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Abstract

Objectives. This study examines teaching effectiveness and student performance for four business-related courses:
Monetary Policy and Central Banking (FM 221), Good Governance and Social Responsibility (BAHR 213), Consumer
Behavior (MM 212), and Introduction to Microeconomics (BE 121).

Materials and methods. 147 students participated in the study, and Bayesian pairwise comparison, descriptive
statistics, and effect size analysis were used to determine which courses had significantly different performance scores.
Results. The results show that BAHR 213 and MM 212 students performed better than FM 221 and BE 121 students,
indicating the role of active learning strategies, structured content delivery, and student engagement techniques for
better learning. Lower performance with higher variability of scores in FM 221 and BE 121 indicates the requirement
for pedagogical improvements, additional support for students, and curriculum modifications.

Conclusions. Bayesian analysis confirmed that the differences are statistically significant: the first discriminant
function explains 86.8% of the variation, p < 0.001; the second function explains 13.2%, p < 0.001. The paper concludes
with a discussion on the need to refine instructional methods and targeted interventions to improve student outcomes.
Future studies need to look into longitudinal studies and controlled pedagogical experiments that can further validate
these findings and enhance best practices for effective teaching strategies.

Keywords: teaching effectiveness, student performance, Bayesian analysis, pedagogical strategies, business education,

learning outcomes.

Introduction

There are various challenges in appraising teaching effec-
tiveness and students” performance across different courses,
primarily when evaluated based on scores from final exams
and teaching techniques (Akiri, 2013). This happens because
course content, demographic characteristics of students, and
methodologies of instruction vary, complicating the assess-
ment process (Phye, 1984).

The biggest challenge is variability in the content and
structure of courses. Different courses have varying learn-
ing objectives, complexity levels, and assessment methods,
and using a standardized evaluation for each course is rather
complicated (Emery et al., 2003). For instance, a Monetary
Policy and Central Banking course focuses intensely on intri-
cate economic theory, whereas Consumer Behavior is taught
by application and case studies. This diversity requires spe-
cific assessment criteria that can better capture the individual
demands of each course (Uttl et al., 2017).
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A key issue is that student demographics are diverse.
These students differ in prior knowledge, learning style, and
circumstance, which may affect class performance (Kritzig &
Arbuthnott, 2006). For instance, students with rich exposure
to economics are more likely to find courses like Introduction
to Microeconomics easy than those with minimal exposure
to this subject. An assessment tool for teaching efficacy has to
accommodate these differences, making assessment fair and
effective (Kleinsasser, 2014).

The effectiveness of teaching techniques varies widely
among instructors, even within the same course. Different
instructors employ different pedagogical approaches, such as
lecture-based, active, or blended learning (Delialioglu, 2012).
These variations impact student engagement and learning
outcomes. Additionally, instructors’ experience, expertise,
and teaching style influence their effectiveness. Evaluating
teaching techniques requires a nuanced approach, consider-
ing these individual differences and their impact on student
performance (Koopman & Beijaard, 2024).

Dependence on final exam grades as the significant tool
for assessing teaching effectiveness and student performance
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has weaknesses. Final exams usually measure a narrow scope
of skills and knowledge, typically involving memorization
and problem-solving within a time frame (Darling-Ham-
mond et al.,, 2010). This approach may only reflect part of the
scope of student learning and development, such as critical
thinking, creativity, and practical application of knowledge
(Birenbaum & Dochy (Eds.), 2012). In addition, performance
on the exam can be influenced by test anxiety and other ex-
traneous pressures that do not necessarily reflect the stu-
dent’s proper understanding or the instructor’s effectiveness
(Brookhart, 2011).

Another challenge is the validity and reliability of meth-
ods of evaluation. Validity is the degree to which an assess-
ment measures what it is supposed to measure. Reliability
refers to the consistency of assessment results (Ratanawongsa
et al., 2008). Designing evaluation tools that are valid and
reliable in diverse courses is, therefore, demanding and re-
quires careful design with constant refinement. This is in
terms of the alignment of assessments with learning objec-
tives, the use of multiple measures of performance, and the
periodic review and updating of criteria for evaluation (Price,
2015).

Bias and subjectivity are challenges in teaching effective-
ness and student performance assessment. For instance, the
biases of the instructors, the perceptions of students, and
priorities at an institutional level affect evaluation (Tripon,
2019). For example, an instructor’s likability and difficulty in
a course may impact teaching performance while being eval-
uated by the students. Quantitative and qualitative data may
address these biases, such as peer review, self-assessment, and
objective performance measures (Whitesides & Beck, 2020).

Evaluating teaching effectiveness and student perfor-
mance in various courses requires a broad, multi-faceted
approach. It involves course content variability, student de-
mographics, instructional methods, validity, reliability, and
fairness of the assessment tools (Carpenter et al., 2020). By
considering such challenges and adopting best practices in
educational assessment, institutions will better understand
and enhance the quality of teaching and learning (Chetty et
al,, 2014).

Theoretical Framework

The theoretical framework of this study is based on edu-
cational theories that emphasize the relationship between
teaching techniques, course characteristics, and student per-
formance. This framework gives a structured approach to
understanding how different variables interact to influence
learning outcomes.

The study draws from constructivist theories of learn-
ing, which advocate for students’ active engagement and par-
ticipation in the learning process (Hein, 1991). Techniques
like active learning, formative assessments, and support re-
sources are key to this approach. Active learning is a strategy
that engages students in processing and applying information
actively, such as group discussions, problem-solving activi-
ties, and case studies (Kumar, 2013). Formative assessments,
which include quizzes and assignments, are continuous feed-
back that helps students know their strengths and weakness-
es (Clark, 2012). Support resources like tutoring and study
groups also assist students who require such resources to

25

ensure that every student is given a fair chance at success
(Hagstrom, 2006).

It considers the courses’ characteristics, including the
content’s complexity, difficulty level, and methods to engage
the students. These aspects help determine how well the stu-
dents understand and retain what has been taught (Duane
& Satre, 2014). Courses that are well-structured and aligned
with students” existing knowledge and learning ability will
likely be high performers. The study analyses these character-
istics across the four courses and discusses how they impact
student performance (Collins, 2008).

Performance is gauged based on final examination
scores and the extent to which students comprehend and
master course material. Such variability and consistency in
scores contribute further to the knowledge of effectiveness,
the teaching methods applied, and the characteristics of the
course (Dwiyanti, 2024, June). High variability in scores re-
flects that some students are having issues with others, mean-
ing students need more focused support and perhaps changes
in teaching strategy (Wu et al., 2004, January).

The result of the theoretical framework is excellence in
teaching and learning. The study aims to provide action-
able recommendations for improving teaching practices by
identifying factors that explain differences in student perfor-
mance. This involves adopting more effective teaching tech-
niques, revising course content, and providing additional stu-
dent support. The framework emphasizes the importance of
continuous professional development and improvement for
faculty, so all students can fully develop their abilities.

The study’s theoretical framework integrates education
theories into practical teaching and learning considerations.
The framework enables a comprehensive understanding of how
interacting variables influence students’ performances and acts
as a basis to formulate well-informed recommendations for
improvements in teaching effectiveness and learning results.

Both teaching techniques and course characteristics de-
termine student performance. Student performance deter-
mines the study’s outcome, which encompasses excellence
in teaching and learning and recommendations for improve-
ment (Aydogdu & Ay, 2016). This framework helps under-
stand how various teaching methods and course character-
istics determine student performance and how it contributes
to the quality of teaching and learning (Nurhuda et al., 2023).

By identifying the factors contributing to differences in
student performance, the study aims to give actionable rec-
ommendations for teaching improvement. This includes us-
ing more effective teaching techniques (Fernando & Marikar,
2017), revising course content (Moallem, 2001), and provid-
ing additional student support (Ng’ambi & Johnston, 2006).
The framework emphasizes the importance of continuous
improvement and professional development for faculty to
ensure that all students have the opportunity to reach their
full potential.

Therefore, this theoretical framework of the research
study integrates theoretical aspects of education with prac-
tical teaching and learning considerations. Thus, this study
provides a more holistic approach toward understanding
how different variables may interact to influence student per-
formance outcomes and allows a basis for making recom-
mendations informed by the findings on improving teaching
effectiveness and learning.
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This research is aligned with the United Nations Sustain-
able Development Goal 4: Quality Education. By comparing
the student’s performance in different courses and identifying
areas of disparity, this research study focuses on educational
interventions to ensure equitable learning opportunities. This
will result in better teaching methods, improved student sup-
port, and more effective curricula for enhancing the quality
of education. This aligns with the principle of ensuring inclu-
sive and equitable quality education by promoting lifelong
learning opportunities for everyone.

The objective of this study is to assess the effectiveness of
teaching methods and student performance in four different
courses: Monetary Policy and Central Banking (FM 221),
Good Governance and Social Responsibility (BAHR 213),
Consumer Behavior (MM 212), and Introduction to Micro-
economics (BE 121) through final exam scores. The study
intends to identify significant differences in student perfor-
mance, understand the effects of various teaching techniques,
and provide actionable recommendations for improving
teaching practices. This study will examine the variability and
consistency of exam scores and conduct statistical analyses to
shed light on how different approaches to instruction affect
learning and promote excellence in teaching and learning.

Materials and Methods

Participants

This research was conducted with the involvement of 147
students enrolled in four different courses offered in a higher
education institution, namely, Monetary Policy and Central
Banking (FM 221), Good Governance and Social Responsi-
bility (BAHR 213), Consumer Behavior (MM 212), and In-
troduction to Microeconomics (BE 121), all selected based on
their registration for these classes during the First Semester
of the SY 2024-2025. The study focused on the student’s final
exam scores to evaluate the effectiveness of different teaching
methods. The students were from diverse academic back-
grounds in business, with varying levels of prior knowledge
and engagement in economics, governance, and business
studies. The sample was designed to capture a range of stu-
dent performance levels, allowing for a comparative analysis
of teaching strategies and their impact on learning outcomes.
All student data was kept confidential and used only for re-
search purposes, thus upholding ethical considerations.

Methods of Research

The research followed a systematic approach, using statis-
tical techniques, data collection procedures, and pedagogical
testing to ensure that teaching effectiveness was scientifically
evaluated. The primary focus was analyzing students’ final
exam scores to identify performance variations across courses
and infer the influence of different instructional methods. The
study integrated quantitative and inferential statistical tech-
niques to provide insights into student learning outcomes.

The study employed Bayesian pairwise comparison as
the primary statistical method to analyze differences in stu-
dent performance across courses. This method was chosen
because it allows for probabilistic inference based on prior
data while incorporating new observations, making it more
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flexible and informative than traditional frequentist ap-
proaches. Bayesian inference was used to calculate posterior
distributions of student performance differences, generating
credible intervals and significance levels for comparisons.
Additionally, descriptive statistics—including mean, median,
standard deviation, quartile-based distribution, and normal-
ity tests (Shapiro-Wilk test)—were used to understand the
distribution of exam scores and assess their variability. The
Cohen’s d effect size was calculated to determine the magni-
tude of differences in student performance between courses.
At the same time, the Gelman-Rubin diagnostic ensured that
the Bayesian Markov Chain Monte Carlo (MCMC) simula-
tions achieved convergence.

Research Process

The research process followed a structured sequence of
procedures to ensure the reliability of findings, such as the se-
lection of 147 students enrolled in the four targeted business
courses. The participants were chosen based on their active
enrollment during the specified academic term, ensuring a
representative sample of students from diverse backgrounds.
The data collection was the students’ final exam scores for
each course. The data was anonymized to maintain confi-
dentiality and ethical research standards. Initial descriptive
statistical analyses were conducted, including computing
central tendency measures (mean, median, mode), variabil-
ity (standard deviation, range), and distribution properties
(skewness, kurtosis). These provided an overview of student
performance and potential disparities among courses. The
Shapiro-Wilk test was performed to determine whether exam
scores followed a normal distribution. This step was neces-
sary to assess the appropriateness of parametric or non-para-
metric statistical methods in subsequent analyses.

The Bayesian Pairwise Comparison method was used to
compare student performance across courses. This involved
setting prior distributions, updating them with observed data,
and calculating posterior distributions for performance differ-
ences. Credible intervals and significance levels were derived
to determine whether differences between course perfor-
mances were statistically meaningful. Cohen’s d was computed
to measure the practical significance of observed differences
in student performance, categorizing them as small, medium,
or large effects. The Gelman-Rubin statistic (R-hat) was used
to assess the convergence of Bayesian MCMC simulations,
ensuring the reliability of the posterior estimates.

Statistical Analysis

The Algorithm for conducting pedagogical testing in-
tends to evaluate the impact of teaching strategies on student
performance, and the study followed a pedagogical testing
structured through the following algorithm. The four cours-
es were natural for comparison in selecting experimental and
control groups. No direct intervention was introduced, but
performance variations were analyzed to infer differences in
instructional effectiveness. Student demographics, prior aca-
demic background, and preliminary performance indicators
were reviewed to contextualize differences in exam scores.
The final exams served as the primary performance metric,
with standardized grading criteria ensuring course consist-
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ency. The Bayesian pairwise comparisons, normality tests,
effect size calculations, and convergence diagnostics were
conducted to evaluate student performance variations and
infer pedagogical effectiveness. The results identified courses
with significantly lower student performance (FM 221 and
BE 121), suggesting the need for instructional improvements.
Effective strategies from high-performing courses (BAHR
213 and MM 212) were recommended for adaptation. The
findings highlighted disparities in teaching effectiveness, un-
derscoring the need for continuous pedagogical innovation
and further controlled experimental studies. This structured
approach ensured that the study effectively evaluated teach-
ing methods while maintaining statistical rigor and peda-
gogical relevance. The results provided actionable insights
for improving instructional practices and optimizing student
learning experiences.

Results

Several interesting statistical inferences can be made
based on the final examination grades for Business Admin-
istration classes. Notably, the two classes «Good Govern-
ance and Social Responsibility» (MM 212) and «Consumer
Behavior» (BAHR 213) display surprisingly consistent and
high performances, with identical means of 89 and very simi-
lar standard deviations, which reflect equally high levels of
achievement and course difficulty. On the other hand, while
the mean scores for «Monetary Policy and Central Banking»
(FM 221) and «Introduction to Microeconomics» (BE 121)
happen to be similar with means of 77, respectively, they
have much more significant standard deviations, and student
performance is much more widely spread. Maximum grades
in all courses are also, in fact, achieved across the board from
95 to 100. The skewness values indicated that the score dis-
tributions differed slightly, with a few courses showing mild
asymmetry around their central tendencies. The relatively
low kurtosis values suggested that the score distributions
were somewhat flatter than a normal distribution, meaning
the scores are spread out more widely rather than clustering

Table 1. Descriptive Statistics of the Final Exam Scores

tightly around the mean. Median and mode values tend to
agree with the performance trends; most courses score con-
sistently with results very close to their means.

Table 2 provided insights into the quartile-based distri-
bution of scores for four Business Administration courses,
showing nuanced patterns in student performance. For the
Monetary Policy and Central Banking (FM 221) and Intro-
duction to Microeconomics (BE 121) courses, which have
a mean of 77, the distribution shows interesting symmetry,
with equal intervals between minimum, first quartile, medi-
an, third quartile, and maximum scores. The Good Govern-
ance and Social Responsibility (BAHR 213) course shows an
asymmetric distribution, with a more significant gap between
the minimum and first quartile (12.28 points) as compared to
other intervals. This suggests that there are more significant
initial performance variations in students. The Consumer
Behavior (MM 212) course has the most compact score dis-
tribution, with smaller intervals between the quartiles. This
indicates that the student performance is more consistent.
The data shows that these courses have similar mean scores,
but the underlying score distributions are different, which
reflects course content, teaching methodologies, and student
engagement. These quartile-based intervals and their sym-
metry or asymmetry provide a more detailed insight into
student performance beyond mere average scores, emphasiz-
ing the need to look at several statistical measures for an all-
around understanding of educational outcomes.

Table 2. Quartile-Based Distribution of Final Scores

FM 221 BAHR 213 MM 212 BE 121

Min 61.36364 71.66667 78.75 61.36364
QI1-Min 7.727273 12.27778 7.65 11.59091
Med-Ql1 7.727273 8.5 2.55 3.863636
Q3-Med 7.727273 1.888889 425 7.727273
Max-Q3 9.272727 5.666667 1.7 15.45455
Mean 77 89 89 77

Monetary policy and Good Governance and . Introduction to
central banking social responsibility SR s Microeconomics
FM 221 BAHR 213 MM 212 BE 121

Mean 77 89 89 77
Standard Error 1.415202 1.269179 0.678842 1.451193
Median 77 92 89 77
Mode 84.54545 92.44444 93.2 72.95455
Standard Deviation 9.493462 7.066489 3.840108 9.062698
Sample Variance 90.12583 49.93527 14.74643 82.13249
Kurtosis -1.26747 -0.41055 0.270284 0.024539
Skewness 0.100227 -0.51127 -0.59369 0.411291
Range 32.45455 28.33333 16.15 38.63636
Maximum 94 100 95 100
Minimum 61 72 79 61
Count 45 31 32 39
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Table 3 gives Shapiro-Wilk test results of normality for
four courses under Business Administration, hence statistical-
ly testing if the scores attained at final exams follow a normal
distribution. The Shapiro-Wilk test is one of the best methods
to determine if a data set is normally distributed. It postulates
the null hypothesis that states the data is normally distributed.
The noteworthy value for Monetary Policy and Central Bank-
ing, FM 221, is the W-statistic 0.944 coupled with a p-value
0f 0.031. A chosen alpha value is at 0.05; the p-value has to be
less than this, rendering the null hypothesis rejected to ensure
the FM 221 test scores do not approximate a normal curve.

Table 3. Shapiro-Wilk test results of normality

FM 221 BAHR 213 MM 212 BE 121
W-stat 0.944355 0.939343 0.938185 0.954445
p-value 0.031167 0.079136 0.066503 0.116052
alpha 0.05 0.05 0.05 0.05
normal no yes yes yes

In contrast, the course results of Good Governance and
Social Responsibility (BAHR 213) and Consumer Behavior
(MM 212) are more promising. With p-values of 0.079 and
0.067, these two courses yield p-values more significant than
the traditional significance level of 0.05. Hence, we will fail
to reject the null hypothesis. This implies that score distribu-
tions for these courses are almost normal since they are not
significantly different from a normal distribution. The score
distribution of Introduction to Microeconomics (BE 121) also
behaves similarly, with a p-value of 0.116, thus further estab-
lishing its normality. Such findings have implications in statis-
tical analysis and interpretation of student performance in that
normality forms an assumption for many parametric statisti-
cal tests and offers a window into the underlying patterns of
student achievement across business administration courses.

Figure 1 shows a box plot with outliers of the scores of
four Business Administration courses’ final exams: FM 221,
BAHR 213, MM 212, and BE 121. Box plots represent score
distribution within a course, where the box shows the IQR
and the horizontal line inside the box represents the median
value. At the same time, the whiskers go down to the mini-
mum and maximum values, except in cases of outliers. The
presence of outliers, marked by the yellow bar, suggests that
some extreme values in the data fall outside the typical range
of scores. For instance, both FM 221 and BE 121 have several
outliers, suggesting that some students scored much better or
worse than their peers. The relative size and position of boxes
provide a view of overall performance and variability within
a course. The BAHR 213 and MM 212 courses have narrower
interquartile ranges, suggesting greater student performance
consistency. The FM 221 and BE 121 courses show larger
spreads, suggesting more score variability.

The Bayesian pairwise comparison results in Table 4
provide an elaborative difference analysis of student perfor-
mance across specified courses. The mean diftference for FM
221 vs. BAHR 213 is -5.13, with a 95% credible interval (CI)
of (-8.45, -1.81). The negative mean difference shows that the
students performed poorly in FM 221 than BAHR 213. The
P-value is less than 0.01. Thus, this difference is statistically
significant. This shows that the possibility of the observed
difference arising from random chance is very low.
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Fig. 1. Final score box plot and outlier

Table 4. Bayesian Pairwise Comparison

Comparison MD 95% CI  P-value Decision
FM 221 vs. BAHR 213 -5.13 (-8.45,-1.81) <0.01 Significant
FM 221 vs. MM 212 -2.57 (-5.39,0.25) 0.07 Marginal
FM 221 vs. BE 121 6.19 (2.53,9.85) <0.01 Significant
BAHR 213 vs. MM 212 2.56 (-0.24,5.36)  0.07 Marginal
BAHR 213 vs. BE 121 11.32  (7.66,14.98) <0.01 Significant
MM 212 vs. BE 121 8.76 (5.11,12.41) <0.01 Significant

Matching FM 221 vs. MM 212: The mean difference here
is -2.57 with a 95% CI of (-5.39, 0.25). The P-value of 0.07
indicates that this one is marginally significant. This means
there is little evidence to indicate students performed worse
in FM 221 than in MM 212; it is not strong enough evidence
to support a significant difference. With FM 221 vs. BE 121:
The mean difference is 6.19, with a 95% CI of (2.53, 9.85).
The positive mean difference indicates better performance
in FM 221 compared to BE 121. The P-value is less than 0.01,
indicating a significant difference. This suggests a high prob-
ability that students performed significantly better in FM 221
than in BE 121. In BAHR 213 compared to MM 212, the mean
difference is 2.56, with 95% CI (-0.24, 5.36), P=0.07. Hence,
there is nearly significant evidence that students might have
been better in BAHR 213 than in MM 212; however, the
evidence is still not strong enough to consider an actual dif-
ference. For BAHR 213 vs. BE 121: The mean difference is
11.32, 95% CI (7.66, 14.98). The positive mean difference
indicates significantly better performance in BAHR 213 com-
pared to BE 121. The P-value is less than 0.01, which signifies
a difference. This signifies a high probability that students
performed significantly better in BAHR 213 than in BE 121.

The Mean Difference =8.76 at 95 % ClI is (5.11,12.41); the
positive mean difference states that performance in MM 212
is comparatively better than BE 121. The P-value <0.01 which
declares that P>0.01. Such a conclusion may be made that
there is a high chance the results are statistically significant,
while students in MM 212 performed relatively compared to
students who passed BE 121. The Bayesian pairwise compari-
son reveals significant differences in student performance
between several pairs of courses. Students performed signifi-
cantly better in BAHR 213 than in FM 221, BE 121, and MM
212 than in BE 121. These results are helpful for educators to
identify where students need more support or where teaching
methods could be adjusted to improve performance.

The Gelman-Rubin diagnostic, in Table 5, called the sta-
tistic, represents an essential tool in Bayesian analysis when
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drawing on Markov Chain Monte Carlo (MCMC) simula-
tions to diagnose convergence. Convergence is required for
samples generated by the MCMC algorithm to represent the
target posterior distribution. The statistic compares the vari-
ance within each chain to the variance between chains. The
ideal values for should be close to 1, meaning the chains
converge. These values are all just a little above 1. This means
the MCMC chains have nearly converged but might need
more sampling to achieve full convergence. Generally speak-
ing, values for under 1.1 is acceptable, meaning the chains
have been mixed, and the posterior estimates can be trusted.

Table 5. Gelman-Rubin diagnostic

Course R
FM 221 1.023141
BAHR 213 1.034521
MM 212 1.012331
BE 121 1.041923

R-hat values close to 1 indicate convergence. Values > 1.1 suggest
non-convergence. R-hat value: Ideally < 1.1 (convergence) or <
1.05 (strong convergence).

For FM 221 and MM 212, the R values are close to 1,
at 1.023141 and 1.012331, respectively. This means that the
MCMC simulations for these courses have probably con-
verged to a stable distribution, and the results can be trust-
ed. BAHR 213 and BE 121 values of R are slightly higher,
1.034521 and 1.041923, respectively. These values are still
somewhat within the range but indicate that the chains may
gain from further iterations to maximize convergence and
reduce possible discrepancies between the chains, making
the posterior estimates more reliable.

The Gelman-Rubin diagnostic results show that the
MCMC simulations for all courses are nearly convergent,
especially for FM 221 and MM 212. For BAHR 213 and BE
121, a few more iterations might be needed to attain full con-
vergence so that the reliability of the Bayesian analysis results

can be assured. Careful attention to convergence will thus
enable making more accurate and credible inferences about
student performance across these courses.

Cohens d is an effect size in Table 6, which measures the
difference between two means in standard deviations. It is the
standardized form of understanding the magnitude of differ-
ences in the data. For FM 221 vs. BAHR 213, the effect size
approximated by Cohen’s d is -0.63. A negative number means
the students scored poorly in FM 221 relative to their scores in
BAHR 213. In short, that means that with a medium effect size,
students’ score difference will most likely be significant and re-
quire further study to understand why there is such discrepancy.

Table 6. Cohen’s d Effect

Course Cohen d’s Effect
FM 221 vs. BAHR 213 d=~-0.63 Medium effect
FM 221 vs. MM 212 d=~-031 Small effect
FM 221 vs. BE 121 d=0.63 Medium effect
BAHR 213 vs. MM 212 d=0.43 Small effect
BAHR 213 vs. BE 121 d=121 Large effect
MM 212 vs. BE 121 d=0.94 Large effect

Cohen’s d: Small effect: 0.2-0.5; Medium effect: 0.5-0.8; Large ef-
fect: > 0.8

The Cohen’s d value of FM 221 compared to MM 212 is
about -0.31, which suggests a small effect size. This means
students did slightly worse in FM 221 than in MM 212. Al-
though the effect size is small, it can still indicate a trend that
can be further investigated to determine the root causes, for
example, differences in course content or teaching methods.
The Cohen’s d value of FM 221 vs. BE 121 is around 0.63,
which points towards a medium effect size. Being positive
indicates that students performed better in FM 221 than in
BE 121. A medium effect size here means that the differences
in performance are large enough and significant enough to
be related to differences in course difficulty and student en-
gagement. With BAHR 213 vs. MM 212, Cohen’s d value is
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approximately 0.43, indicating a small effect size. This suggests
that students performed slightly better in BAHR 213 than MM
212. Although the effect size is small, it points to a consistent
difference that might be worth exploring to enhance student
performance in MM 212. The value of Cohen’s d of BAHR 213
vs. BE 121 is about 1.21, which is large. The large positive effect
size value implies that students have performed much better in
BAHR 213 than in BE 121. The reason for this may be related
to course content, quality of teaching, or the students’ interest
in the courses. A significant difference here calls for targeted
interventions to improve outcomes in BE 121. In MM 212 vs.
BE 121, Cohen’s d value is approximately 0.94, which is a large
effect size. A positive value here means that students did bet-
ter in MM 212 compared to BE 121. The large effect size here
signifies a great difference in performance. It suggests that per-
haps BE 121 needs some additional support or a modification
of its curriculum to make the students learn better.

The effect size from Cohen’s d for student performance
between courses paints an apparent picture of the magnitude
of the differences. Medium to large effect sizes across multiple
comparisons point to differences significant enough to be
remediated with focused educational strategies. Educators,
therefore, determine priorities and apply effective interven-
tions toward the goal of successful support of students.

The QQ plot in Figure 2 helps determine whether the
residuals are normally distributed. In this plot, the residuals
are plotted against a theoretical normal distribution. If the
points lie approximately along the reference line, it suggests
that the residuals are normally distributed. In this case, the
residuals follow the reference line closely, indicating that they
are approximately normally distributed.

The residual plot in Figure 2 shows residuals against the
comparison index. The horizontal red dashed line is the zero
residual line. Ideally, the residuals should be randomly scat-
tered around this line without any apparent pattern. In this
plot, the residuals are scattered around the zero line, suggest-
ing no apparent pattern or systematic bias in the residuals.
This indicates that the model fits the data well.

These visualizations will allow the validation of results
obtained with Bayesian pairwise comparison by testing the
distribution of residuals as being normal and randomly scat-
tered, further indicating this analysis’s reliability.

Discussion

The main hypothesis of this study was to determine if
significant differences which resulted in better performance
of the students in Good Governance and Social Responsibility
(BAHR 213) and Consumer Behavior (MM 212) had teaching
methods that were more effective than those used in Monetary
Policy and Central Banking (FM 221) and Introduction to
Microeconomics (BE 121). The results supported this hypoth-
esis, as BAHR 213 and MM 212 students scored significantly
higher average final exam scores, had lower score variability,
and showed more consistent learning outcomes. The Bayesian
pairwise comparison provided strong statistical evidence that
FM 221 and BE 121 students underperformed relative to their
peers in the other courses, suggesting disparities in instruc-
tional effectiveness. These results align with previous research
cited in the introduction, such as Emery et al. (2003) and Uttl
et al. (2017), emphasizing that differences in course complex-
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ity, teaching strategies, and student engagement significantly
influence learning outcomes. Additionally, the results cor-
roborate the findings of Kumar (2013) and Delialioglu (2012),
who highlighted the effectiveness of active learning and struc-
tured content delivery in enhancing student comprehension
and performance. The significance of this study lies in its abil-
ity to provide empirical evidence on the impact of teaching
methodologies on student success, offering actionable insights
for curriculum design and faculty development.

The practical applications of these results include rec-
ommendations for introducing active learning strategies,
formative assessments, and student-centered pedagogical
techniques to improve performance in FM 221 and BE 121.
Given the observed disparities, targeted interventions such
as faculty training in interactive teaching methods, enhanced
student support resources, and adjustments in assessment
design could bridge the performance gap between courses.
Future research should expand on these findings by conduct-
ing controlled pedagogical experiments that systematically
introduce and evaluate new instructional techniques across
courses. Additionally, longitudinal studies tracking student
performance over multiple semesters could further validate
the long-term effectiveness of different teaching methodolo-
gies. This research contributes to the ongoing discourse on
teaching effectiveness and student learning in higher educa-
tion and underscores the necessity for continuous pedagogi-
cal refinement to optimize student success.

Conclusions

This study efficiently measured the pedagogical methodol-
ogies in four related business courses via final exam grade com-
parison and analysis through pairwise Bayesian comparisons
to assess differences in overall performance. Thereby, research
results validated findings that students are better off in courses
such as Good Governance and Social Responsibility (BAHR
213 and Consumer Behavior MM 212, as opposed to students
within Monetary Policy and Central Banking FM 221 and In-
troduction to Microeconomics BE 121, to establish that perfor-
mances differ. The results indicate that active learning strategies,
structured content delivery, and student engagement techniques
applied in BAHR 213 and MM 212 contributed to higher and
more consistent performance. On the other hand, lower perfor-
mance and higher variability in FM 221 and BE 121 indicate a
need for better pedagogical approaches, targeted student sup-
port, and curriculum adjustments for better learning outcomes.
These findings resonate with this study’s purpose in assessing
teaching effectiveness and student performance and emphasize
the need for continuous instructional improvement toward op-
timizing students’ success in various academic contexts.
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OuiHKka epeKTUBHOCTI BUK/NafiaHHA Ta YCNiWHOCTI
CTYAEHTIB Ha Pi3HNX Kypcax: aHani3 pesynbraTiB
NiACYMKOBUX iCNUTIB Ta METOANKN BUKafaHHA

Bicente Monrano E.'**“P, Tnenpgon C. Co6pexyaHir'4*<P

'"YuiBepcuter MiHgaHao

ABTOpCHKNMI BRI A — Au3aiiH gocmipkeHHs; B — 36ip ganux; C — crataHanis; D — migroroska pykormcy; E — 36ip kowtis

Pegepar. Crarra: 9 ., 6 Tab., 2 puc., 29 mxeper.

ini. ¥ uboMy focmiiKeHHi BUBYA€TbCA eeKTUBHICTD BUK/TA/IaHHS Ta YCHIIIHICTD CTYAEHTIB I/ YOTUPHOX OB SI3aHUX 3
6i3HecoM KypciB: I'pOIIOBO-KPeITHA MOIITUKA Ta LieHTpajIbHa 6aHKiBcbKa crpasa (FM 221), Ha/le)xHe yIpaBIIiHHA Ta colialbHa
BignosiganbHicTs (BAHR 213), moBepinka cioxxupauis (MM 212) Ta BBefleHHA B MikpoekoHoMiKy (BE 121).

Marepianu Ta MeTomM. Y HOC/i/I)KeHH] B3sMM y4acTb 147 cTyneHTiB. baeciBcbke monapHe NOpPiBHAHHSA, ONMCOBA CTATUCTMKA
Ta aHaIi3 po3Mipy eeKTy BUKOPMCTOBYBA/INCH, 1106 BUSHAYNTIY, AKi KYPCU MAIOTh CYTTEBO pi3Hi pe3ynbraTu.

Pesynbrarn. Pesynbraty nokasyors, mo crygenty BAHR 213 i MM 212 nokasanu Kpatii pesynbTatu, Hk crygentn FM 221
i BE 121, mo BKasye Ha po/ib CTpaTeTili akTMBHOTO HaBYaHHA, CTPYKTYpOBaHOIO Ha/JaHHA KOHTEHTY Ta METO/IiB 3a/ly4YeHHA CTY-
IeHTIB /It Kpaioro HaBdaHHs. Hipk4aa pesynbraTuBHICTS i3 Buioro Minnmsictio 6anis y FM 221 ta BE 121 Bkasye Ha motpe0y B
TeIarOTiYHNX YAOCKOHAJICHHAX, JOAATKOBII MiATPUMIIL /I CTyeHTiB Ta MoaudiKallil HaBYa/JIbHOTO II/IaHY.

BucnoBku. batieciBcpknmit aHamis miATBEPAYB, IO BiIMIHHOCTI € CTATMCTUYHO 3HAYYIMMIU: TIepIla AMCKPYMiHaHTHA (byHKuis{
nosicHIoe 86,8% Bapiauii, p < 0,001; gpyra ¢yHKIis noscHioe 13,2%, p < 0,001. [JokyMeHT 3aBepIIyeThCs 0OTOBOPEHHAM HeO0OXif-
HOCTI yJJOCKOHA/IEHHS METO/IiB HABYaHHA Ta Li/IeCIPAMOBAaHMX BTPYYaHb /1 IOKPALEHHs Pe3yIbTaTiB Y4HiB. Y Maﬂ6yTHix TOCTTi-
IKEHHX He0OXiHO PO3I/IAHYTY JIOHTITIONHI JOCTIIXKeHHs Ta KOHTPO/IbOBaHI IIefjaroriuHi eKCIIepUMEHTH, sIKi MOXYTh JOLATKOBO
MiATBEpANUTY 1Ii BUCHOBKY Ta BOCKOHAIMTY HAalIKpaIlli MPaKTUKY /11 epeKTUBHUX CTPATeriii HaBYaHHS.

KirouoBi coBa: epekTMBHICTb HaBYaHHS, YCHILIHICTb CTYEHTIB, 6aileciBCchbKumil aHaIi3, nefgaroriuti crparerii, 6isHec-ocBira,
pesynbTaTy HaBYaHH.
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