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Abstract
Background

Examinations consisting of multiple-choice questions are the mainstay of formative and
summative assessments in preclinical medical education, however, exam items are subject to
poor composition and require performance analysis to optimize. The primary objective of this
study was to devise and implement a proof-of-concept analysis focusing on normality testing as
useful for test-writing development, informing curricular decisions, and supporting student
progress.

Methods

We examined 63 exam datasets from the 2019-2020 academic year at the Oklahoma State
University College of Osteopathic Medicine that included 4 variables: exam scores, item
difficulty, item discrimination index, and item point biserial. We aimed to assess normality for
each variable graphically with Q-Q plots and numerically using the Shapiro-Wilk test and
Benjamini-Hochberg procedure for adjustment.

Results

Q-Q plots analysis of the 63 exam data sets revealed evidence of non-normality for 57 exam
score sets, 58 item difficulty sets, 37 item discrimination sets, and 9 point-biserial sets.
Comparably, Shapiro-Wilk testing suggested non-normally distributed data for 58 for exam
scores sets, 59 item difficulty sets, 40 item discrimination index sets, and 4 for point biserial sets.

Conclusions

Many exams at our institution had non-normally distributed variables, and the assumption of
normality for future inferential statistical methods is not necessarily supported. We recommend
that future investigators perform normality testing before proceeding with statistical analysis, the
results of which will inform the choice of statistical methods. Further study is required to
elucidate important causal factors that may lead to non-normal distributions, and consideration of
when non-normality might be expected or even desirable.



Introduction:

Examinations are an important component of medical education that, when administered
properly, can assist in accomplishing the goals of undergraduate medical curricula.®
Examinations motivate students to study deeply and broadly, and in this way, can fill
instructional gaps and strengthen study habits.®? The study habits developed in preclinical years
have direct crossover into studying for standardized clerkship exams, when exposure to high-
yield topics and experiences can vary greatly from student-to-student.® Examinations also offer a
tenable way to measure the core medical competencies of students.?! Lastly, examinations are
sources of important feedback for students as they progress through the curriculum,
demonstrating areas of proficiency that can be refined or areas of weakness that can be
bolstered.!”"!” However, the feedback process is not limited to students, and the proper analysis
of exam performance allows instructors and exam writers to continuously improve the quality of
exam items.>!’

Exams consisting of multiple choice questions have been the mainstay of formative and
summative assessments of student competency in preclinical medical education, and the same
format is used for nationally standardized board and licensure exams.*?! Multiple choice exams
are useful because they can be easily standardized and can cover a broad range of topics, making
them ideal for testing large groups.! However, multiple choice exam items are subject to poor
composition and often only test the student’s ability to recall isolated facts rather than testing
information synthesis, critical thinking, or knowledge application.?! Moreover, most medical
school faculty are not formally trained in writing multiple choice items that test higher order
material,’ confining many exam items to the “recall question” category as defined by the
National Board of Medical Examiners (NBME). Thus, the balance between creating a
standardizable assessment that also tests more than rote memorization skills can be difficult to
achieve. Achieving this balance in preclinical course exams is important, as the national board
exams are increasingly interested in testing higher order medical judgment rather than random
recall.!!

Analyzing exam data can provide the feedback necessary for professors and curriculum writers
to ensure assessments are well-written and to inform decisions on curricular development.
However, the usefulness of analyzing course performance depends on the quality, validity, and
reliability of course exams. Excessively “easy” exams may overpredict future performance,
while excessively “hard” exams may under predict it. Moreover, exams that do not assess “board
relevant” material may be misleading entirely, and exams that do not allow room for the creative
expression and clinical expertise of teaching faculty may not adequately prepare students for the
“real world.” As such, developing ways to analyze exam performance meaningfully and
systematically is vital for supporting effective teaching and curricular strategies. A formal
process has not been established at this institution, nor to our knowledge have such results across
a curriculum been published for medical schools.

The primary objective of this study was to devise and implement a proof-of-concept analysis for
assessing medical school exams as useful for test and faculty development, informing curricular
decisions, and supporting student progress. In this report, as a beginning step, we provide a first
look with descriptive statistics at four variables in exam data sets, including a focus on normality
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testing. The normality of an analyzed data set is generally considered an important issue to guide
the future choice of analytical methodologies for inferential statistics. In this way we provide
groundwork for later studies that might do inferential statistical comparative and multi-year
extensive analysis in an environment of evolving lists of participating faculty and exams whose
composition changes each year.

Methods

Background Information

Exam analysis begins by considering overall score outcomes and by assessing the performance
of individual questions, or “items.”'* Exam items can be analyzed in many ways, but Item
Difficulty, Discrimination Index, and Point Biserial are common and useful metrics.!* Item
difficulty ranges from 0% to 100% and represents the percentage of test-takers that answered the
item correctly.!? Item difficulty is usually presented as a decimal value corresponding to the
percentage and has different ideal values (to maximize discrimination among test takers)
depending on the structure of a multiple choice question. For example, the theoretical ideal item
difficulty for a 5-response multiple choice question may be .70, slightly higher than midway
between chance and perfect scores for the item. The ideal value for a 2-response (i.e., True-
False) item may be .85, with ideal in these contexts meaning the maximum ability to
discriminate students based on exam performance.'??° In the former example, the 2-response
question having a higher item difficulty value indicates that the question is “easier” because
purely random guessing would result in 50% of the class answering correctly, while the 5-
response item would have 20% correct with random guessing and would correspond to a lower
item difficulty value by default.

Discrimination index is the difference in item performance between top performing students and
bottom performing students, typically the upper and lower 27th percentiles respectively, divided
by the number of students in the larger of the 2 groups. '* If the lower 27% of the class is
selected as the denominator, the resulting value has negative validity, meaning that the question
actually decreases the validity of the entire test.®> The higher the discrimination index, the better
that item is at distinguishing top performers from low performers. Items with discrimination
index greater than or equal to .4 are considered very good items while values between .39 and .3
are good but may benefit from improvement. Items with discrimination index values between .20
to .29 are fair items and require minor revisions, and items below .19 are considered poor,
requiring major revision or complete elimination.® If an item has a negative discrimination index
(less than zero), it is likely that the item covers complex material that is written in a way that
allows selecting the correct response without any real understanding of the topic at hand. '* Items
with negative discrimination values should be eliminated, as would items for which the class as a
whole scored poorly.

Point biserial, sometimes referred to as “point biserial correlation” is a Pearson Product Moment
type correlation between correct responses to an item and total scores on all other items. A 100%
correlation suggests that high-scoring students answered the question correctly while low-scoring
students answered the question incorrectly. Therefore, point biserial is used as a measure of the
predictive value of an item on overall test performance.'* Values range from -1 to 1, where a
value of -1 indicates a perfectly negative correlation, and a value of 1 indicates a perfectly
positive correlation.
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Maximizing the ability of an item to discriminate high performers from low performers is
important for norm-based testing like national board exams. However, most classroom-based
assessment at medical schools focuses on a specific criteria to monitor class progress, thus the
goals are different than that of board exams.!>!® Situations can vary from a skills practicum to a
lecture exam where the class average should be very high with little discrimination in scores
among test takers. As a result, all the above interpretations would be altered subjectively by the
exam evaluator and the setting for the specific situation.”

Data Collection and Cleaning

63 exam score datasets from the 2019-2020 academic year for the Class of 2022 and the Class of
2023 at Oklahoma State University College of Osteopathic Medicine were recorded, de-
identified, then analyzed using the software suite R (version 4.0.2) and the integrated interface
RStudio (Version 1.3.959). We obtained the data with consent and from the Office of
Educational Development at the Oklahoma State University Center for Health sciences. We
obtained the raw data for exam scores, item difficulty, item discrimination index, and item point
biserial. Each exam was given a unique identifier as a categorical variable. For example, the
second exam in the Human Anatomy course was identified as “anat 2 and the third exam was
“anat 3,” and so on. We also included the semester that each exam was administered, the course
type, and the number of credit hours for each course. The 5 course types classified by our
curriculum are as follows: Biomedical Foundations (BMF), Clinical Care Foundations (CCF),
Systems Course, Osteopathic Manipulative Medicine (OMM), and Focus Course. The data were
first manipulated into CSV file format and then imported to RStudio.

Data Exploration and Descriptive Statistics Analysis

After collecting and cleaning, raw data was graphically explored using the package “tidyverse
and its included package “ggplot2” with extensions from the "ggthemes" package (Version
4.2.4). We plotted the raw data for exam scores, item difficulty, discrimination index, and point
biserial.

9922

Summary Statistics

We used native base R statistics functions with rapportools (version 1.0) to determine the
summary statistics for these 4 variables, including the mean, median, standard deviation,
skewness, and kurtosis. Skewness and kurtosis are sensitive to normality. Skewness is
interpreted via the following definition: skewness = +/- 0.5 is minimally skewed; -1 < skewness
<-0.5 or 0.5 <skewness < 1 is moderately skewed; skewness < -1 or skewness > 1 is highly
skewed. Kurtosis is presented as excess kurtosis, defined as kurtosis minus 3 (normal
distributions have a kurtosis of 3). The excess kurtosis can either be positive (leptokurtic)
indicating a centrally peaked distribution with fat tails, negative (platykurtic) indicating a
flattened distribution with thin tails, or equal to zero (mesokurtic) indicating kurtosis like that of
a normal distribution.'? Based on the summary statistics, we may expect that the datasets display
some degree of non-normality. Knowing the distribution characteristics of the variables informs
inferential statistical analysis, since some methods require the assumption of normality for
accurate interpretation. In the case of non-normal distributions, other methods (typically "non-
parametric") are used. We used the commonly used approach of one graphical method and one
numerical method to assess distribution characteristics, Q-Q plots and Shapiro-Wilk tests
respectively. Using 2 methods to assess normality favors a more robust assessment.
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Q-Q plots are classically used to graphically analyze deviation from normality, as they are not
subject to the same potential bias as the Shapiro-Wilk test.!® Q-Q plots take a dataset, determine
the mean and standard deviation, generate a theoretical dataset with the same parameters that is
normally distributed, and compare the actual dataset to the theoretical one. The theoretical
dataset is plotted as a line surrounded by a 95% confidence interval. The actual data are plotted
as points that either fall on the line, off the line but within the confidence interval, or outside of
the confidence interval. Points outside of the confidence intervals demonstrate statistically
significant deviations from normality, as does curvature at the ends of plots. We generated Q-Q
plots using the package “ggqqplot,” with the extension “ggpubr.”

The Shapiro-Wilk test was used because Monte Carlo simulations have shown that it is
sufficiently powered for a given significance value, and the relatively small sample size for our
exam datasets is acceptable for the Shapiro-Wilk test.!3?* The Shapiro-Wilk test has a null
hypothesis of normality. Therefore, p-values less than .05 indicate statistically significant
deviations from normality. The p-values from the Shapiro-Wilk test should be adjusted for bias
arising from the problem of multiplicity. We used the Benjamini-Hochberg procedure for
adjustment, which is more powerful than other methods that control the family-wise false
discovery rate.> We used the function “shapiro.test” in R along with the “p.adjust(method=BH)”
function to accomplish the aforementioned analysis and adjustment.

Preliminary Inferential Statistical Analysis

Based on preliminary data analysis, we used nonparametric inferential statistical methods that
could accommodate non-normally distributed data. The Kruskal-Wallis and Dunn tests with the
"bh" correction were done with the FSA package (version 0.9.1), which provides both
(FSA::dunnTest()) and uses the dunn.test (version 1.3.5) library. We looked for differences in
the exam score and item variables based on categorical variables. Determining which variables
are associated with differences in exam and item performance may support a focused approach to
curricular refinement. We performed Kruskal-Wallis tests on exam scores, item difficulty,
discrimination index, and point biserial after grouping by course type, semester, and credit hours.

Results
Raw Data and Summary Statistics

The raw data for exam scores, item difficulty, discrimination index, and point biserial are shown
in Figure 1, and the descriptive statistics for raw data are presented in Table 1.
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Figure 1. Plots of raw data for Exam Scores, Item Difficulty, Discrimination Index, and Point
Biserial for the 63 included exams.



Table 1: Summary Statistics for the 4 variables

Count (n) Mean Median Standard Skewness Kurtosis
Deviation
Exam Scores 7210 84.57 86.7 11.23 -1.66 5.78
Item Difficulty 3879 0.83 0.88 0.16 -1.3 1.64
Discrimination 3879 0.19 0.17 0.15 0.63 -0.16
Index
Point Biserial 3879 0.24 0.24 0.14 -0.08 -0.36

Inspection of the raw data plots (Figure 1) and summary statistics (Table 1) for exam scores
reveals that the majority of exam scores are grouped towards the higher end of the distribution,
with an obvious tail on the lower side of the distribution that may influence the normality of the
curve. The possible non-normality of exam scores is also highlighted by the skewness and
kurtosis values, which suggests that there are meaningful deviations from a normal curve.
Inspection of the raw item variable data reveals that many test items fall outside of the ideal
range for respective parameters as discussed previously. Item difficulty has a leftward tail on the
distribution, whereas the discrimination index and point biserial have a more uniform grouping
in the middle of the range. Item difficulty has a negative skew, which is represented by the
leftward tail, and the skewness and kurtosis of the other 2 variables are mild in comparison. It is
important to note that there were 4 instances where a student received the score of zero on an
exam. These are likely instances where a student missed an exam or did not take an exam. The
data provided are final and are representative of data used to calculate class rank. Thus, we
elected to keep the data in the analysis and not treat these instances as outliers. Moreover, there
are only 4 instances out of thousands of points, and their influence on the overall trend is
minimal.

Normality Testing

The results for the Q-Q plot analysis for each variable of the 63 exams are presented in Figure 2.
We found that 57 exams had score sets falling off of the line in a pattern or outside the
confidence interval, suggesting that the majority of exams had non-normally distributed score
profiles. For item difficulty, 58 exams had points falling off of the line in a pattern or outside of
the confidence interval. For item discrimination, 37 exams had points outside of the interval. For
point biserial, only 9 exams had deviations. These findings are in keeping with predictions made
from descriptive statistics such that exam scores and item difficulty had a significant portion of
non-normality, item discrimination was still non-normal by majority, and point biserial was
largely normal.
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Figure 2: Q-Q plots for exam variables (A) score distributions, (B) item difficulty, (C)
discrimination index, and (D) point biserial. Points falling off of the black line in a pattern or
outside of the gray-scale confidence interval represent significant deviations from normality.
Based on the Shapiro-Wilk test for Normality with subsequent Benjamini-Hochberg adjustment,
with p-values less than 0.05 as a significance criterion, the following numbers of exams out of
the 63 total were not normally distributed for each of the four parameters: 58 for exam scores
(92.06%), 59 for item difficulty (93.7%), 40 for discrimination index (63.5%), and 4 for point
biserial (6.35%). Shapiro-Wilk test results for exam score sets and the 3 item variables are found
in Figures 3 and 4.



Shapiro-Wilk Results for Exam Scores
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the left of this line represents statistically significant deviations from normality. The vertical axis
represents exam identifiers.



Shapiro-Wilk Results for ltem Variables
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discrimination, and point biserial data. The blue vertical dotted line represents the cutoff value
for statistical significance (p<0.05), thus, any point to the left of this line represents statistically
significant deviations from normality. The vertical axis represents exam identifiers numerically.
The results from the Q-Q plot analysis essentially matched that of the Shapiro-Wilk test and had
acceptable congruence. Therefore, we can conclude that exam scores and item difficulty on any
given exam was most likely to be non-normally distributed, discrimination index was less likely
to be non-normally distributed and point biserial was least likely to be non-normally distributed.
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Initial Inferential Statistics

For exploration of the exam data with some intuitive groupings, Kruskal-Wallis Rank Sum Tests
for non-parametric comparisons for each variable were done with Dunn tests for pairwise
comparisons. We chose several intuitive ways among many to group the data and look for a
significant effect of grouping: by number, course type, or individual exam. The course types
were: Basic medical foundations, Clinical Foundations, Focus, Osteopathic Manual Medicine,
Systems Biology. The adjusted p values for the Kruskal-Wallis tests were reported by the FSA
package as “0" for student scores grouped by course number, course type, or individual exam.
For the three item variables testing for an effect of the same grouping variables, the p values
were .01 or lower. This indicates that each of the grouping variables has a significant effect on
the data tested. Dunn tests of pairwise comparisons with the Benjamini-Hochberg correction
(data not shown) indicated which groups seemed to differ from others, and showed inconsistent
dispersion of groups, and are omitted for clarity and brevity. Also, these may well vary from
year to year. Such comparisons and further inferential analysis, when appropriate, are left to later
studies.

Discussion

General Findings

Our results suggest that the majority of exams in our sample had statistically significant
deviations from normal distributions regarding exam scores and item difficulty. Fewer item
discrimination index datasets were non-normally distributed, and very few point biserial sets
were non-normally distributed as assessed graphically and numerically. Preliminary inferential
analysis indicates statistically significant effects of grouping by number, course type, or
individual exam.

Raw Data and Summary Statistics

We noted many exam items falling far below their respective ideal ranges as defined in the
methods section of this manuscript. It is important for instructors to review underperforming
questions and critically revise them or remove them entirely. It is likely that close inspection of
item contents may reveal aspects of the question that led to under performance, and adjustments
can be made accordingly. We recommend the use of vetted and validated tools for question
writing, such as those put forth by the NBME.® Vanderbilt et al performed a review of test items
administered at their medical institution and determined whether items met high quality
criteria,?! and a similar approach may improve question quality at our institution. However,
performance on test items is also influenced by presentation of the material to students, which
should also be explored by respective instructors.

Additionally, it is important to note that the variables in our sample demonstrated varying
degrees of non-normality as demonstrated by skewness and excess kurtosis. Therefore, summary
statistics may be helpful in indicating which variables are likely to be non-normally distributed,
though summary statistics alone are not sufficient to confirm distribution characteristics details.
In the case of non-normally distributed data, future investigators may wish to perform inferential
statistics using non-parametric tests. However, we refrain from recommending the automatic use
of non-parametric tests without performing the normality testing as demonstrated in our
manuscript, as the data distributions are likely to change from year-to-year, and by variable.
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Normality Tests and Inferential Statistics

It is important to note the congruence between the Q-Q plot analysis and the Shapiro-Wilk test of
normality, which together support our findings and make them more robust. Nearly all exams
had non-normally distributed scores, though this is to be expected based on previous work. Of
the 3 item variables, item difficulty had the most instances of non-normal distribution by exam,
followed by discrimination index and point biserial. Therefore, the ability for performance on an
individual item to predict the overall outcome of the test as indicated by point biserial occurred
along normal distributions in most instances. In contrast, the ability item difficulty generally was
not-normally distributed, with significant negative skew. This finding suggests that many
questions may be excessively “easy,” although there can be a place for simple recall questions to
certify students have learned key take away information. The significance of the aforementioned
findings warrants further investigation and careful consideration. Depending on the situation,
classroom exams for medical students in our institution tend to be criteria based, which may lead
to abnormalities in exam statistics. In the second year, students are more homogeneous, which
might be expected to result in less non-normal distribution of scores. However, non-normality in
exam set variables is diffuse and pervasive throughout all courses. While inferential statistics
were not the main focus of the current study, future investigators should pursue further
inferential analysis to ascertain important differences that may support curricular improvement,
as supported by our preliminary inferential analyses.

Strengths and Limitations

Strengths of our study include being the first of its kind to be performed at our institution. We
have demonstrated that the assumption of normality for exam set variables is likely invalid and
have recommended the use of non-parametric tests in this case. However, our study is not
without limitations. Firstly, we only used one year's worth of data, to which the applicability of
our findings is limited, although we expect other years to behave similarly. Secondly, as it is
beyond the scope of this initial study, we did not exhaustively perform inferential statistics which
could reveal important relationships, though future studies should seek to investigate these
relationships. Lastly, our study is cross-sectional in nature and cannot suggest causality. Many
unmeasured factors could influence the few differences in our sample, and our results should be
interpreted accordingly.

Conclusions

We sought to examine the distribution characteristics of 4 variables used to explore exam
qualities at our institution with a focus on normality testing. Many exams at our institution had
non-normally distributed variables, and the assumption of normality for inferential statistical
methods is not supported. We recommend that future investigators perform normality testing
before proceeding with further statistical analysis, the results of which will inform the researcher
on the proper statistical tools and interpretations. Further study is required to elucidate important
causal factors that may lead to non-normal distributions, and consideration of when non-
normality might be expected or even desirable.
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