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ABSTRACT 
University course grades are quite important and are used for eval-
uating student performance, gauging course difficulty, assessing 
student preparedness, measuring instructor effectiveness, and as se-
lection criteria for graduate school admissions. However, education 
researchers and practitioners often raise concerns about the validity 
of grades, the impact of grade inflation, and inconsistent grading 
policies across instructors, academic departments, and universities. 
Research in grade analysis has been limited due to the lack of high 
quality and publicly accessible datasets that cover multiple institu-
tions. Without such datasets one cannot accurately characterize and 
analyze general grading trends and issues. In this study, grades 
from 33 public U.S. colleges and universities were collected, orga-
nized, merged into a common format, and posted in a publicly 
available repository. The dataset and associated information are de-
scribed in detail in this paper. In addition, analyses of the grading 
data were performed at the institutional, academic major, depart-
ment, and instructor level, with several interesting and notable 
results (e.g., academic departments assign very different grades, 
and this trend is relatively consistent across institutions). The da-
taset described in this paper can serve as a resource for educational 
researchers interested in grading and can be used to develop, eval-
uate, and test hypotheses related to grading and grading policies. 
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1. INTRODUCTION
Grades can be used to evaluate student performance, serve as a se-
lection criterion for graduate programs and employment, and 
determine scholarship eligibility. University administrators may 
also use grades to evaluate curricula success and make decisions 
regarding tenure track and adjunct instructors’ employment.  

Several studies have found variability in undergraduate grades that 
are not entirely attributable to student ability. A 2018 study ob-
served that when “controlled for student ability and course 
characteristics” there was a significant difference between depart-
mental average grades, suggesting a department-led policy on 
grade assignments [15]. Another study showed that grades in the 
sciences and economics are lower than grades in the humanities [8], 
while a study of three public universities showed that undergradu-
ate K-12 education departments assign significantly higher grades, 
with one of every five classes assigning A’s to all students [7].  An-
other study found that the “average grade difference between 

STEM and non-STEM course grades and GPAs is around four 
tenths of a grade point” and that students of the same academic cal-
iber (based on ACT scores and other course grades) receive lower 
grades in STEM courses [12]. One study found that academic de-
partments with lower student enrollments assign higher 
grades [10]. Chen et al. found a correlation between instructors’ 
temporary or part-time employment status and high grades, without 
an improvement in learning outcomes [14].  

Despite the purported lack of consistency in grades, they serve as a 
major decision-making force in higher education. Regardless of ap-
titude, students often interpret low grades as an “academic 
mismatch,” resulting in higher major withdrawal rates in low grade 
departments like Physics [6]. Lower grades in STEM departments 
have been found to disproportionately impact female students, re-
sulting in a higher major attrition rate compared to their male 
counterparts earning the same (low) grades [2].  Grades also play 
an important role in the professor-student relationship: studies have 
found that students often “punish” instructors by giving them lower 
ratings when they receive lower grades than expected, but rarely 
“reward” following a higher grade [4].  

Prior research on analyzing grade patterns has been limited by the 
amount, and time span, of the available data. Concerns about stu-
dent and instructor privacy also limits the availability of data, as 
privacy of student grades is legally mandated in the U.S. by the 
Family Educational Rights and Privacy Act (FERPA) [5]. 

This paper describes a large dataset of student grade data in 33 U.S. 
public universities and provides a high-level analysis of the grade 
data. To our knowledge, the dataset that we generated [11] is the 
largest unified grading dataset that is publicly available. This is one 
major contribution of our study. The original sources of the data for 
the 33 institutions were published and publicly distributed online 
by institutional research boards or as a result of Freedom of Infor-
mation Act (FOIA) requests. However, each dataset has its own 
format and cannot be combined without time-consuming data pro-
cessing. Our dataset will allow researchers to quickly evaluate 
grading-related hypotheses across geographically and academically 
varied institutions. Note that FOIA requests only apply to public 
institutions, which is why our data are all from public universities.  

Our unified grading dataset was used to analyze grading patterns at 
the institutional, academic major, and departmental level. This al-
lowed us to validate interesting patterns from past studies that relied 
on single-institution datasets [15][4][7][9][10]. A key findings is 
that, across the 33 universities, grades and grade distributions vary 
substantially based on academic field and department, which sug-
gests a large gap in student ability or marked differences in grading 
policies and practices.  

2. DATASET DESCRIPTION
This section describes the methods and references used in collect-
ing, aggregating, processing, and formatting the grade datasets. All 
data described here is publicly available for download [11]. 
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2.1 Data Collection and Manipulation 
Grade data was obtained from 33 U.S public universities by con-
ducting an extensive search for FOIA requests for grade data to 
state universities as well as official publications issued by institu-
tional research departments. Data obtained through FOIA requests 
were available via CSV and Excel files posted to the Internet, while 
data in interactive tools from institutional webpages were obtained 
through direct download or web-scraping using Python scripts. Due 
to FERPA restrictions, grade data from course sections with fewer 
than 10 to 15 students (depending on institution policy) were not 
available. We include the source of the original data in our dataset. 

Each dataset was converted into a unified tabular format, where 
each entry represents the letter grade distributions of a course or 
section during a particular semester. Institution-specific course 
names and codes were retained excluding special characters. Ta-
ble 1 describes the unified dataset format, which contains 28 
columns, along with sample data entries.  

Table 1. Unified Data Format 

Column Description 

Year {2009, …, 2022} 

Semester {Spring, Summer, Fall, Winter} 

Dept. Name {Computer Science, Spanish, …} 

Dept. Code 2-5 letter code for the department offering the 
course. Varies by school. {CS, SPAN, …} 

Course # 2-6 digit # representing course. {228, 101, …} 

Course Name {Discrete Structures II, Calculus I, …}  

Section Numerical or alphabetical index of a section. E.g. 
CS 228 in Spring 2017 has sections 1, 2, and 3. 

CRN Unique identifier for course. May be recycled 
across different semesters. Only filled if explic-
itly provided in the university's original dataset. 

Instructor Name or identification number of the instructor. 

Enrollment Number of individual students/grade instances. 

Avg. GPA Average GPA of a section. Only filled if explic-
itly provided in the university's original dataset. 

Letter grade % {A+, A, …, F, Pass, Fail, W}. Sums to 100. 

Other Uncommon fields or notes by researchers. 

Depending on the level of detail provided by the institution, data 
may be provided for only a subset of the columns in Table 1. If the 
original dataset explicitly provided section level data, then “Sec-
tion” will be filled in. If the dataset did not explicitly provide this 
information but included unique CRNs for each course section in a 
given semester, then we generated artificial section numbers. 

All but one school had a letter grading scheme. Letter grades were 
mapped to their numerical equivalent with A corresponding to 4.0, 
F corresponding to 0.0, and with each letter grade transition yield-
ing a 0.33 drop in value (e.g., A- is 3.7). Michigan State University 
had a unique grading scale that included values 4.0, 3.5, 3.0, 2.5, 
2.0, 1.5, 1.0, and 0.0. To maintain consistency within other data, 
these grades were mapped to A, B+, B, C+, C, C-, D, and F. Several 
institutions, such as Brooklyn College, assign + and – grades but 
only released the base grade (i.e. A+, A, and A- are mapped to A). 
Universities generally used ascending numerical order for Course 
#, where the first digit represents the course level (1=Freshman and 
4=Senior). Exceptions are UC Berkeley, UCLA, and UCSB, where 
0-99 are lower-level undergraduate, 100-199 are higher level un-
dergraduate, and >200 are graduate courses.  

Twenty-six of the datasets (a subset of schools with data at the sec-
tion level) published instructor names. Although these names are 
already publicly available online, we anonymized them (e.g., In-
structor 1, Instructor 2, …) as the instructors likely did not 
explicitly agree to the release of this information. 

2.2 Institutional Information 
Each csv file in our dataset is titled with the institution name, con-
sistent with NCES (National Center for Educational Statistics) 
naming. Table 2 shows the details for the 33 institutions represented 
in our dataset. The “Period” column indicates the time span for the 
data set, with F (Fall), S (Spring), and U (Summer). The Level 
(“Lvl.”) column indicates if the grade data is provided at the Course 
(“C”) or Section (“S”) level and the Instructor (“Inst”) column has 
a checkmark if instructor-level grade data is provided. The last two 
columns specify the average unweighted and weighted GPAs for 
the institution (these terms are defined in Section 2.3).  

Table 2. Institution Grade Dataset Information 

School Period Entries Lvl. Inst.  uwGPA wGPA 

Brooklyn Col. 15F-22F 16113 C   3.52 3.35 
Cal. State LA 14F-22S 63201 S  3.17 2.94 
Chicago State 11F-15F 6376 C  2.77 2.69 
George Mason 11F-16S 50102 S ✔ 3.14 3.01 
Georgia Tech 13U-22F 25817 C  3.60 nan 
GV State 11F-15F 33012 S ✔ 3.20 3.11 
Illinois State 11F-15F 22836 S ✔ 3.24 3.07 
IU Bloomington 09F-15F 84485 S ✔ 3.37 3.22 
James Madison 10F-21F 70817 S ✔ 3.23 3.11 
Kennesaw State 15F-22F 74555 C  3.16 3.01 
Kent State 11F-15F 59036 S ✔ 3.05 2.90 
Michigan State 11F-22F 107283 S ✔ 3.34 2.97 
NC State Raleigh 11F-15F 24153 S ✔ 3.23 2.92 
Northern Illinois 11F-15F 27010 S ✔ 3.09 2.88 
Parkland College 11F-15F 11764 S  2.81 nan 
Purdue 16F-22F 104038 S ✔ 3.39 nan 
Texas Tech 10F-15S 33600 S ✔ 3.09 2.92 
UC Berkeley 09F-14F 20959 S ✔ 3.43 3.09 
UC Irvine 10F-15F 28910 S ✔ 3.31 2.96 
UCLA 10F-15F 29789 S ✔ 3.40 3.21 
UCSB 09F-22S 85218 S ✔ 3.45 2.90 
U of Houston 11F-15S 54952 S ✔ 3.38 2.88 
U of IL Chicago 10F-15F 31586 S ✔ 3.30 2.73 
UIUC 10F-22S 64048 S ✔ 3.36 3.31 
U of Kentucky 10F-15F 51690 S ✔ 3.30 3.11 
UMD CP 12F-16F 64021 S ✔ 3.33 3.23 
UM Twin Cities 17F-20F 39124 S ✔ 3.44 3.27 
UNC Charlotte 09F-15F 46827 S ✔ 3.21 nan 
U of S. Carolina 18F-23U 77951 S  3.31 3.19 
UVA 11F-21S 45537 S ✔ 3.53 3.43 
UW Seattle 10F-16W 39242 S ✔ 3.47 3.34 
Virginia Tech 11F-15F 35174 S ✔ 3.31 3.21 
West Virginia 11F-15F 34197 S ✔ 3.14 2.96 

2.3 GPA and Enrollment Computation 
Average GPA is used to compare grade levels at the institution, 
field, and departmental levels (it is never used to describe the per-
formance of individual students since grade data is not available at 
that level). When the average GPAs of various units (e.g., sections, 
courses) are combined, both an unweighted and weighted average 



GPA are computed. The average weighted GPA weighs each unit 
by the number of enrolled students while the unweighted average 
GPA weighs each unit equally. Grades corresponding to W (“With-
drawn”) and “Pass/Fail” were excluded. The GPA calculations use 
the following mapping: 

A+ (4.3), A (4.0), A- (3.67), B+ (3.33), B (3.0), B- (2.67), C+ (2.33), 
C (2.0), C- (1.67), D+ (1.33), D (1.0), D- (0.67), and F (0.0).  

2.4 Hierarchy of Academic Disciplines 
In this section we describe the classification hierarchy of academic 
fields that is utilized for high level analysis at the department or 
major level. We first needed to identify the department name asso-
ciated with each course, as some schools in our study provide a 
department code (e.g. “CISC”) but no department name (e.g., 
“Computer and Information Sciences”). Institution website scrap-
ing and internet searches were employed to identify department 
names in such cases. In 2.2% of the cases the department name 
could not be located, and the field was marked as “NA.”  

The classification hierarchy used in this study, shown in Table 3, 
maps departments into five categories and fourteen subcategories. 
These classifications are based on the College Board’s informa-
tional guide “College Majors by Academic Area” and the NCES 
subject codes [1][17]. 

Table 3. Hierarchy of Academic Disciplines 

Category Subcategory Department Examples 

Arts & 
Humanities 

Art, Media, & Archi-
tecture 

Art, Music, Dance, Art His-
tory, Architecture, Theater 

Humanities 
History, Philosophy, English, 
Linguistics, Classics, Reli-
gious Studies-Religion 

Foreign Language 
Italian, Chinese, Japanese, 
Spanish, Russian, French 

Social Sci-
ences & 

Public Ser-
vices 

Social Sciences 
Sociology, Economics, Psy-
chology, Anthropology, 
Political Science, Geography 

Public & Social Ser-
vices 

Special Education, Social 
Work, Criminal Justice 

Business Business 
Management, Accounting, 
Marketing, Business Admin-
istration, Entrepreneurship 

STEM 

Science & Math 
Physics, Mathematics, Chem-
istry, Computer Science, 
Statistics, Biology 

Engineering 

Mechanical, Chemical, Bio-
medical, Electrical and 
Computer, Civil and Environ-
mental Engineering 

Health & Medicine 
Nursing, Physical Therapy, 
Pharmacy, Occupational 
Therapy, Health Sciences 

Miscellaneous 

Trades & Personal Ser-
vices 

Parks and Recreation Man-
agement, Construction 

Military & ROTC 
Military Science, Air Force 
ROTC, Aerospace Studies 

Interdisciplinary & In-
dividualized Study 

Interdisciplinary Studies 

Honors, Leadership, 
General Education & 
Academic Support 
Seminars 

Honors Arts and Sciences, 
First Year Seminar, Leader-
ship Seminar 

Uncategorized 
Missing or Administrative 
support department codes 

We conducted a thorough survey of institution-specific department 
names using Python language processing tools to match depart-
ments to their corresponding subcategories. Departments such as 
ROTC (Reserve Army Training Corps) and interdisciplinary stud-
ies (e.g. Agricultural Science and Economics) were placed in the 
“Miscellaneous” category. The “Uncategorized” subcategory of the 
“Miscellaneous” category was excluded from analyses. For each 
institution, the mappings between the department code, department 
name, and subcategory are stored and included in an excel file in-
cluded in the dataset. Note that STEM is an acronym for Science, 
Technology, Engineering, and Math. 

3. ANALYSIS OF GRADING DATA 
In this section the compiled dataset is analyzed to identify interest-
ing patterns at the institutional, academic discipline, and 
department level. All analyses utilize the entire dataset. 

3.1 Institutional-Level Grading Trends 
We begin by examining the distribution of average GPAs over the 
33 schools included in our dataset. Figure 1 shows the unweighted 
average GPA of each institution (orange) and the weighted average 
GPA of 29 of the 33 schools (blue); the weighted GPA is unavail-
able for four schools as their data did not provide course/section 
level enrollment data. When the two metrics overlap the color that 
is used is a mixture of orange and blue. The mean of the weighted 
GPA averages is 3.07 and peaks in the 2.9-3.0 band, while the mean 
of the unweighted averages is 3.27 and peaks in the 3.3-3.4 band. 
The 0.20 difference in global averages indicates that lower enrolled 
sections/courses assign higher grades than the higher enrolled sec-
tions/courses. This finding agrees with prior research which found 
a negative correlation between class size and grade [8].  

 
Figure 1. Distribution of Institutional GPAs 

The average weighted schoolwide GPAs center at a point higher 
than 3.0, which corresponds to a B, which is inconsistent with U.S. 
universities’ grading guidelines which typically define a C as “av-
erage performance.” Those guidelines seem to reflect grading 
policies of the past, prior to grade inflation. Figure 1 also shows 
that there is wide variance in the average grades by institution. In-
stitutional average weighted GPA’s vary from 2.69 (Chicago State 
University) to 3.43 (University of Virginia). The differences in 
GPA averages could be due to many factors, such as differences in 
student achievement levels, disparities in instructional quality, and 
institutional pressures to refrain from giving low grades. The grade 
data shows that institutions with higher average GPAs also have 
higher course withdrawal rates, typically in the 7-10% range, which 
may be partially responsible for the higher GPAs.  Some schools 
may offer a much more liberal course withdrawal policy (e.g., later 
withdrawal deadlines that have no grade penalty) specifically to al-
low students to avoid low grades. 

The next analysis examines the distribution of letter grades. Of the 
institutions that provide section or course level enrollment data, the 



most common grade is an A (within the A range for schools that 
drop the + and – when reporting grade data). Even Chicago State 
University, which had the lowest average weighted GPA at 2.69, 
assigns 35.8% of the grades in the A range. As expected, institu-
tions with higher weighted GPA (above 3.2) gave many A or 
A-range grades; in fact, at many high GPA institutions like the Uni-
versity of Virginia, the majority of assigned grades are an A.  

Figure 2 investigates changes in GPA over time and depicts the av-
erage institutional GPA per year, with each line representing one 
school. Only schools with 7 or more years of data (12 schools in 
total) were represented on the graph. A general increase in average 
GPA is observed across schools with 5+ years of data available, 
consistent with prior research’s findings of “grade inflation” where 
the average grade awarded increases over time [3]. The figure also 
shows a relatively abrupt increase in average GPA between 2019 
and 2020 (of 0.131 GPA points), and a following drop which re-
turns the trend to the original. This may be attributed to the “Covid 
effect,” which states that the collective transition to online courses 
in higher education in the Spring 2019 semester due to Covid-19 
caused an increase in grading leniency [16].  

 
Figure 2. Institutional Average GPAs over Time 

3.2 Grading Trends Across Disciplines 
This section looks at grading trends and patterns across academic 
disciplines at the category and subcategory levels defined in Ta-
ble 3. Table 4 depicts the average unweighted GPA over all 
institutions at the category level. We observe that the STEM cate-
gory has the lowest average GPA. 

Table 4. Average GPA by Academic Category 

Category STEM Arts &  
Humanities 

Business Social  
Sciences 

Misc. 

Avg. GPA 3.160 3.282 3.287 3.349 3.491 

Figures 3 and 4 depict the difference in average GPA between the 
academic subcategory at a school and the school’s overall average 
GPA, for the weighted and unweighted cases. The entries are sorted 
from right to left by increasing differences in GPA. Each grey dot 
corresponds to one school’s subcategory and the blue and orange 
bars represent the average GPA shift for that subcategory over all 
the schools (i.e., average of grey dot values). One outlier was ex-
cluded from each figure due to a grade shift with magnitude 
exceeding 1 for the “Trades,” “Interdisciplinary,” Uncategorized,” 
and “Seminars” subcategories, usually because of the small number 
of classes at Chicago State University in those areas.   

We observe that “Sciences and Math” has the lowest average GPAs 
compared to institutional averages, with an average -0.21 (down-
ward) weighted GPA shift. Furthermore, every institution showed 
a below-institutional-average GPA (i.e., negative shift) for “Sci-
ences and Math”, with Chicago State and Northern Illinois State 
University having a -0.47 and -0.38 shift, respectively. As seen in 

Figure 4, “Engineering” has the second lowest average weighted 
GPA and generally has a downward shift. These findings are con-
sistent with prior research that STEM disciplines have lowest 
average GPAs within an institution [10]. The “Humanities” subcat-
egory was found to have large variance in grade shift from the 
institutional average, with a positive GPA shift of 0.05. The dis-
crepancy between the unweighted and weighted GPA shift is 
especially notable for the humanities department, indicating higher 
grades in the higher enrollment courses.  

 
Figure 3. Unweighted GPA Differences by Subcategory 

 
Figure 4. Weighted GPA Differences by Subcategory 

3.3 Department Level Grading Trends 
In this section we consider grades at the department level. Figure 5 
shows GPA weighted by enrollment for six departments for the 
nine subcategories best represented in the dataset. The mean un-
weighted GPA over the departments is 3.25 and is denoted in 
Figure 5 by a red dashed horizontal line. The departmental GPAs, 
aggregated across all of the 33 schools that have the department, 
vary from a low of 2.67 for “Mathematics” to a high of 3.81 for 
“Curriculum and Instruction.” The “Science and Math” depart-
ments and “Social Sciences” departments all have GPAs below the 
mean departmental GPA. Meanwhile, all but one of the “Health and 
Medicine” and “Public and Social Services” departments have 
GPAs greater than the mean. These results are consistent with those 
from our prior study of grading trends at Fordham University that 
found STEM departments had lower GPAs than departments in 
Arts, Humanities, and Languages or Communications and Social 
Sciences [10]. These findings also agree with another study that in-
dicated “courses emphasizing quantitative and factual learning tend 
to have assigned lower grades” [13]. 

 



 

 

Figure 5. Weighted GPA by Department 

We next analyze the relationship between total department enroll-
ment and grades. The scatter plot in Figure 6 relates a particular 
department’s percentage of total enrollment within its university to 
its average GPA. Each point represents one department at one uni-
versity. Three university departments with GPAs below 2.0 do not 
appear in the figure. One university with over 11% university en-
rollment also does not appear. The red dashed horizontal line in 
Figure 6 identifies the departments with GPAs above 3.8. The re-
sults indicate that the very highest GPAs are associated with the 
departments with the lowest enrollments at a university, although 
small departments also assign low grades. In fact, only departments 
with enrollments below 3% appear in the upper grade band. Thus, 
very high GPAs are associated with (relatively) small departments, 
but low GPAs are not necessarily associated with either small or 
large departments. This observation is consistent with what was 
found in prior research at a single private university [10]. 

 
Figure 6. Department GPA vs. % University Enrollment  

Figure 7 further investigates the relationship between department 
GPA and enrollment but aggregates all departments with similar 
percentages of total university enrollment. As can be seen, average 
GPA initially decreases monotonically as enrollment increases, but 
then fluctuates. This figure further supports the conclusion that the 
departments with the smallest enrollments at a university assign the 
highest grades. One reason for this phenomenon may be that these 
departments may feel pressure to attract students to fill their clas-
ses. Since average grades and information about faculty grading 
habits are often available to students through institutional channels 
or through peers’ word-of-mouth, departments with fewer majoring 
students may intentionally offer higher grades. However, it is also 
possible that professors in smaller departments form closer rela-
tionships with students, resulting in higher quality of instruction 
and retention. Such rapport may also cause instructors’ reluctance 
to assign lower grades, as they have formed a more personal rela-
tionship with students.  

 
Figure 7. Aggregated Department GPA vs. Enrollment 

4. CONCLUSION AND FUTURE WORK 
This study collected data from 33 U.S. public universities, repre-
sented the data using a common format, documented the data, and 
made it easily available for public use [11]. This dataset can be used 
to investigate grading patterns at various levels and can be used to 
validate or refute the finding of smaller studies, especially the many 
studies that involve only a single university. Our publicly available 
dataset repository will also accept data submissions from additional 
universities, and thus can become an even more important resource 
for education researchers. We provide a hierarchy of academic dis-
ciplines that can be utilized to further standardize work in the area.  

The dataset is limited due to privacy issues, in that grade data is not 
provided at the student level, so analysis of individual student grad-
ing patterns is not possible. However, we can still perform useful 
analyses, such as identifying instructors who assign statistically dif-
ferent grades than colleagues at the course, department, or 
institution level. Department heads and administrators can use this 
to improve fairness and ensure grades reflect student learning. 
Comparing instructor-associated grade variability across different 
universities may also lead to guidelines about interpreting specific 
grades. 

This paper also provides some analysis of the data. In Section 3.1, 
we showed that A’s are the most awarded grade and that there is 
grade inflation, which surged temporarily due to remote learning 
due to the Covid pandemic. We further showed that science and 
math departments have markedly lower grades than most other de-
partments and that there are very large differences in grading across 
departments and these differences are relatively consistent across 
universities. Our analysis also showed that departments with the 
very highest average GPAs tend to be the smaller departments 
within their universities. The dataset that we released can be used 
to conduct many additional analyses, and as mentioned, can be used 
to validate the results of smaller studies.   
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