘Level1’,
‘Level2’, ‘Level3’, ‘Level4’, and ‘Other’. The ‘Other’ category mainly contains specific instructors
that are outside of the university ranking system such as language teachers, technical instructors
and guest lecturers. The levels roughly correspond to PhD students or assistant lecturers, assist-
ant professors, associate professors and university professors.

Methodology

Our main goal is to evaluate the relationship between SET scores and grading and filter out the
effect of teaching effectiveness from this relationship. Therefore, we can measure the pure
impact of grade on SET scores. As a preliminary step, the plot of SET scores against relative
grades is visible in Figure 1. This shows a clear correlation between the two variables.

To control for multiple variables and account for endogeneity, we first test OLS regression,
but that may yield biased results, due to unobserved teaching effectiveness. To account for this
endogeneity, we also use fixed effects (FE) model, and two-stage least squares (TSLS) regression
with a properly chosen instrumental variable.

Each data point in the regressions is a semester-course-section-instructor combination, which
is the granularity level available for SET evaluations. As a methodological novelty, these data
points in all the regression models are weighted with the number of students in the given sec-
tion divided by the number of instructors in the given section. Hence, this measures the number
of individual level data points used for calculating section level averages. In this way sections
with higher number of students will influence the regression results more compared to those
sections with few students. This reflects reality as the SET scores for the instructors are calculated
by taking all the individual answers into consideration. Moreover, weighted regressions can also
mitigate the problem of using section level averages instead of individual student data.
Additionally, standard errors are clustered on instructor level in all the regressions to account for
the instructors’ individual grading habits.

Ordinary least squares

Ordinary least squares (OLS) regression requires the estimation of Equation (1):

SETi, t ¼ b0 þ b1 � RelGradei, t þ ‍b � Xi, t þ st þ ei, t , (1)

where t denotes different semesters, while i denotes the individual section-instructor combina-
tions within a given semester. b1 is the coefficient of interest showing the effect of the relative

Table 1. Section average statistics for numerical variables.

Variable University Mean Median Min Max SD

SET BME 4.09 4.21 1.11 5.00 0.62
CUB 4.21 4.38 1.33 5.00 0.61

Relative grade BME 0.13 0.10 –2.12 2.71 0.64
CUB –0.09 –0.02 –3.90 1.56 0.69

Response rate BME 0.54 0.52 0.40 1.00 0.11
CUB 0.70 0.71 0.40 1.00 0.16

Credits BME 3.80 4.00 2.00 9.00 1.29
CUB 4.59 5.00 2.00 9.00 1.03
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grade (RelGrade) on SET scores. Xi, t contains all the section- and instructor-specific control varia-
bles specified in Tables 1–3. Finally, st and ei, t refer to the semester fixed effect and the idiosyn-
cratic error term. For nominal variables, the reference level is always the one mentioned earlier
in Table 2 or 3.

The semester fixed effects (st) capture the effects of any factors that are fixed within a given
semester. This can mean the difference between fall and spring semesters, a new rule applied to
the university, or a cohort of newly registered students with different abilities in all classes.

Two-stage least squares

The regression specified in Equation (1) suffers from the problem that an important variable,
teaching effectiveness, is left out since it is unobservable. We can assume that this is a positive
relationship as better instructors should receive better evaluations. However, teaching effective-
ness also influences grade (and thus relative grade); therefore, leaving out teaching effectiveness
from the equation can cause an omitted variable bias. The instrumental variable approach pro-
vides a potential way to treat this problem.

Ewing (2012) proposed an instrumental variable to be the average grade in all other sections
of the same course, not taught by the given instructor. Following this logic, we decided to

Table 2. Section specific descriptives.

Factor Values Frequency (BME) Frequency (CUB)

Section type Lecture 49% 31%
Practice 51% 69%

Requirement Mid-year mark 51% 29%
Exam mark 49% 71%

Section level Undergraduate 73% 63%
Graduate 23% 35%
Other 5% 2%

Semester 2013/14/1 17% –
2013/14/2 17% –
2014/15/1 18% 10%
2014/15/2 10% 10%
2015/16/1 15% 12%
2015/16/2 9% 12%
2016/17/1 7% 14%
2016/17/2 7% 12%
2017/18/1 – 16%
2017/18/2 – 14%

Variable University Mean Median Min Max SD

Section Size BME 53 29 5 708 74
CUB 45 32 5 818 57

Table 3. Instructor specific descriptives.

Factor Values Frequency (BME) Frequency (CUB)

Instructor rank Level1 19% 19%
Level2 25% 28%
Level3 31% 27%
Level4 7% 8%
Other 18% 19%

Instructor gender Male 81% 42%
Female 19% 58%

Variable University Mean Median Min Max SD

Age BME 46 44 20 88 13
CUB 43 41 19 87 11
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choose the instrumental variable to be the average relative grade in all other sections of the
same course, with the same section type, where the given instructor is not among the list of
instructors.

This instrumental variable is naturally independent of the teaching effectiveness of the given
instructor as it contains grades received in other sections not taught by the given instructor. The
grades given by other instructors should not tell us anything about the teaching effectiveness of
the given instructor, and so we can assume that the correlation is zero. However, the proposed
instrumental variable correlates with relative grade mainly due to the difficulty of the underlying
course, the similarities in the curriculum, etc.

The endogenous variable and the instrumental variable are indeed correlated, with a Pearson
correlation coefficient of 0.82 for BME and 0.86 for CUB. This is further reinforced by all the first
stage regressions showing highly significant parameters after controlling for the other independ-
ent variables. After an adequate instrumental variable was chosen, two stage least squares
method was used for estimation.

The TSLS method can deal with the omitted variable bias; however, the sample size will be
significantly lower. In this case, we can only include those sections where there were other sec-
tions belonging to the same course taught by other instructors. This reduces the sample size to
3,638 and 6,376 for BME and CUB, respectively.

Fixed effects panel model

Another way to account for unobserved teaching effectiveness is to use a fixed effect (FE) panel
model. The FE model is an OLS regression that accounts for all the effects that are constant in
time by introducing indicator variables for each instructor. We chose not to include a dummy
variable for sections, because we already have multiple section-specific characteristics as con-
trol variables.

Using instructor fixed effects, the model picks up the effects of any instructor related charac-
teristics, that are constant in time, on the dependent variable. Because our period spans only

Figure 1. Correlation between relative grade and SET.
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four years, it is reasonable to assume that general teaching effectiveness is constant for each
instructor during the given time period. Due to the short period, the instructor dummies would
also capture traits such as physical attractiveness and personality, which could not be captured
by the previous methods. However, gender is constant in time, and age does not change signifi-
cantly in four years, so we removed those variables from the regression equation because they
are already captured by the dummy variable for the instructor.

In this regression, b1 would capture the change in SET scores if a given instructor turns more
lenient during the observed four-year time span. Similarly, it would also capture if an instructor
introduced more strict requirements or if the difficulty of the examinations varied from previous
years. To avoid overfitting, we only kept sections taught by instructors who taught at least one
section in at least four semesters during the examined time period. The sample size in this case
was 5,109 and 12,204 for BME and CUB, respectively.

Results and discussion

Figure 2 shows the average grades on a longer time frame. Average grades have been rising at
both universities, with an approximate increase of 0.3 in the last 10 years.

The average grades for fall semesters are slightly lower, which is likely due to new students
mostly joining in September, with poorly performing students dropping out in their
first semester.

We examined the grade distributions for different disciplines. The degree of grade inflation
varies across disciplines but some levels of grade inflation in the last ten years could be
observed in most.

Table 4 contains the estimation results of the OLS regressions. We ran the regression on all
data points of both universities and then restricted our samples for the different disci-
plines (faculties).

The OLS regression estimate for the coefficient of relative grade on the entire dataset is 0.314
for BME and 0.289 for CUB with high significance. This implies that, with all other factors fixed,

Figure 2. Average grades at the universities analysed.
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an instructor lowering requirements and giving their students one grade higher would increase
their SET scores by roughly 0.3 on average. It is important to note that this coefficient might be
biased due to omitting teaching effectiveness as explained earlier.

When looking at the disciplines separately, the coefficient of relative grade is the highest for
natural sciences (0.470), but the estimate for all other disciplines ranges from 0.25 to 0.35. The
lowest is for engineering. The Faculty of Natural Sciences teaches several compulsory calculus
courses to thousands of engineering students. These courses have a reputation for having strict
requirements and failing a significant number of students each year. The average grade for
courses taught by the faculty is significantly lower; thus, it is understandable that students in
these courses have a higher appreciation for grading leniency.

CUB data show that the effect of grade on SET scores is similar in the Faculties of Economics
and Business, and Social Sciences. CUB results are the closest to the results of the Faculty of
Economics and Social Sciences of BME. This shows that students studying the same disciplines
behave similarly, strengthening our results and improving their general applicability.

Table 5 shows the estimation results for the TSLS regressions. After adjusting for the endoge-
neity of the relative grade variable, the TSLS regression estimate shows a coefficient of 0.291 for
BME with high significance, which is close to the estimate of the OLS regression. According to
the Wu–Hausman endogeneity test, OLS is not biased, so it can be used as an efficient estimator
in the case of BME. Due to the lack of more than one section in several courses, absolute sample
sizes are much lower than for OLS. This is especially problematic for the Faculties of Natural
Sciences, and Economics and Social Sciences. TSLS coefficients are rather high in these cases;
however, these might not be representative for the entire faculty as the sample size is lower by
59% and 78% compared to OLS, respectively.

The estimated coefficient of CUB (0.211) shows a somewhat lower relationship; nevertheless,
it is still highly significant. Results by faculty are very similar to the overall results, however, it is
only significant for the Faculty of Economics and Business. This might be due to the relatively
low sample size (only around 1,000 and 66% lower compared to OLS) of the Facutly of Social
Sciences. Endogeneity test results indicate a significant difference between OLS and TSLS results,
i.e. omitted variable bias is confirmed for CUB. This suggests that leaving teaching effectiveness
out of the analysis is biasing results for some universities, but not for all.

The results of the fixed effects (FE) regressions can be seen in Table 6. Sample sizes are closer
to the OLS ones in this case. The coefficient of relative grade estimated by the FE regression is
slightly less than the OLS one, but still above 0.2 for both universities. Similarly to the previous
regressions, we can also observe here that the estimate for the Faculty of Natural Sciences at
BME (0.362) is the highest, but the estimates for all the disciplines are highly significant and
close to each other. Interestingly, CUB results indicate identical impact of grade on SET scores
(0.228) as BME results (0.229). Additionally, results are close to the TSLS results indicating that
using instructor fixed effects we can also control for unobserved teaching effectiveness; i.e. it is
constant in time once a shorter time frame is considered.

Using any of the three regression methods, the effect of relative grade on SET scores for both
universities is estimated to be around 0.2–0.4. OLS results seemed to be biased in some cases.
TSLS and FE results show a generally lower effect; however, the difference in not major from a
policy perspective. This is in line with most of the results observed in other studies.

An unusual feature of our study is that at the universities in our sample students fill out eval-
uations after receiving their final grades. At other universities student evaluations are filled out
before receiving a grade. Therefore, the majority of studies has used expected grade. Ewing
(2012) estimated the coefficient for the relative expected grade to be 0.237 using fixed effects,
and 0.325 using OLS regression. McPherson, Jewell, and Kim (2009) used a random effects model
and arrived at a coefficient of 0.271 for their expected grade variable on principles courses, using
data from the University of North Texas. Langbein (2008) estimated a 0.57 expected grade
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Ta
bl
e
5.

TS
LS

re
gr
es
si
on

re
su
lts
.

Va
ria
bl
es

BM
E
(a
ll
fa
cu
lti
es
)

BM
E

(N
at
ur
al
Sc
ie
nc
es
)

BM
E
(E
ng

in
ee
rin

g)

BM
E
(E
co
no

m
ic
s

an
d

So
ci
al
Sc
ie
nc
es
)

CU
B
(a
ll
fa
cu
lti
es
)

CU
B

(S
oc
ia
lS

ci
en
ce
s)

CU
B
(E
co
no

m
ic
s

an
d
Bu

si
ne
ss
)

Re
la
tiv
e
gr
ad
e

0.
29
1�
��

(0
.0
84
)

0.
56
9�
� (

0.
25
1)

0.
18
6�

(0
.1
02
)

0.
42
0�
��

(0
.0
92
)

0.
21
1�
��

(0
.0
49
)

0.
19
3
(0
.1
39
)

0.
19
9�
��

(0
.0
51
)

Re
sp
on

se
ra
te

0.
08
4
(0
.1
99
)

–0
.4
61

(0
.3
81
)

0.
29
1
(0
.2
12
)

–0
.3
30

(0
.3
10
)

0.
25
5�
� (

0.
11
8)

0.
24
1
(0
.1
64
)

0.
29
7�
� (

0.
13
0)

Co
ur
se

cr
ed
its

0.
07
1�
��

(0
.0
20
)

0.
04
2
(0
.0
39
)

0.
08
6�
��

(0
.0
24
)

0.
12
9�

(0
.0
68
)

0.
05
5�
� (

0.
02
4)

0.
00
9
(0
.0
33
)

0.
07
5�
� (

0.
03
2)

Ex
am

m
ar
k

0.
15
8�
� (

0.
07
0)

0.
19
6
(0
.1
32
)

0.
13
0�

(0
.0
71
)

0.
21
2�
� (

0.
08
3)

–0
.0
13

(0
.0
52
)

0.
01
5
(0
.1
35
)

0.
02
9
(0
.0
59
)

Pr
ac
tic
e
se
ct
io
n

0.
15
5�
� (

0.
06
8)

0.
01
1
(0
.1
64
)

0.
30
4�
��

(0
.1
09
)

0.
04
2
(0
.1
12
)

–0
.2
97
��
� (

0.
10
0)

–0
.1
53

(0
.2
06
)

–0
.2
35
��

(0
.1
02
)

Le
ve
l:
G
ra
du

at
e

0.
00
1
(0
.1
07
)

0.
00
3
(0
.1
72
)

0.
05
1
(0
.0
81
)

0.
55
8�
��

(0
.1
83
)

0.
03
8
(0
.0
45
)

–0
.2
00
� (

0.
10
3)

0.
06
8
(0
.0
49
)

Le
ve
l:
O
th
er

0.
18
8�
� (

0.
07
5)

–
0.
17
8�
� (

0.
07
5)

0.
07
2
(0
.1
12
)

0.
27
2�

(0
.0
47
)

–
0.
31
9�
� (

0.
14
9)

Lo
g(
se
ct
io
n
si
ze
)

–0
.0
34

(0
.0
35
)

–0
.0
93

(0
.0
71
)

0.
04
7
(0
.0
52
)

–0
.1
45
��
� (

0.
05
1)

–0
.1
25
��
� (

0.
04
7)

–0
.1
57
� (

0.
08
9)

–0
.0
90
� (

0.
04
7)

In
st
ru
ct
or

ra
nk
:L
ev
el
2

0.
03
1
(0
.0
74
)

–0
.3
51
��

(0
.1
66
)

0.
06
8
(0
.0
73
)

–0
.0
39

(0
.1
48
)

–0
.0
61

(0
.0
70
)

–0
.2
86
��
� (

0.
10
5)

–0
.0
25

(0
.0
75
)

In
st
ru
ct
or

ra
nk
:L
ev
el
3

0.
03
4
(0
.1
01
)

0.
01
0
(0
.1
77
)

–0
.0
09

(0
.1
06
)

0.
62
8�
��

(0
.1
52
)

–0
.0
25

(0
.0
84
)

–0
.3
18
��

(0
.1
38
)

0.
01
9
(0
.0
93
)

In
st
ru
ct
or

ra
nk
:L
ev
el
4

0.
48
3�

(0
.2
50
)

0.
52
3�
��

(0
.1
82
)

0.
45
2�

(0
.2
47
)

0.
26
6
(0
.1
67
)

–0
.2
07
� (

0.
10
7)

–0
.5
30
��

(0
.2
14
)

–0
.1
39

(0
.1
15
)

In
st
ru
ct
or

ra
nk
:O

th
er

–0
.0
87

(0
.0
74
)

–0
.1
41

(0
.1
35
)

–0
.0
76

(0
.0
82
)

–0
.1
32

(0
.1
11
)

–0
.0
17

(0
.0
69
)

–0
.2
76
��
� (

0.
06
6)

–0
.0
43

(0
.0
90
)

Fe
m
al
e
in
st
ru
ct
or

0.
04
0
(0
.0
74
)

0.
15
0
(0
.1
18
)

–0
.0
07

(0
.1
10
)

–0
.3
79
��

(0
.1
47
)

0.
06
1
(0
.0
61
)

–0
.0
64

(0
.0
73
)

0.
05
9
(0
.0
68
)

In
st
ru
ct
or

ag
e

–0
.0
27

(0
.0
20
)

0.
01
6
(0
.0
30
)

–0
.0
34

(0
.0
22
)

–0
.0
05

(0
.0
32
)

0.
03
4�

(0
.0
20
)

0.
03
6
(0
.0
24
)

0.
02
8
(0
.0
25
)

In
st
ru
ct
or

ag
e
sq
ua
re
d

0.
00
0
(0
.0
00
)

–0
.0
00

(0
.0
00
)

0.
00
0
(0
.0
00
)

–0
.0
00

(0
.0
00
)

–0
.0
00
4�
� (

0.
00
02
)

–0
.0
00

(0
.0
00
)

–0
.0
00

(0
.0
00
)

R2
0.
19
8

0.
27
4

0.
17
9

0.
59
3

0.
17
5

0.
19
0

0.
17
1

Fi
rs
t
st
ag
e
F–
te
st

5,
09
2.
23

25
7.
03

4,
11
9.
21

10
6.
04

1,
38
9.
42

97
.7
1

1,
23
9.
43

N
um

.o
bs
.

3,
63
8

66
4

2,
69
1

28
3

6,
37
6

1,
14
7

5,
22
9

N
ot
es
:A

ll
re
gr
es
si
on

s
co
nt
ai
ne
d
an

in
te
rc
ep
t
an
d
se
m
es
te
r
fix
ed

ef
fe
ct
s.
Cl
us
te
r
ro
bu

st
st
an
da
rd

er
ro
rs

ar
e
in

pa
re
nt
he
se
s.
Si
gn

ifi
ca
nc
e
le
ve
ls
:�

��
p
<
0.
01
;�

� p
<
0.
05
;�

p
<
0.
1.

ASSESSMENT & EVALUATION IN HIGHER EDUCATION 11



Ta
bl
e
6.

Fi
xe
d
ef
fe
ct

re
gr
es
si
on

re
su
lts
.

Va
ria
bl
es

BM
E
(a
ll
fa
cu
lti
es
)

BM
E

(N
at
ur
al
Sc
ie
nc
es
)

BM
E
(E
ng

in
ee
rin

g)

BM
E
(E
co
no

m
ic
s

an
d

So
ci
al

Sc
ie
nc
es
)

CU
B
(a
ll
fa
cu
lti
es
)

CU
B

(S
oc
ia
lS

ci
en
ce
s)

CU
B
(E
co
no

m
ic
s

an
d
Bu

si
ne
ss
)

Re
la
tiv
e
gr
ad
e

0.
22
9�
��

(0
.0
26
)

0.
36
2�
��

(0
.0
90
)

0.
21
2�
��

(0
.0
26
)

0.
19
7�
��

(0
.0
58
)

0.
22
8�
��

(0
.0
18
)

0.
21
3�
��

(0
.0
29
)

0.
23
4�
��

(0
.0
22
)

Re
sp
on

se
ra
te

0.
02
3
(0
.0
83
)

0.
16
5
(0
.1
69
)

0.
05
5
(0
.1
05
)

–0
.3
59

(0
.1
96
)

–0
.1
55
��
� (

0.
04
9)

–0
.0
77

(0
.0
90
)

–0
.1
76
��
� (

0.
05
6)

Co
ur
se

cr
ed
its

0.
01
5
(0
.0
13
)

0.
07
0�

(0
.0
27
)

0.
00
5
(0
.0
16
)

–0
.0
03

(0
.0
22
)

0.
01
3
(0
.0
08
)

0.
01
4
(0
.0
11
)

0.
01
2
(0
.0
11
)

Ex
am

m
ar
k

0.
03
8
(0
.0
30
)

0.
07
1
(0
.0
99
)

0.
04
4
(0
.0
35
)

–0
.0
37

(0
.0
65
)

0.
05
0�
� (

0.
02
3)

0.
04
9
(0
.0
39
)

0.
04
5
(0
.0
28
)

Pr
ac
tic
e
se
ct
io
n

0.
02
8
(0
.0
22
)

0.
09
6
(0
.0
56
)

–0
.0
08

(0
.0
32
)

0.
03
6
(0
.0
37
)

–0
.0
64
��
� (

0.
01
3)

–0
.1
10
��
� (

0.
02
5)

–0
.0
41
��
� (

0.
01
5)

Le
ve
l:
G
ra
du

at
e

0.
03
0
(0
.0
33
)

0.
06
9
(0
.1
12
)

0.
03
9
(0
.0
43
)

0.
00
9
(0
.0
50
)

0.
05
7�
� (

0.
02
4)

–0
.0
11

(0
.0
42
)

0.
08
2�
��

(0
.0
29
)

Le
ve
l:
O
th
er

0.
07
2
(0
.0
56
)

0.
43
5�
��

(0
.0
95
)

0.
01
1
(0
.0
95
)

0.
11
0
(0
.0
68
)

0.
15
4�
��

(0
.0
57
)

–0
.2
49

(0
.1
58
)

0.
20
3�
��

(0
.0
57
)

Lo
g(
se
ct
io
n
si
ze
)

–0
.0
93
��
� (

0.
01
5)

–0
.0
75

(0
.0
42
)

–0
.1
10
��
� (

0.
02
0)

–0
.0
78
��
� (

0.
02
2)

–0
.0
91
��
� (

0.
01
1)

–0
.1
18
��
� (

0.
02
1)

–0
.0
80
��
� (

0.
01
3)

In
st
ru
ct
or

ra
nk
:L
ev
el
2

0.
05
4
(0
.0
55
)

–0
.1
72

(0
.2
05
)

0.
10
9
(0
.0
92
)

0.
04
9
(0
.0
68
)

0.
02
5
(0
.0
40
)

––
0.
02
2
(0
.0
59
)

0.
02
7
(0
.0
43
)

In
st
ru
ct
or

ra
nk
:L
ev
el
3

0.
10
7
(0
.0
79
)

–0
.0
68

(0
.2
30
)

0.
19
4
(0
.1
24
)

–0
.0
36

(0
.1
09
)

0.
00
5
(0
.0
61
)

0.
00
5
(0
.0
87
)

0.
00
3
(0
.0
71
)

In
st
ru
ct
or

ra
nk
:L
ev
el
4

0.
13
8
(0
.0
93
)

–0
.1
66

(0
.2
26
)

0.
26
5�

(0
.1
35
)

–
–0
.0
59

(0
.0
85
)

–0
.2
31
� (

0.
12
6)

–0
.0
00
2
(0
.0
81
)

In
st
ru
ct
or

ra
nk
:O

th
er

–0
.1
36

(0
.0
87
)

–0
.3
18

(0
.2
20
)

–0
.1
87

(0
.1
37
)

0.
03
2
(0
.0
97
)

–0
.1
18
� (

0.
06
3)

–0
.1
61
��

(0
.0
66
)

–0
.1
16

(0
.0
72
)

R2
0.
80
2

0.
79
7

0.
81
4

0.
78
0

0.
73
2

0.
73
5

0.
73
5

N
um

.o
bs
.

5,
10
9

87
6

3,
41
4

81
9

12
,2
04

2,
98
7

9,
21
7

N
ot
es
:A

ll
re
gr
es
si
on

s
co
nt
ai
ne
d
se
m
es
te
r
an
d
in
st
ru
ct
or

fix
ed

ef
fe
ct
s.
Cl
us
te
r
ro
bu

st
st
an
da
rd

er
ro
rs

ar
e
in

pa
re
nt
he
se
s.
Si
gn

ifi
ca
nc
e
le
ve
ls
:�

��
p
<
0.
01
;�

� p
<
0.
05
;�

p
<
0.
1.

12 Z. BEREZVAI ET AL.



coefficient using fixed effects method; however, their SET system uses a 6-point scale, which is
part of the reason why their coefficient is larger.

The fact that we see little difference in the magnitude of the effect of grade on SET scores in
our sample compared to related studies despite the difference in the timing of the teaching
evaluation suggests that timing has little effect since students can efficiently predict their grades.
This could be due to coursework gaining popularity at universities. Another possible explanation
could be that US students are more obsessed with their grades and the higher appreciation for
grading leniency leads to a high effect even if they are not aware of their actual grade
(Thomas 2011).

It is also worth observing the importance of the control variables. Response rate seems to be
insignificant in all models for BME, but it is quite significant for CUB in the TSLS and FE models.
However, the response rate is much higher on average at CUB (Table 1).

Section size seems to have a very significant, increasingly negative impact on the SET score at
both universities based on the TSLS and FE models. This suggests that after controlling for teach-
ing effectiveness, larger section size decreases the quality of teaching. This is in line with results
from multiple studies, such as Langbein (2008), Ewing (2012) and Cho and Cho (2017), who also
found that the class size and enrolment rate have a negative impact on evaluation scores. This
result is as expected because larger classes are more difficult to teach and instructors with larger
sections cannot establish a personal connection with each student which would likely result in
better evaluations.

The credit value of the course is positively impacting SET scores; however, the results are
often not significant. This could be because students put more effort into more important
courses; hence, they pay more attention to the instructor that could enhance their evaluation of
the instructor. However, practice sections, where the number of students is normally lower and
instructors can better provide individual support for students, are having a negative impact on
SET scores at CUB. This could be connected to enhanced expectations towards the instructors in
terms of individual support and help. On the contrary, at the engineering faculties of BME, the
effect of the practice section is positive. One reason could be that engineering students are
more practical in general and, therefore, they may prefer practical courses over theoretical ones.

Surprisingly, gender, age, and university rank are not significant in the majority of the regres-
sions indicating that demographic factors are not affecting SET scores in Hungary.

Conclusion

We studied the effect of grades on the evaluation of the instructor given by the students in the
SET survey in case of two leading Hungarian universities. Our paper is the first that applied
Central European data to analyse this phenomenon. This region is growing in importance in glo-
bal higher education with more and more local and foreign students starting university studies
(OECD 2019). A specialty in the dataset is that SET surveys are filled out at both universities after
the grades are known.

We used three different estimation methods (OLS, TSLS and FE) with cluster robust standard
errors and weighting with section size to get robust and reliable estimates.

As a limitation of the study, due to the anonymity of the SET surveys, we had to use section
level average data instead of individual data. This can cause a problem if highly satisfied or dis-
satisfied students fill out the SET surveys more likely than others. However, to minimise the
impact of this on the results, sections with low SET response rates were eliminated as the bias
can be more present in those cases. Furthermore, the weighted regression methodology can
also help to overcome this problem as it places more importance on large sections. Finally, sev-
eral other studies (e.g. Langbein 2008; Ewing 2012) aggregated the individual data on section
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level, therefore, our approach is in line with them. Therefore, we believe that it is not biasing
our results materially.

From the results of each of the three regression models, we can conclude that grading leni-
ency does indeed have a significant impact on SET scores at both universities. Our results
showed that, on average, increasing the grade of a student by one will cause them to give
approximately 0.2–0.4 higher evaluations on the SET survey for the given instructor. This means
that instructors are able to buy better evaluations with lenient grading. However, it does not
imply that instructors purposely apply grading leniency to increase their SET scores, it only esti-
mates how easy it would be to do so if they chose to attempt it.

Results are similar in magnitude to the findings of previous studies despite the majority of
these studies using expected grade as the final grade was not known by the students at the
time they filled out the SET survey. However, in the US, coursework constitutes an important
part of the evaluation, therefore, students know several elements of their grades already. This
can constitute the basis for their estimate of the expected grade. Our findings, therefore,
reinforce that the bias in SET scores is present regardless of the timing of the survey.

Our results also suggest that the SET results in Central Europe could be biased similarly to
evaluation results around the world. There can be several ways to overcome this bias. Other
articles have suggested various methods involving adjusting the SET scores with a function of
the grade average in the class (Ewing 2012), or student GPA (Koper et al. 2015), and controlling
for class and faculty characteristics (Zangenehzadeh 1988). Stark and Freishtat (2014) highlighted
in their review that more emphasis should be placed on teaching portfolios and classroom
observations instead of SET scores.

A potential way to obtain an unbiased SET score would be to subtract 0.3 or 0.4 multiplied
by the difference in course grade average compared to the average grade of all students in the
entire faculty. This would discourage instructors from lenient grading in the hopes of obtaining
higher SET scores. We also believe that an important potential change to the SET survey would
be to include a question that asks students directly to evaluate the magnitude of grading leni-
ency that they experienced, compared to other courses. This would be the first step towards
achieving unbiased SET results and allow the possibility of more direct studies in the future.

Another possible solution can be to put more emphasis on teaching portfolios, classroom
observation and peer-review of teaching suggested by Stark and Freishtat (2014). This is in line
with the practice of the Faculty of Economics and Social Sciences at BME, which has introduced
the use of faculty evaluations of teaching as a more reliable measure of teaching effectiveness
(Andor, T�oth, and �Arva 2018). These evaluations can reassure instructors about their strengths
and help them recognise areas of improvement while providing each other with useful advice.
Moreover, a comprehensive university peer review of teaching programs could also provide bal-
anced feedback to the academic staff and management on best practices and common issues.
Harrison et al. (2020) in their recent meta-review provided an overview on the opportunities and
challenges relating to the most common quality evaluation and enhancement methods of teach-
ing, and they found that a multi-modal approach may be the most effective. Therefore, an
important recommendation is that – despite it being a widespread practice all over the world –
universities should not solely rely on student evaluation of teaching scores for assessing the
quality of their professors’ teaching practice.

Acknowledgements

We would like to thank Mih�aly Szab�o, B�alint Csabay, Gergely Kov�ats and Imre Sebesty�en for their help in data col-
lection and interpretation. We are also grateful for D�aniel Horn and Hedvig Horv�ath for their comments on previ-
ous versions of this paper.

14 Z. BEREZVAI ET AL.



Disclosure statement

No potential conflict of interest was reported by the authors.

Funding

The research of Zombor Berezvai was supported by the �UNKP-20-4 New National Excellence Program of the
Ministry of Innovation and Technology. The research of Gergely D�aniel Luk�ats was supported by the �UNKP-19-2
New National Excellence Program of the Ministry of Innovation and Technology. The research of Roland Molontay
was supported by the �UNKP-19-3 New National Excellence Program of the Ministry of Innovation and Technology;
and the Higher Education Excellence Program of the Ministry of Human Capacities in the frame of Artificial
Intelligence research area of Budapest University of Technology and Economics (BME FIKP-MI/SC).

Notes on contributors

Zombor Berezvai is assistant lecturer at Corvinus University of Budapest and the Chief Economist at the Hungarian
Competition Authority. His main research interest includes retail innovation, empirical modelling related to indus-
trial organization, and quality development in higher education. He conducted several analyses to the Directorate
of Strategy and Quality Development of Corvinus University of Budapest to improve the motivation system of the
instructors.

Gergely D�aniel Luk�ats earned his MSc degree in applied mathematics from the Budapest University of Technology
and Economics. He was awarded with prestigious prizes during his studies, including a 1st prize at the National
Scientific Students’ Associations Conference. Currently he works as an internal auditor at Morgan Stanley.

Roland Molontay is a junior research fellow at the MTA–BME Stochastics Research Group operating at the
Department of Stochastics at Budapest University of Technology and Economics. He earned his MSc degree in
applied mathematics with highest honors. His PhD thesis focuses on network theory. He is also interested in data
science and applied probability. He leads a small research group conducting data-driven educational research.

ORCID

Zombor Berezvai http://orcid.org/0000-0001-7807-2977

References

Alauddin, M., and T. Kifle. 2014. “Does the Student Evaluation of Teaching Instrument Really Measure Instructors’
Teaching Effectiveness? An Econometric Analysis of Students’ Perceptions in Economics Courses.” Economic
Analysis and Policy 44 (2): 156–168. doi:10.1016/j.eap.2014.05.009.

Andor, Gy., Zs E. T�oth, and G. �Arva. 2018. “Critical to Quality Aspects of University Teaching from the Students’
Point of View – Experience of University Peer Review of Teaching Program.” In EDULEARN18 Proceedings, edited
by L. G�omez Chova, A. L�opez Mart�ınez, and I. Candel Torres, 4344–4352. Palma: IATED Academy. doi:10.21125/
edulearn.2018.1092.

Andrade, E. C., and B. P. Rocha. 2012. “Factors Affecting the Student Evaluation of Teaching Scores: Evidence from
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