
1 

Author: Johnson, Michael A. 

Title: An Analysis of Student Persistence at Mid-State Technical College 

The accompanying research report is submitted to the University of Wisconsin-Stout, Graduate School in partial 

completion of the requirements for the  

Graduate Degree/ Major:  MS in Career and Technical Education 

Research Advisor:    Dr. Brian McAlister, Teaching, Learning and Leadership Dept. 

Submission Term/Year: WinTerm 2019 

Number of Pages: 47 

Style Manual Used:  American Psychological Association, 6th edition 
 I have adhered to the Graduate School Research Guide and have proofread my work. 
 I understand that this research report must be officially approved by the Graduate School.  

Additionally, by signing and submitting this form, I (the author(s) or copyright owner) grant the 
University of Wisconsin-Stout the non-exclusive right to reproduce, translate, and/or distribute this 
submission (including abstract) worldwide in print and electronic format and in any medium, 
including but not limited to audio or video.  If my research includes proprietary information, an 
agreement has been made between myself, the company, and the University to submit a thesis that 
meets course-specific learning outcomes and CAN be published.  There will be no exceptions to this 
permission. 

 I attest that the research report is my original work (that any copyrightable materials have been 
used with the permission of the original authors), and as such, it is automatically protected by the 
laws, rules, and regulations of the U.S. Copyright Office. 

 My research advisor has approved the content and quality of this paper. 
STUDENT: 

NAME: Michael A. Johnson   DATE:    1/14/2019 

ADVISOR:  (Committee Chair if MS Plan A or EdS Thesis or Field Project/Problem):  

NAME: Dr. Brian McAlister   DATE:    1/14/2019 

----------------------------------------------------------------------------------------------------------------------------- ---- 

This section for MS Plan A Thesis or EdS Thesis/Field Project papers only 

Committee members (other than your advisor who is listed in the section above) 

 

1. CMTE MEMBER’S NAME:         DATE:     

2. CMTE MEMBER’S NAME:         DATE:     

3. CMTE MEMBER’S NAME:         DATE:     

---------------------------------------------------------------------------------------------------------------------------------  

This section to be completed by the Graduate School 

This final research report has been approved by the Graduate School.  

Director, Office of Graduate Studies:        DATE:     



2 

Johnson, Michael A.  An Analysis of Student Persistence at Mid-State Technical College 

Abstract 

This study analyzed student persistence at Mid-State Technical College by first measuring the 

accuracy of the predictions made by a newly acquired software that uses available student data to 

predict how likely they are to persist.  To do this, the software’s prediction scores for degree 

seeking students at the college were captured every two weeks throughout the Spring 2018 

semester.  These prediction scores were then compared to actual student persistence rates (those 

that either enrolled in the Fall 2018 semester or graduated).  The accuracy of the software’s 

predictions were measured by calculating the correlation coefficient (R2) between the software’s 

prediction scores and actual student persistence at the college.  R2 values above 0.95 were 

considered very strong, with values above 0.90 still considered strong.  An R2 value below 0.90 

was considered to be a weak correlation. 

 Once the software’s accuracy was determined, further analyses compared persistence 

among different demographic groups and programs at the college to identify areas of opportunity 

for improved student success. 
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Chapter I: Introduction 

Of the numerous challenges facing higher education in America, student persistence is 

among the most talked about, analyzed, scrutinized, and important.  The national Career and 

Technical Education research agenda guides research efforts toward five problem areas: 

Accountability, Program Relevance and Effectiveness, Knowledge Base for Teaching and 

Learning, Curricula and Program Planning, and Delivery Methods (Lambeth, Joerger, & Elliot, 

2009).  Within this framework, student persistence best aligns with the area of Accountability, 

and as such, is a valuable topic to consider.   

Countless studies have explored the issue, considering both why students leave college 

and how to keep them from doing so (Peltier, Landen, & Matranga, 2000).  Common variables 

that can help predict student persistence include gender, age, year in college, socioeconomic 

status, first generation college student status, ACT score, and high school rank (Maas, 2008), of 

which educational and financial variables are often considered most predictive (Delen, 2011).   

Promoting student success is at the core of what any academic institution aspires to 

accomplish.  Given the level of attention devoted to this topic, one would expect related 

outcomes to improve over time.  Unfortunately, they have not.  Since 2009, persistence among 

first-year college students attending two-year public institutions full-time has remained at or near 

70% (National Student Clearinghouse Research Center [NSCRC], 2017).  Those attending part-

time have persisted at a rate of approximately 55% during this period.  When considering similar 

students at a four-year public institution, full-time students persisted at or near a rate of 88%, 

while part-time students persisted at or near a rate of 62% over this period (NSCRC, 2017).  

Despite efforts to improve outcomes, persistence rates within each group remained rather 

consistent.  
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 While this apparent lack of improvement may be discouraging, the reasons behind it are 

both numerous and complex.  One important variable to consider is the college’s selectivity.  

Colleges that accept less than 25% of applicants retain 96% of their first year students, whereas 

colleges with open admission models retain approximately 60% of first year students (National 

Center for Educational Statistics, 2017).  This disparity is apparent when comparing graduation 

rates as well (Sullivan, 2008).  These data show how implementing open access enrollment 

policies may put downward pressure on student persistence rates by allowing students to begin 

programs for which they are not adequately prepared.    

 To the contrary, a recent study on this topic found that the average student, scoring 1000 

on the SAT exam, would be more likely to graduate if they chose to attend a selective university 

than if the same student chose to attend an open access college.  Despite greater rigor, the 

average student persists at a higher rate (Strahota, 2016).  This seems counterintuitive, but hints 

at the complexity of the student persistence issue.   

 Improving student persistence is an ongoing effort at many colleges, including Mid-State 

Technical College in central Wisconsin.  While 70% of students who began attending full-time at 

Mid-State in the fall of 2014 returned the following year, only 31% of those beginning their 

program in the fall of 2013 graduated after three years, or 150% of the normal time-to-

completion (Mid-State Technical College, 2018). 

 In an effort to improve these metrics, Mid-State is implementing the use of Illume 

Students, a data analysis software offered through Civitas Learning that predicts the likelihood of 

student persistence using available student data (Civitas Learning, 2018).  It is anticipated that 

these predictions will help the college prioritize student service efforts toward those predicted to 

be at risk. 
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Statement of the Problem 

Mid-State Technical College aspires to promote student persistence to better serve its 

students.  The problem is that student persistence is a complex and elusive target, and despite 

recent efforts, persistence rates at the college remain below desired levels.  Absent a thorough 

understanding of the students in question, improving their persistence continues to be a 

challenge.  In order to gain this understanding, and ultimately use it to improve student 

persistence, the college has implemented the use of Illume Students software.   

How useful the software is to the college relies on the accuracy of the predictions that the 

software makes.  As valuable as accurate predictions of student persistence would be to the 

college, inaccurate predictions could be misleading and detrimental.   

Purpose of the Study 

The purpose of this study was to determine the usefulness of the recently implemented 

Illume Students software at Mid-State Technical College.  More specifically, the study analyzed 

the accuracy of its predictions and explored what patterns exist at the college regarding student 

persistence.  With this information, resources can be better allocated toward improving student 

persistence at Mid-State Technical College.   

This research helped the college determine the software’s usefulness as a tool to improve 

student persistence at Mid-State Technical College.  Once the accuracy of the predictions was 

determined, further analysis compared persistence among different demographic groups and 

programs over the course of the Spring 2018 semester.  Identifying student groups that persist at 

lower rates, as well as critical times within the semester when students tend to falter will give the 

college a better understanding of its student body.  This understanding will help guide 
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concentrated efforts toward those at risk to improve student persistence at Mid-State Technical 

College.  

 This research addressed the following questions: 

1. How accurately does the Illume Students software predict student persistence at Mid-

State Technical College? 

2. How does student persistence vary over time at the college? 

3. At what rate do different demographic groups at the college persist? 

4. At what rate do students from different schools within the college persist? 

Assumptions of the Study 

The underlying assumption for this study was that students pursuing a degree at the 

college intend to persist and ultimately earn their chosen degree.  While this is generally true, it 

may not always be so.  Identifying and excluding those that do not intend to persist is very 

difficult, if not impossible.  For that reason, it was assumed that all degree-seeking students at 

the college aspire to persist and complete their degree, and efforts by the college to promote their 

success are warranted.   

Definition of Terms 

The terms below are defined as they relate to this paper and the research performed 

herein. 

Accuracy.  For the purposes of this study, accuracy was measured by calculating the 

correlation coefficient (R2) between the software’s persistence prediction score and the actual 

persistence rates of students.   

At risk.  For the purposes of this study, those students predicted to have a “Very Low” or 

“Low” likelihood to persist (persistence score below 50%) were considered to be at risk. 
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Full-time students.  For the purposes of this study, a student was considered full-time if 

they were enrolled in twelve or more credits in a given semester. 

Part-time students.  For the purposes of this study, a student was considered part-time if 

they were enrolled in fewer than twelve credits in a given semester. 

Persistence.  For the purposes of this study, a student demonstrated persistence by being 

a current student at Mid-State Technical College, and enrolling in the subsequent semester at 

Mid-State Technical College, or by graduating.   

Persistence prediction.  The output of the Illume Students software, which rates a 

student’s likelihood to persist as “Very Low” (prediction score of 0%-20%), “Low” (prediction 

score of 20%-50%), “Moderate” (prediction score of 50%-70%), “High” (prediction score of 

70%-90%), or “Very High” (prediction score of 90%-100%). 

Persistence prediction score.  Percent score produced by the software that estimates 

how likely a student is to persist.  Prediction scores range from 0% to 100%.  

School.  The programs offered at Mid-State Technical College are organized into six 

“schools” which served as secondary independent variables in this study.   

Limitations of the Study 

Limitations of the study include the following: 

1. This study considered students enrolled at Mid-State Technical College only, and as 

such, its conclusions are not necessarily applicable to other colleges using the 

software. 

2. The data in the study considered persistence predictions/results from the Spring 2018 

to Fall 2018 semesters.  This abbreviated timeline allowed timely feedback to the 

college, but limited the depth of the analysis.   
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Methodology 

This research used an ex post facto methodology to gather data on a variety of variables.  

The independent variables in this study were the predictions made by the Illume Students 

software, as well as the student’s program/school and demographic category.  The dependent 

variables included the accuracy of the predictions made by the software and the persistence rates 

of students in each group.  The control variable in this study was time, as all data was gathered 

between the Spring 2018 and Fall 2018 semesters.  
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Chapter II: Literature Review 

The following review of literature synthesized what is currently known regarding student 

persistence in higher education, and gives context to the study at hand.   

Theory Base 

Student persistence has been a topic of research for decades.  Some studies seek to 

identify why students leave college, others investigate strategies to improve student persistence, 

and still others explore what characteristics are common in students who depart vs. persist, 

including both demographic and behavioral attributes.  One such attribute is self-efficacy, or a 

student’s confidence regarding given tasks.  Those that are confident in their abilities are more 

likely to persist than those with considerable doubt (Wright, Jenkins-Guarnieri, & Murdock, 

2012).  While this may be true, self-efficacy is a trait of the incoming student, is difficult to 

impart, and is therefore of limited use to an institution hoping to improve persistence of an 

existing student body.    

While many label students who do not persist as “dropouts” and assume that the rigor of 

the college classroom caused their departure, the reality is that students leave college for a 

variety of reasons, many of which relate to the college itself as opposed to the student.  

Understanding the reasons why students leave college is fundamental to improving their 

persistence. 

The considerable volume of research on this topic has led to numerous theories that 

attempt to explain it.  One of the most widely accepted is Vincent Tinto’s Theory of Student 

Departure, which argues that colleges are like other human communities: the health of which is a 

dynamic byproduct of the daily interactions of its members (Tinto, 1999).  Tinto’s theory details 

three stages a student must navigate to fully integrate into a college community: separation, 
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transition, and incorporation.  In essence, the student must first separate from prior communities 

(high school, friends, and family), transition toward the new college community with different 

norms and behaviors, and become incorporated into the new community by adopting these norms 

to ultimately become integrated into the new community (Milem & Berger, 1997).  Given this, it 

follows that “Decisions to withdraw are more a function of what occurs after entry than of what 

precedes it” (Tinto, 2012, p. 5).   

While this seems to ignore correlations between existing student characteristics and 

persistence (Maas, 2008), it shifts attention away from the shortcomings of students and toward 

what the institution can do to foster a healthy “community” that promotes persistence of all 

student members.  It is because of this theory’s proactive approach that it serves as the base for 

the following research. 

Illume Students Software 

The primary independent variable in question was the predictions made by the Illume 

Students software, which uses available data to predict a student’s likelihood to persist.  While 

the software’s prediction algorithm is proprietary, and therefore unavailable for analysis, a 

unique list of “powerful predictors” was given within the software for the group of students (i.e. 

male, female, full-time, part-time, etc.) being considered under the active filter.  These predictors 

“…use historical data to show what variables are important to persistence for this group of 

students.” (Civitas Learning, 2018).  These lists included over one hundred items and varied 

widely depending on the filter being applied, but common predictors among filters included 

degree being pursued, high school and college GPA, credits earned at the institution, change in 

GPA, marital status, course load, financial status, age, gender, race, number of days enrolled 

before start of term, etc.  Many of the student groups analyzed in this paper appeared on the 
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powerful predictor lists, implying that they are important factors to consider regarding 

persistence.  

Tinto reasons that “…while it is important that universities challenge existing labels as 

marking some entering students as less likely to succeed than others, it is equally as important 

that students are able to obtain the timely support they need when they encounter early 

difficulties…” (Tinto, 2017, p. 3).   

The college intends to use the Illume Students software to help focus retention efforts 

toward those predicted to be at risk.  This software was used to gather all data analyzed in the 

study.  

Student Demographic 

One secondary independent variable was the demographic of the students in question.  

Demographic groups analyzed for persistence rates included race, gender, full-time vs. part-time 

status, and financial aid vs. self-paid students.   

Student Program/School 

Another secondary independent variable was the different schools within the college.  

The programs offered at Mid-State are organized into six “schools.”  These include the School of 

Health, School of Advanced Manufacturing and Engineering, School of Protective and Human 

Services, School of General Education and Learning Resources, School of Business and 

Technology, and School of Transportation, Agriculture, Natural Resources, and Construction.   

Prediction Accuracy 

The primary dependent variable in this study was the accuracy of the predictions made by 

the software.  Civitas Learning, the manufacturer of Illume Students software, details numerous 

success stories of colleges using their products.  They also stress that Illume Students software is 
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not a “one size fits all” product, but rather, employs a tailored algorithm using the college’s own 

data to predict how likely each student is to persist.  If necessary, the client can work directly 

with Civitas to adjust this algorithm in an effort to improve its accuracy (Civitas Learning, 

2008).   

Verifying the accuracy of these predictions was a critical first step, and was done by 

calculating the correlation coefficient between the software’s persistence prediction score and the 

actual persistence rates of students.   

Student Persistence 

The secondary dependent variable in this study was the rate of persistence of students 

within each school and demographic group.  Numerous studies have demonstrated measurable 

differences in persistence rates among these demographic groups.  For instance, one such study 

analyzing data from over five hundred universities found that Asian students persisted at a rate of 

61.1%, compared to white students persisting at 56.9%, while Black (41.7%), Hispanic (41.7%), 

and Native American (35.8%) students persisted at significantly lower rates (Seidman, 2005).   

Another study found that one of the most powerful predictors of student persistence is the 

socioeconomic status of the student’s parents (Delen, 2011).  Comparing these persistence rates 

across different student groups uncovered areas of opportunity for improving persistence at the 

college. 

Summary 

Given the importance of student persistence in higher education, it should be no surprise 

how thoroughly the topic has been researched.  Among those researching student persistence, 

Vincent Tinto is considered an expert, and his Theory of Student Departure continues to be 

widely accepted as an explanation of why students persist in college.  Grounding this research in 
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Tinto’s theory provides a framework for exploring a critical and complicated part of higher 

education.   
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Chapter III: Methodology 

The purpose of this study was to verify the accuracy of the predictions made by the newly 

acquired Illume Students software at Mid-State Technical College.  The software was then used 

to gather data in order to analyze student persistence at the college.  More specifically, 

persistence was explored to determine if it varied among different schools and demographics 

within the college.  

Subject Selection and Description 

The subjects for this study were all of the degree-seeking students attending Mid-State 

Technical College between the Spring 2018 and Fall 2018 semesters.  Data for these subjects 

was readily available through the software, and was therefore a convenient sample.  While this 

sample group was quite large, it did not include all students attending Mid-State Technical 

College.  Some students at the college were not seeking a degree, but rather pursuing continuing 

education.  As such, these non-degree seeking students were not expected to persist to the 

ensuing semester, and therefore were not included in this study.  Given the size of the degree-

seeking sample, the results of the study are generalizable for future degree-seeking students 

attending Mid-State Technical College.  Conversely, results are not generalizable to students 

attending other post-secondary educational institutions.   

Instrumentation 

The instruments used for this study included screen shots from the overview page of the 

Illume Students software (Figure 1 below), as well as active student lists (Figure 2 below).   
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Figure 1. Screenshot of software prediction summary for degree seeking students. 

 

Figure 2. Active student list data for degree seeking students. 

Data Collection Procedures 

The software’s predictions were captured every two weeks throughout the study’s 

duration by taking screen shots from the software interface, as well as exporting active student 

I , ll(IIATClfS'AO e • 

ovt RVlt W 
AttMIOll!k.,i.z v, _ 

111.1t•• 

... 
•••••••• 

I !!.~'''' 
• •••••• 

''''''' -------

First Last 

Student ID Name Name [ma il 

XXX XXX XXX :<XX 

XXX XXX XXX :<XX 

XXX XXX XXX :<XX 

XXX XXX XXX :<XX 

XXX XXX XXX :<XX 

XXX XXX XXX XXX 

XXX XXX XXX :<XX 

XXX XXX XXX :<XX 

XXX XXX XXX :<XX 

XXX XXX XXX '.<XX 

XXX XXX XXX :<XX 

XXX XXX XXX KXX 

77' lo• 

68' 

Enro lled 

Cu rrent Te rm 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

YP.s 

Yes 
Yes 

1'1 
9' I 

1&' I 
45' I 
29' I 

6 ~F 1,tM{C-, r...., 0 

10 h~ 0 

Pers i ste nee Pe rsistence 

Pred iction Prediction Score 

Low 43.07% 

Moderate 69.58% 

High 88.71% 

High 84.75% 

Moderate 6'1 .96% 

Very lligh 93.72% 

High 84.lb% 

Moderate 64.67% 

High 83.64% 
MoclP.ri'ltA fi6 .4S% 

Moderate 61.88% 

High 87.33% 

Last En ro lled Next Enro lled 

Term Te rm 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng 2018 

Spri ng ;,018 

Spri ng 2018 

Spri ng 2018 Summer 2018 



20 

list spreadsheets.  This periodic documentation was necessary because past predictions are not 

recoverable at a later date in the software.  Filters within the software categorized the students 

(and their corresponding persistence predictions) into comparable groups, including race, sex, 

financial aid status, full-time vs. part-time status, and the school at the college to which their 

chosen program belongs.  The steps taken to gather data were as follows: 

1. At the beginning of the study, filters were established within the software that 

included race, sex, financial aid status, full-time vs. part-time status, and program 

school.  

2. Data collection began during the third week of the Spring semester by applying these 

filters and taking screen shots of the software's interface (it was not possible to 

generate a report for the overall predictions within the software), as well as exporting 

active students lists for each filter.  Data collection began in the third week because 

the college’s “census” date occurred in week two, after which students could no 

longer enroll in a class that had already begun.  Additionally, students could drop a 

class and receive a full refund of their tuition if done so before 10% of the class 

meetings had occurred.  For full-semester courses, this threshold occurred during the 

second week of the semester.  For these reasons, collecting data prior to week three 

likely would have generated erroneous results, as students schedules were still in flux.   

3. Data collection continued every two weeks until the start of the Fall 2018 semester to 

document how the data changed over time.  

4. When the Fall 2018 semester began, active student lists and screen shots were 

captured within the software to summarize actual enrolled students.  Additionally, a 

Spring 2018 graduation list determined which of those no longer enrolled persisted 
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via graduating.  These two data sets were then combined and compared to the 

persistence predictions collected throughout the Spring semester. 

Data Analysis   

Simple descriptive statistics were employed to analyze the data in this study.  The 

accuracy of the predictions made by the software was measured by comparing the prediction 

scores produced by the software to reality, and calculating the correlation coefficient (R2) 

between these scores and actual persistence.  This correlation was measured using a linear 

regression analysis to determine an R2 value between the mean prediction scores within each 

category (Very Low, Low, Moderate, High, Very High) and actual persistence rates. 

 

Figure 3. Example of graph used to produce R² values. 
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includes actual persistence scores (Figure 2).  Choosing to use the five categories produced a 

better reflection of the software’s accuracy as it is used by faculty and administration at the 

college.   

R2 values were calculated for each collected set of predictions (every two weeks 

throughout the Spring semester) to determine times that prediction accuracy fluctuated.  R2 

values above 0.95 were considered very strong, with values above 0.90 still considered strong.  

An R2 value below 0.90 was considered to be a weak correlation.  If the correlation was strong or 

very strong, then the predictive power of the software was considered reasonably accurate.  If 

this correlation was weak, then the predictive power of the software was questionable, and the 

algorithm that the software used to make its predictions was likely not considering important 

factors.   

Summary 

 The methodology described above captured predictions that change over time and are not 

recoverable at a later date within the software being analyzed.  Determining to what extent these 

predictions were realized was the impetus of this study.  Once the accuracy of the software was 

determined, further analysis of how these predictions changed over time among the independent 

variables of the study was performed and presented in graphical format to identify opportunities 

to improve persistence at the college.   
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Chapter IV: Results 

With the data collected and compiled into spreadsheets and graphs, the research questions 

posed in this study were addressed as follows:   

Research Question 1: How Accurately Does the Illume Students Software Predict Student 

Persistence at Mid-State Technical College 

The answer to this question was sought by measuring how closely the mean prediction 

score within each category (Very Low, Low, Moderate, High, Very High) correlated with actual 

student persistence, and how this correlation varied over the course of the semester.  When 

considering all degree seeking students at the college (over 1,700 students), the R2 value was 

above 0.95 for all but two weeks of the semester.  The only deviation from this trend was a slight 

drop as the end of the semester approached; weeks fifteen and seventeen. 

 

Figure 4. R² vs. time (degree seeking students). 
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This drop was only slight, with R2 values remaining above 0.90, the threshold for what 

the study considered to be a strong correlation.   

The timing of this decline seems to agree with the deadline to drop a course and receive a 

W grade rather than and “F”.  This deadline is before 90% of the course is complete, which 

occurred during week sixteen for a class that ran the entire semester.   

Another explanation of this decline might be that a large portion of a student’s grade is 

often determined at or near the end of the semester, with final projects and exams coming due.  

These looming deadlines may cause struggling students to either withdraw from a given class or 

even the college entirely.  The software’s persistence prediction algorithm likely saw nothing to 

indicate this change in status until it actually occurred, creating lower correlation values at the 

end of the semester.  Once these changes occurred and the software’s predictions adjusted 

accordingly, correlation values improved to very strong.   

While these results seem to indicate that the software predicts student persistence with 

reasonable accuracy, similar correlation analyses within each demographic group and school at 

the college produced somewhat erratic R2 values, many below the 0.90 threshold the study 

considered to be a strong correlation.  Upon closer inspection, however, it was apparent that as 

the sample size increased, so did the R2 value. Groups small enough to only have a handful of 

students in any given prediction category (Very Low, Low, etc.) typically produced a wider 

range of R2 values.  This was not surprising, as the persistence outcome of one student in such a 

category can produce far higher or lower actual persistence within the category than was 

predicted by the software.   

Based on the R2 values among the different groups/sample sizes, it appeared that strong 

or very strong correlation was typically found if the group being analyzed had at least one 
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hundred students in it, and each prediction category within the group had a minimum of 15-20 

students.  If both of these conditions were not met, the correlation became inconsistent, and was 

sometimes found to be weak (less than 0.90).  The groups analyzed in this study that did not 

meet the minimum sample size of one hundred were the minority races, while several other 

groups did not meet the minimum number of students per prediction category at some point 

during the semester.  In either case, R2 values became erratic, and sometimes trended lower in 

these instances. 

That being said, the software’s accuracy become apparent when inspecting Figure 5 

below, which shows a linear relationship between the percent persisting among the different 

prediction categories for degree seeking students at the college.   

 

Figure 5. Persistence per category (degree seeking students). 
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As the category changes from Very High to High, Moderate, Low, and Very Low, the 

percent of students persisting within each category decreased in a very linear fashion.   

This phenomenon can be seen in a different format when looking at Figure 11 on page 

33, which shows that the actual persistence rates of students in each category were within or near 

the persistence scores that defined said category.   

Again, some turbulence was seen near the end of the semester (week fourteen through 

seventeen), but the lines for each category did not deviate far from their predicted persistence 

range, and did not intersect each other.   

Having explained anomalies in R2 values within small groups, and demonstrating 

consistency among large sample sizes, it appears that, depending on the sample size, the software 

predicted student persistence reasonably accurately.  That being said, further analysis of 

persistence among different demographics and schools within the college was warranted.   

Research Question 2: How Does Student Persistence Vary Over Time at the College  

The intent of this question was to determine if critical times during the semester exist that 

the college can target to improve student persistence.  To answer this question, data was 

collected as the semester progressed.  This data was then compiled and used to produce Figures 6 

through 11, each of which shows how a given data set varies over time.  

Figure 6 shows how the number of degree seeking students and their actual persistence 

rates varied over time.   
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Figure 6. Number of students and persistence vs. time (degree seeking students). 
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Figure 7. Average persistence score and actual persistence vs. time (degree seeking students). 
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lag of approximately two weeks between enrollment opening and scores reflecting this new 

information.   

The decline in average persistence scores after week seventeen (the last week of the 

semester) was likely due to the end of the semester drop date discussed earlier, and if so, a 

similar two week lag appears to exist between this time and its reflection in the software’s 

predictions.   

Figure 7 also underscores how important the first five weeks of the semester were 

regarding student persistence, with actual persistence rates increasing until week five and 

remaining rather constant thereafter. Conversely, average persistence scores trended downward 

during this time, stabilizing in week seven.  This timeline supports the idea that there is a two 

week lag between reality and the software’s predictions, and also indicates some inaccuracy in 

its early predictions.  Had the students withdrawing from classes in the early weeks of the 

semester been predicted to do so by the software, the average persistence score likely would have 

increased during this time as students with lower prediction scores withdrew. 

While changes in prediction scores relative to identifiable new information indicated a 

level of accuracy regarding the software’s algorithm, the two week lag is concerning.  

Identifying and helping at risk students is extremely time sensitive; offering them guidance two 

weeks after their dilemma takes place is often too late to be effective.   

A final item to note in Figure 7 is that the average persistence score remained higher than 

the actual persistence rate across the entire semester.  This was the case in every student group 

analyzed in the study except among Native American students.  When considering mean 

persistence scores, which were higher than average scores in every case, the Native American 

group had scores higher than actual persistence, similar to every other group analyzed.   
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Further evidence to that point is apparent in Figures 8, 9, and 10, which show the vast 

majority (nearly 80%) of degree seeking students at the college were considered Highly or Very 

Highly likely to persist.   

 

Figure 8. Number of students per category (degree seeking students). 
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Figure 9. Number of students persisting in category (degree seeking students). 

 

Figure 10. Percent of students in each category (degree seeking students). 
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Additionally, the mean persistence score for degree seeking students at the college in 

week five was 84.12%.  Considering the fact that the actual persistence rate among degree 

seeking students at the college was approximately 70%, it appears that these prediction scores 

were either overly optimistic (not considering important inputs, unable to predict personal 

circumstances of the student, etc.), or not a direct prediction of persistence rate.  This is not to 

say that the software was inaccurate, but rather, that one should not interpret the prediction 

scores as expected actual persistence rates. 

Another notable trend present in Figures 8, 9, and 10 is turbulence in the graphs between 

weeks fourteen and nineteen.  This was seen regarding R2 values in Figure 4, and was likely due 

to the same reasons discussed earlier (enrollment and withdrawal dates, final projects, exams, 

etc.).  This turbulence seems to indicate inaccuracies in the predictions of the software.  To the 

contrary, however, one could argue that most of the reclassification of students during this time 

period appears to happen between the High and Very High category, indicating that the 

predictions were relatively accurate, and in light of newly available information, needed only 

slight modification.   

To a lesser extent, it appears that a proportionate number of students were reclassified 

from the Moderate to the Very Low category during this time.  Again, it could be argued that 

these are minor, not drastic, shifts in predictions based on newly available information as 

enrollment and drop dates occurred two weeks prior.  

That being said, Figure 11 does not seem to support this argument.   
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Figure 11. Percent of students actually persisting in each category (degree seeking students). 
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with higher persistence predictions (i.e. any other category).  Further research that tracks 

individual student predictions across the semester would be necessary to confirm this conclusion.  

Research Question 3: At What Rate do Different Demographic Groups at the College 

Persist?  

As discussed in Chapter 2, numerous studies have demonstrated measurable differences 

in persistence rates among different demographic groups.  Given this, it follows that considering 

demographics when analyzing persistence at the college is necessary.  The goal in answering this 

question was to determine if similar differences existed at Mid-State Technical College, and if 

so, what areas of opportunity exist to improve persistence at the college.   

The different demographics considered for this study included race (White, Hispanic, 

Asian, African American, and Native American), gender, course load (full-time vs. part time), 

and finance method (financial aid vs. self-paid).  The study’s findings are summarized below. 

Race.  As figure 12 shows, persistence varies widely when considering student race, but 

not necessarily in agreement with the results of the study cited in Chapter 2 (where Asian 

students persisted at a rate of 61.1%, compared to white students persisting at 56.9%, while 

Black (41.7%), Hispanic (41.7%), and Native American (35.8%) students persisted at 

significantly lower rates).  Notably, both Hispanic (59.38%) and Native American (82.35%) 

students at Mid-State Technical College strongly outperformed the rates presented in the cited 

study, while White (70.67%), Asian (66.67%), and African American (44.44%) students at the 

college persisted at rates comparable to those found in the cited study.   
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Figure 12. Persistence by race. 
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sample sizes under one hundred became erratic at times.  While the results regarding race 

appeared to be accurate, this may be due in part to chance considering the samples size.  If a 

second study produced similar results, one could more confidently conclude that the software 

accurately predicts persistence when considering student race.   

Gender.  Figure 13 shows persistence results when considering student gender.  Of the 

1,703 degree seeking students at the college, the 970 female students persisted at a higher rate 

(71.55%) than the 733 male students (67.39%).  The mean persistence score for the female 

students at the college was higher (85.68%) than that of the male students (81.86%).  Again, 

these mean persistence scores were higher than actual persistence rates, but the different between 

the two (3.82%) agreed with the difference in actual persistence rates (4.16%). 

 

Figure 13. Persistence by gender. 
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Mean persistence prediction scores for the two groups were again higher than actual persistence 

rates, but the software scored the full-time students higher (87.47%) than it did the part-time 

students (80.52%).  While the software predicted which group would persist at a higher rate, the 

difference in prediction scores between the two groups (6.95%) was considerably less than the 

difference in actual persistence rates between the two groups (11.25%), indicating a level of 

inaccuracy.  

 

Figure 14. Persistence by course load. 
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Figure 15. Persistence by finance method. 
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Research Question 4: At What Rate do Different Schools Within the College Persist?  

The programs offered at Mid-State are organized into six “schools.”  These include the 

School of Transportation, Agriculture, Natural Resources, and Construction (TANRAC), School 

of Advanced Manufacturing and Engineering (SAME), School of Business and Technology 

(SOBAT), School of Protective and Human Services (PAHS), School of Health (HEALTH), and 

School of General Education and Learning Resources (SOGEALR).   

 

Figure 16. Persistence by school. 
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pursued a degree.  That is not to say that a large number of students were not enrolled in general 

education courses required for their chosen degree, but rather, that only a few pursued degrees 

specifically in general education.  The filters used in the software to generate the data for each 

school used the students’ chosen degree to categorize them into schools, and therefore, only 

yielded six students in the SOGEALR.  Given such a small sample size, this school was omitted 

from the analysis.   

Among the remaining five schools, enrollment and persistence varied widely.  TANRAC 

and SAME both had fewer students enrolled than the other schools (160 and 150 respectively), 

but these students persist at a higher rate (75.00% and 73.33% respectively).  SOBAT had the 

highest enrollment at the college (784), and a persistence rate (69.90%) comparable to TANRAC 

and SAME.  PAHS and HEALTH both had moderate to high enrollments (314 and 610 

respectively), but students persisted in these schools at a rate of 60% or less.   

The reasons for these results are unclear, and might include some of those discussed in 

Chapters 1 and 2, such as class size, selectivity, and rigor.  Further research would be necessary 

to determine what is causing student persistence to vary among the different schools at the 

college.   

A final item of note regarding Figure 16 is that, despite actual persistence varying widely 

among the different schools, the prediction scores generated for each school did not.  All schools 

had mean prediction scores above 80%, with HEALTH among the highest (84.09%).  When 

compared to actual persistence, it appears that the software’s predictions were not accurate 

across all schools.   
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Chapter V: Discussion, Conclusion and Recommendation 

The purpose of this study was to determine whether the newly acquired Illume Students 

software predicts student persistence with reasonable accuracy.  Further, it intended to determine 

how persistence at the college varied relative to time, demographic, and school.  The findings of 

the study are summarized below. 

Discussion 

The above study considered data for the Spring 2018 semester, with persistence into the 

Fall 2018 semester.  Persistence rates from Fall to Spring semester are likely different, and 

should be analyzed in a separate study that captures data during the Fall and compares it to 

enrollment data for the ensuing Spring.  This study could be compared with Spring to Fall 

studies, with the expectation that persistence rates will differ between them, while other trends, 

such as critical times during the semester, may not.   

Conclusions 

 The study determined that the software’s predictions were reasonably accurate when 

considering student groups of adequate sample size (100 or more students, with at least 15-20 in 

each prediction category).  When these two conditions were not met, however, the accuracy of 

the predictions often became erroneous.  This was most apparent when considering the different 

races of students at the college, as none of the minority groups met the two sample size criteria 

explained above.   

 This limitation is concerning, as most users of the software (namely faculty and 

counselors) intend to identify at risk students in hopes of offering them timely guidance that will 

improve their outcomes.  If the predictions are not reasonably accurate on an individual level, the 

software’s value in identifying individuals at risk becomes questionable.  Couple that with the 
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two week delay in prediction response found in the study, and the information necessary to 

provide timely guidance to at risk students may arrive too late to be useful.   

 That being said, the software’s accuracy for large groups of students may be helpful at an 

administrative level, and this accuracy provides hope that the algorithm can be improved to yield 

more accurate and timely predictions at the individual level.  To that end, faculty now have the 

ability to keep attendance in Blackboard, which is one of the databases that the software uses to 

make its predictions.  Assuming the prediction algorithm considers this new information, the 

timeliness and accuracy of its predictions is expected to improve.  If given proper consideration, 

a student’s absence from class should cause his prediction score to decrease accordingly, and in 

nearly real-time (i.e. within one or two days, not two weeks).   

 Regarding how persistence at the college varies over time, it is apparent that the first 

three to five weeks of the semester are critical, with many of those that do not persist deciding to 

do so very early in the semester in the form of a no-show student or one that withdraws from 

classes prior to the refund deadline.  

 Similarly, the enrollment date for the next term is a critical time to promote persistence.  

The students’ intentions to persist (or not) are revealed by their actions during this time.  If they 

enroll in the following term on or near this date, it is almost a certainty that they will persist, both 

because they have enrolled, and because they are motivated/organized enough to enroll at such 

an early date.  Interestingly, one of the “powerful predictors” the software often uses to make its 

predictions is how far in advance a student enrolls for classes.   

Conversely, students that do not enroll in a timely fashion demonstrate that they do not 

intend to persist at the college, are unsure, disorganized, unmotivated, or have a hold on their 
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account (financial or academic).  In any case, this action indicates that the person is less likely to 

persist than someone who does not demonstrate these qualities.   

A third critical time for student persistence is near the end of the semester.  During this 

time, the prediction scores of many students fluctuated enough to put them into a different 

prediction category.   

It is worth noting that prediction scores did not vary noticeably near the week of spring 

break.  One might expect that some struggling students might not return to class after the week 

off, but this was not apparent in the data.  If this phenomenon was occurring, it went unnoticed 

by the software. 

When considering different demographic groups at the college, the most apparent 

indicator of persistence was the course load of the student.  Full-time students persisted at a 

much higher rate than part-time students.  This was evident in the financial aid group as well: 

most students receiving financial aid are required to have a full-time course load.  To a lesser 

degree, female students persisted at higher rates than males. 

Regarding the different schools at the college, enrollment and persistence varied widely, 

while the prediction scores for these groups remained rather constant.  This indicated that the 

software’s predictions were somewhat inaccurate with these filters applied.   

Recommendations 

 This study has provided insight into the accuracy of the persistence predictions made by 

the newly acquired Illume Students software at Mid-State Technical College.  Given its accuracy 

for large groups of students, it could be a useful tool for administrators to estimate persistence 

rates at the college.  Applied to smaller groups, its current value is suspect, and strict reliance on 
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the software’s predictions to deploy improvement efforts to individual students could be 

misguided.   

 That being said, as more data is made available for the software to make its predictions, 

such as real-time student attendance, prediction accuracy may improve to a usable level.  

Repeating this study considering future Spring to Fall student data would help determine if this is 

the case.  If the study were to be repeated, it would be beneficial to have it begin the first week of 

the semester (rather than the third) to better analyze the critical early weeks as they relate to 

student persistence and prediction accuracy.   

Considering other student groups with small sample sizes might provide a better 

understanding of how the prediction accuracy varies with sample size, and if accuracy at the 

individual student level has been achieved.  Until it is shown that this level of accuracy is 

present, faculty and counselors should use the software’s predictions with caution, relying more 

heavily on the relationships developed with students and the open communication fostered 

therein. 
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