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A Primer on Working with Longitudinal Data 

Abstract 

Longitudinal, student-level data are a rich resource for characterizing how students navigate the 
terrain of higher education. Learning to work effectively with such data, however, can be a 
challenge.  In this paper, we share some of our experiences over years of conducting research 
with the Multiple Institution Database for Investigating Engineering Longitudinal Development 
(MIDFIELD). MIDFIELD contains individual student-level records for all undergraduate 
students at 19 US institutions with over 1.7 million unique students. This paper focuses on our 
lessons learned about processing longitudinal data to prepare it for analysis. We describe and 
define the steps that we take to process the data including filtering for data sufficiency, degree-
seeking, and program (major), then classifying by completion status and demographics. We use 
the examples of calculation of graduation rate and stickiness to show the details of how the 
processed data is used in analysis.  We hope this paper will help introduce the landscape of 
longitudinal research to a wider audience and provide tips for working with this valuable 
resource. 

Introduction 

The study of engineering education has been enhanced by the creation and study of a multi-
institution student records longitudinal dataset.  Longitudinal data contains the same variables for 
the same individual over time.  Longitudinal student records data is powerful but learning to 
work with it can be daunting.  In this paper, we share some of our experiences over many years 
of conducting research with the Multiple Institution Database for Investigating Engineering 
Longitudinal Development (MIDFIELD) [1].  MIDFIELD contains student record data for all 
undergraduate students at 19 institutions across the USA with over 1.7 million unique students.  
This rich dataset is large enough to permit disaggregation by multiple categories such as 
race/ethnicity, sex, and program.  Such disaggregation is particularly important for conducting 
intersectional analyses and investigating small, underrepresented populations.  This has enabled 
impactful and award-winning research and informed institutional decision-making.  For 
examples, see [2, 3, 4]. 

Before data analysis can begin, researchers need to process the dataset to define what groups of 
students will be studied and what additional variables need to be created. This paper describes 
and defines the steps that we take to process the data. Our initial data processing involves eight 
steps: 1) measuring data sufficiency, 2) determining if a student is degree-seeking, 3) 
determining program (major), 4) creating blocs, 5) setting first-year engineering (FYE) proxies, 
6) determining starters in each major, 7) identifying students who graduate, and 8) creating 
grouping variables. We also summarize two different analysis metrics: graduation rate and 
stickiness. The following discussions are focused on MIDFIELD data, but the concepts can be 
applied to any longitudinal dataset. 

For example, if researchers want to study the graduation rate of students in electrical engineering 
(EE) disaggregated by race/ethnicity and sex, they will first choose only students that started in 
electrical engineering, as defined by their Classification of Instructional Programs (CIP) code 



[5], that had data sufficiency.  Data sufficiency means that they have enough data to compute a 
6-year graduation rate.  Some student records near the lower and upper terms that bound the 
available longitudinal data must be excluded to prevent false summaries involving timely 
completion.  Timely completion is the count of graduates completing their programs in no more 
than 6 years. Then the researcher would choose only degree-seeking students.  It may be helpful 
to create variables with thoughtfully decided names along the way such as the name of the 
degree program.  For example, there might be a variable for students ever in EE and another for 
those who graduate in EE.  Before applying any metrics, data must be filtered for the 
demographic variables of interest which can include race/ethnicity and sex.  Data must be 
grouped and summarized. 

See Appendix 1 for definitions of the terms that we use in this paper. 

 

Step One: Measure Data Sufficiency 

The time span (or range) of MIDFIELD data varies by institution. At the upper and lower limits 
of a data range, a potential for false counts exists when a metric (such as graduation rate) 
requires knowledge of timely degree completion. For such metrics, student records that produce 
problematic results due to insufficient data are nearly always excluded from study. See [6] for 
the R code that we use to determine data sufficiency. 

Upper-limit data sufficiency 

For students admitted too near the upper limit of their institution’s data range, the available data 
cover an insufficient number of years to know if completion is timely. To illustrate, in Figure 1 
we compare two students admitted in different terms with representative time spans shown for 
timely completion. In this scenario, we assume institution data is available from 1986 to 1996. 

 
Figure 1: Upper limit data sufficiency. 

 
 
 



Student A 
Student A enters in 1988 with a timely completion (TC) term in 1994. In both of the 
following cases, the data sufficiency criterion is satisfied since the TC term is within the 
range of the available data, and the records are included in a study. 

 A-1: First time in college (FTIC), so we know their first term is their entry term (i.e., they 
are not a continuing student) and we can determine their TC term. 

 A-2: Transfer student, and we know their first term in a MIDFIELD institution. We have 
no knowledge of how much time was spent accumulating their pre-MIDFIELD credit 
hours, but we can estimate a TC term with respect to their “level” at entry, that is, 
entering as a first-year student, second-year student, etc.  

Student B 
Student B enters in 1993 with a TC term in 1998, two years beyond the range of the data. 
We have several possible cases, 

 B-1: Before the upper data limit, the student completes their program (timely completion, 
known record) 

 B-2: Before the upper data limit, the student leaves the data base (non-completion, known 
record) 

 B-3: After the upper data limit, the student completes before their TC term (timely 
completion, no record) 

 B-4: After the upper data limit, the student completes after their TC term or fails to 
complete (late completion or non-completion, no record) 

Because the outcomes in cases B-3 and B-4 are not in the record, to include case B-1 and B-2 
produces a miscount of timely completers, late completers, and non-completers. Thus, all student 
B records are excluded from the study. 

Lower-limit data sufficiency 

To determine data sufficiency record exclusions at the lower limit of the data range, we compare 
a student’s first term (non-summer) to the first term of the data range (also non-summer). When 
these two terms are identical, the complete unit record is excluded. We illustrate with the three 
scenarios described below. 

 
Figure 2: Lower limit data sufficiency. 



Student A 
Like Student A in Figure 1, they enter the dataset in a term following the data lower limit 
and are included in a study. 

Student C 
Student C enters the institution before the lower limit of the data range (a “continuing” 
student) or they enter the institution at the lower limit precisely. 

 C-1: If student C is continuing, regardless of status (FTIC or transfer), making an 
estimate of their TC term invariably leads to false counts because we have no knowledge 
of how much time was spent accumulating credit hours at their MIDFIELD institution 
before the lower data limit. Including C-1 would also produce false counts because of 
student D (discussed below). 

 C-2: If student C is not continuing, that is, their first-time entry to a MIDFIELD 
institution is at the lower data limit (here, 1986), we would include them in a study if we 
could. Unfortunately, we cannot distinguish them from continuing students. Having to 
exclude C-1 inherently excludes C-2 as well. 

Student D 
Student D enters the institution at the same time as continuing student C but leaves the 
database before the data lower limit term. 

 D-1: Student D did not timely-complete their program. In this case, if we include student 
C our count of non-completers is low (D-1 cases are missing), resulting in an inflated 
ratio of completers to non-completers. 

 D-2: Student D did timely-complete their program. Here, if we include student C our 
count of completers is low (D-2 cases are missing), resulting in a diminished ratio of 
completers to non-completers. 

The balance of these two effects is unknowable. Since student D cannot possibly be included, 
Student C must also be excluded. 

Step Two: Determine if a student is degree-seeking 

Most analysis of student-level records omit records of students not seeking degrees. By design, 
MIDFIELD contains records of degree-seeking students only. If your dataset contains non-
degree students, see [7] for the R code that we use to determine if a student is degree -seeking. 

Step Three: Academic programs 

In the USA, instructional programs are encoded by 6-digit numbers curated by the US 
Department of Education known as the classification of instructional programs or CIP code [5]. 
The US standard encoding format is a two-digit number followed by a period, followed by a 
four-digit number, for example, 14.0102. MIDFIELD uses the same numerals, but omits the 
period, i.e., 140102, and stores the variable as a character string. 

 



Taxonomy 

Academic programs have three levels of codes and names: 

 6-digit code, a specific program 
 4-digit code, a group of 6-digit programs of comparable content 
 2-digit code, a grouping of 4-digit groups of related content 

Specialties within a discipline are encoded at the 6-digit level, the discipline itself is represented 
by one or more 4-digit codes (roughly corresponding to an academic department), and a 
collection of disciplines are represented by one or more 2-digit codes (roughly corresponding to 
an academic college). 

For example, Geotechnical Engineering (140802) is a specialty in Civil Engineering (1408) 
which is a department in the college of Engineering (14). A 2-digit program can include 
anywhere from four 4-digit programs (e.g., code 24 Liberal Arts and Sciences, General Studies 
and Humanities) to 238 4-digit programs (e.g., code 51 Health Professions and Related Clinical 
Sciences). And 4-digit programs include anywhere from one 6-digit program (e.g., code 4100 
above) to 37 6-digit programs (e.g., code 1313 Education). 

Unfortunately, some disciplines can comprise more than one 4-digit code. For example, the 
programs that comprise the broad discipline of Industrial and Systems Engineering encompass 
four distinct 4-digit codes: 1427 Systems Engineering, 1435 Industrial Engineering, 1436 
Manufacturing Engineering, and 1437 Operations Research. Hence the importance of being able 
to search all CIP data for programs of interest. 

See [8] for the R code that we use to determine programs. 

Step Four: Blocs 
 
A bloc is a grouping of student-level records dealt with as a unit, for example, a grouping of 
starters in a program, graduates of a program, or ever enrolled in a program. We often use a left 
join merging operation to add one or more variables to a working data frame and filter on those 
variables to construct the desired bloc. 

Different metrics require different blocs. Graduation rate, for example, requires starters and their 
graduating subset whilestickiness requires ever enrolled and their graduating subset. Because a 
bloc is usually defined for specific programs, the final filter applied in gathering a bloc is often 
an inner join to filter by program labels, as derived in the Programs section. 

See [9] for the R code that we use to create blocs. 

 
Step Five: Determine starters in each major 
 
A degree-seeking student enrolled in their first degree-granting program is a starter in that 



program. Identifying starters is typically performed as part of a graduation rate calculation, 
though it can also be a useful measure on its own. 

Special cases 

In two special cases, an entering student’s CIP code does not correspond to a degree-granting 
program. Our procedure for identifying starters accommodates both special cases. 

Case 1 Unspecified 

The first case includes records for which a CIP is unspecified or reported as “undecided”. In 
MIDFIELD data, both conditions are encoded as CIP 999999. Students may enter with this CIP 
but we do not consider them starters until and if they enroll in a degree-granting program.  

Case 2 First-Year Engineering (FYE) 

The second case is more nuanced. At some US institutions, engineering students are required to 
complete a First-Year Engineering (FYE) program as a prerequisite for declaring an engineering 
major. These students are admitted as Engineering majors, but we don’t know to which degree-
granting program they intended to transition. At the 2-digit CIP level, FYE students are starters 
in Engineering (CIP 14). If we do not restrict a study to 2-digit CIPs, however, we use FYE 
proxies—our estimates of the degree-granting engineering programs (6-digit CIP level) that FYE 
students would have declared had they not been required to enroll in FYE. 

Potential for starter miscounts 

To illustrate the potential for miscounting starters, suppose we wish to calculate a Mechanical 
Engineering (ME) graduation rate. Students starting in ME constitute the starting pool and the 
fraction of that pool graduating in ME is the graduation rate. 

At FYE institutions, an ME program would typically define their starting pool as the post-FYE 
cohort entering their program. This may be the best information available, but it invariably 
undercounts starters by failing to account for FYE students who leave the institution or switch to 
non-engineering majors. In the absence of the FYE requirement, some of these students would 
have been ME starters. By neglecting these students, the count of ME starters is artificially low 
resulting in an ME graduation rate that is artificially high. The same is true for every degree-
granting engineering major in an FYE institution. 

Because of the special nature of FYE programs, we cannot address starter miscounts by grouping 
FYE students with those admitted with “undecided” or “unknown” CIP codes—FYE students are 
neither. They were admitted as Engineering majors (2-digit CIP 14). However, we don’t know to 
which degree-granting program (6-digit CIP) they intended to transition. 

Therefore, to avoid miscounting starters at FYE institutions, we use “FYE proxies” which 
estimate the 6-digit CIP codes of the degree-granting engineering programs that FYE students 
would have declared had they not been required to enroll in FYE.  We construct a data frame 



suitable for imputation Multivariate Imputation by Chained Equations (MICE) algorithm using 
the mice R package [10]. For a given set of source files, FYE proxies need be created only once 
and written to file. The result can be used as needed unless the source files change. 

See [11] for the R code that we use to determine FYE proxies and [12] for the R code that we use 
to determine starters in each major. 

Step Six: Identify students who graduate 
 
An undergraduate student who completes their program and earns their first bachelor’s degree is 
a completer. To be counted among their program’s graduates however usually depends on 
whether they satisfy the criterion for timely completion. We derive a completion status variable 
to filter student-level records to obtain a bloc of graduates. 

The next step might be to subset the graduates if necessary to meet the needs of the metric. For 
example, the graduation rate metric requires graduates to be a subset of starters in the same 
program. We postpone this step until describing the metrics later in the paper. 

See [13] for the R code that we use to identify students who graduate. 

Step Seven: Create grouping variables 
 
We add grouping variables from the MIDFIELD data tables to our blocs in progress. We select 
these variables to provide the aggregating categories we want for a particular metric. Program 
labels and student demographics are two of the most common sets of grouping variables we use. 
See [14] for the R code that we use to create groupings. 

Program labels 

At this point in a typical workflow, we have a bloc of student-level records in progress and a data 
frame of program labels. Both data frames have a 6-digit CIP variable to join by. 

Program labels serve two main functions: 

 Filtering variable to finalize a bloc. For example, “starters” or “graduates” usually mean 
starters or graduates in specific programs. Thus a bloc procedure typically concludes with 
a program filter as in ever-enrolled, starters, or graduates. 

 Grouping variable for summarizing data. Having filtered a bloc to retain records in 
specific programs, the program label is retained and used with other grouping variables 
such as race/ethnicity and sex when computing and comparing metrics.  

Rationale for the inner join. An inner join accomplishes two tasks: adds a column of program 
labels to the bloc; and filters the bloc to retain only those observations with CIPs matching the 
desired programs. 

 



Demographics 

Demographic variables (race/ethnicity and sex) are regularly left-joined to blocs for grouping 
and summarizing. We often want to remove records for which race/ethnicity or sex are 
“unknown”.  

Add origin 

Origin is a demographic variable we use to distinguish “domestic” students from “international” 
students. The variable is a recoding of the race variable since international students typically 
must choose “international” rather than another race category at most institutions. 

Add people 

People is a demographic variable we use in many of our summaries. The variable combines the 
race and sex variables. 

Add people by origin 

Combining the two ideas above, again assuming that the observations on unknown race/ethnicity 
and sex have been removed, 

Add Other variables 

Depending on one’s research question, any number of MIDFIELD variables might be used for 
grouping records.  

Analysis metric 1: Graduation rate 
 
Graduation rate—the fraction of a cohort of program starters who complete their program in a 
timely manner (typically 6 years)—is a widely used, though flawed, measure of academic 
achievement. The American Council on Education estimates that the conventional definition of 
graduation rate may exclude up to 60% of students at 4-year institutions. Nevertheless, as Cook 
and Hartle [15] explain, 

… in the eyes of the public, policy makers, and the media, graduation rate is a clear, 
simple, and logical—if often misleading—number. 

 
Recognizing that graduation rate is a popular metric, we propose a definition of graduation rate 
that includes all conventionally excluded students except migrators.  

Starters and migrators 

As they pertain to the graduation rate metric, relationships among starters, migrators, and 
graduates (timely completers) of a given program P are illustrated in Figure 3. 



 The overall rectangle represents the set of students ever enrolled in program P. 
 The interior rectangle represents the set of graduates (timely completers) of program P. 
 Region 1 (shaded) represents the graduation rate denominator, the set of starters in 

program P. 
 Region 2 (shaded) represents the graduation rate numerator, the subset of starters who are 

also graduates of program P. 
 Region 3 (unshaded) represents the set of students excluded from the graduation rate 

metric, depending on how “program” is defined as discussed below. 

 
Figure 3. Graduation rate metric. Starters, migrators, and timely completers. 

 
When calculating graduation rate, whether migrator-graduates are included in the count of 
graduates depends how a program is defined in terms of CIP codes. 

 Institution level. Graduation rate computed at the institution level includes all migrators 
within the institution. For example, starters in Engineering (CIP 14) who graduate in 
Business (CIP 52) are both starters and timely completers at the institution level. IPEDS 
defines this rate as the institution completion rate. 

 2-digit CIP. Graduation rate includes migrator graduates within the same 2-digit CIP. For 
example, starters in Engineering (CIP 14) graduating in Business (CIP 52) are excluded 
from the count of Business graduates, but migrators within Engineering (all 6-digit CIP 
codes starting with 14) are both starters and timely completers in Engineering. 

 4-digit CIP. Similar to the 2-digit case. For example, starters in Electrical Engineering 
(CIP 1410) graduating in Mechanical Engineering (CIP 1419) are excluded from the 
count of Mechanical Engineering graduates, but migrators within Electrical Engineering 
(all 6-digit CIP codes starting with 1410) are both starters and timely completers in 
Electrical Engineering. 

 6-digit CIP. Rarely used. Graduation rate at this CIP level excludes all migrators from the 
count of graduates. 



 Multiple CIPs. In some cases, a single program or major includes different 4-digit CIPs. 
For example, migrators between Systems Engineering (CIP 1427), Industrial Engineering 
(CIP 1435), Manufacturing Engineering (CIP 1436), and Operations Research (CIP 1437) 
might be considered both starters and timely completers in a general program of 
Industrial & Systems Engineering. 

Who is a starter? 

In the US, the predominant definition of graduation rate is that established by the US Department 
of Education, Integrated Postsecondary Education Data System (IPEDS). The IPEDS definition 
underlies the finding cited earlier that a graduation rate metric may exclude up to 60% of 
students. 

Many of the IPEDS exclusions relate to how starters are defined. By expanding the starters 
definition, MIDFIELD proposes a graduation rate definition that includes all conventionally 
excluded students except migrators. 

Table 1: Comparing graduation rate definitions 

Item IPEDS MIDFIELD MIDFIELD notes 

completion span: 4, 6, or 8 years 4, 6, or 8 years Typical usage is 6 years 

students admitted in: Summer/Fall only any term  

part-time students are: excluded included Timely completion same as full-time students 

transfer students are: excluded included Timely completion span adjusted for level at entry 

 

See [16] for the R code that we use to create graduation rate. 

Analysis metric: Stickiness 
Stickiness is a more-inclusive alternative to graduation rate as a measure of a program’s success 
in attracting, keeping, and graduating their undergraduates. Stickiness is the ratio of the number 
of graduates of a program to the number ever enrolled in the program. All students excluded by a 
conventional graduation rate metric–including migrators—are included in the stickiness metric 
[17]. See [18] for the R code that we use to create stickiness. 

Stickiness, in comparison to graduation rate, has these characteristics: 

 Includes migrators, where graduation rate does not. 
 Is based on the bloc of ever enrolled rather than starters, so there is no need for FYE 

proxies. 
 Counts all graduates (timely completers) in a program, eliminating the need to filter 

graduates based on their starting program. 



 Like the MIDFIELD definition of graduation rate (in contrast to the IPEDS definition), 
includes students who attend college part-time, who transfer between institutions, and 
who start in any term. 

As they pertain to the stickiness metric, relationships among starters, migrators, and graduates 
(timely completers) of a given program P are illustrated in Figure 4. 

 The interior rectangle represents the stickiness numerator, the set of graduates (timely 
completers) of program P. 

 The overall rectangle represents the stickiness denominator, the set of students ever 
enrolled in program P.  

Figure 4. Stickiness metric. Starters, migrators, and timely completers. 

Discussion and Conclusion 

This paper has introduced the landscape of multi-institution longitudinal research and has 
provided tips for working with this valuable resource. This is a methodology that has been 
developed over time and is our best explanation of the process we use to prepare the dataset for 
analysis. We have described our method in detail and used the examples of graduation rate and 
stickiness as metrics for analysis.  Our method is a sequence – however the steps do not need to 
be taken in the order that we have described here. Though our research uses MIDFIELD, the 
steps demonstrated can be used when preparing any longitudinal student database for analysis. 

We hope this primer is helpful for the research community.  Our research using these approaches 
has enabled impactful and award-winning research and informed institutional decision-making.  
For examples, see [2, 3, 4].  We encourage institutions to make evidence-based decisions rather 
than relying on anecdotal information.  We recognize using robust methods for analyzing data 
can be challenging but the challenges are worth the effort to enact real change. 
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Appendix 1: Glossary 

bloc A grouping of student-level data dealt with as a unit, for example, 
starters, students ever-enrolled, graduates, transfer students, 
traditional and non-traditional students, migrators, etc. 

CIP Classification of Instructional Programs, a taxonomy of academic 
programs curated by the US Department of Education [5]. The 
2010 codes are included with midfieldr in the data set cip. 

cip6 Character variable in the term and degree data tables of program 
observations. Values are 6-digit CIP codes. 

completers Bloc of students who complete their baccalaureate programs, 
earning their first degrees. 

completion status A derived midfieldr variable indicating whether a student 
completes a degree, and if so, whether their completion was 
timely. Possible values are “timely”, “late”, and “NA”. Late 
completers are often excluded from a count of “graduates.” 

data range  The overall span of academic terms of student unit record data 
provided by an institution. We are particularly interested in the 
lower and upper limits of a continuous range. 

data sufficiency criterion Student records are limited to those for which available data are 
sufficient to assess timely completion without biased counts of 
completers or non-completers. 

entry term   A student’s first term in the database. 
ever-enrolled Bloc of students whose term records include a specified program in 

at least one term. 
FYE First-Year Engineering program, a common-first-year curriculum 

that is a prerequisite for declaring an engineering major at some 
US institutions. Denoted by its own CIP code (14.0102), FYE is 
not a degree-granting program. 

FYE proxy Our estimate of the degree-granting engineering program in which 
an FYE student would have enrolled had they not been required to 
enroll in FYE. The proxy, a 6-digit CIP code, denotes the program 
of which the FYE student can be considered a starter. 

graduates Bloc of all graduates (timely completers) from a program, without 
regard to their starting programs. 

graduation rate  Graduation rate (G) is the ratio of the number of program “starter-
graduates” (Nsg) (i.e., graduates from the program in which they 
started) to the number of program starters (Ns). G= Nsg/ Ns 

graduation rate (IPEDS) The fraction of a cohort of full-time, first-time, degree-seeking 
undergraduates who complete their program within a percentage 
(100%, 150%, or 200%) of the “normal” time (typically 4 years) as 
defined by the institution. IPEDS excludes students who attend 
college part-time, who transfer between institutions, and who start 
in Winter or Spring terms. 



graduation rate (MIDFIELD) The fraction of a cohort of degree-seeking undergraduates who 
complete their program in a timely manner (typically 6 years). 
MIDFIELD includes students who attend college part-time, who 
transfer between institutions, and who start in any term. 

migrators Bloc of students who leave one program to enroll in another. Also 
called switchers. 

multiple imputation Method of imputing missing categorical data, in this case, 
imputing the FYE proxy 6-digit CIP codes. 

program US academic field of study. Can be used to indicate a specialty 
within a field or a collection of fields within a Department, 
College, or University. Programs are denoted by the Classification 
of Instructional Programs (CIP), a taxonomy of academic 
programs curated by the US Department of Education [5]. 

start term The first term in which a student can be considered a starter. 
Identical to the entry term unless the student enters as 
undecided/unspecified. 

starters Bloc of degree-seeking students in their initial terms enrolled in 
degree-granting programs. 

starter-graduates Subset of the starters bloc who are graduates (timely completers) 
from their starting programs. 

stickiness Stickiness is the ratio of the number of graduates of a program to 
the number ever enrolled in the program.  

student-level data Data at the “student-level” refers to information about individual 
students including, for example, demographics, programs, 
academic standing, courses, grades, and degrees. 

timely completion criterion Completing a program in no more than a specified span of years, in 
many cases, within 6 years after admission (150% of the “normal” 
4-year span), or possibly less for some transfer students. 

timely completion term The last term in which a student’s degree completion would be 
considered timely. In many cases the timely completion (TC) term 
is 6 years after admission. The TC term can be adjusted to account 
for transfer credits. (Currently, there is no mechanism for 
extending the TC term for co-ops or migrators.) 

undecided/unspecified    The MIDFIELD taxonomy includes the non-IPEDS code (CIP 
999999) for Undecided or Unspecified indicating instances in 
which a student has not declared a major or an institution had not 
recorded a program. 


