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Understanding Factors of Engineering Student Persistence Using Predictive 
Modeling 

 
Abstract 
 

Student persistence in higher education is a topic of discussion in the academic literature 
and within our colleges and universities. This is especially relevant as university programs 
continue to focus on equity, inclusion, and support for student populations that are historically 
underrepresented in higher education and within specific disciplines. Engineering education has 
been attempting to address these issues for some time and with the graduation rates for 
engineering programs averaging up to 50%, understanding why students stay or leave these 
programs is crucial information. The reasons students persist or leave higher education programs 
are important data points for any university program. However, traditional statistical analysis 
methods may not be robust or accessible enough to understand and communicate these factors. 
To determine these factors, machine learning and predictive analysis software were employed to 
examine these factors of persistence for engineering education students. Dozens of variables 
including academic scores, non-cognitive and skill-based assessments, and demographic 
information for 300 students in an introductory engineering graphics course were used to 
develop a model capable of predicting whether a student will persist with nearly 94% accuracy. 
This research indicated that age, gender, three-dimensional modeling self-efficacy, and parental 
career were the most influential factors of persistence. Using this information, combined with the 
theoretical underpinnings of these constructs, may provide areas in which to focus and 
specifically target in order to improve persistence rates in engineering education.  
 
Introduction 
 

Compared to other degree programs, persistence rates of undergraduate engineering 
programs are low. Engineering programs have up to 50% of students who persist and graduate 
with an engineering degree whereas persistence rates of other majors such as education (81%), 
business (80%), and humanities (64%) are greater [1], [2], [3]. Programs develop curricula, 
establish course structures, provide resources, and implement support intended to improve 
student persistence [4], [2], [5]. When analyzing underrepresented minorities in engineering 
programs, persistence rates are even lower [5]. The purpose of this study was to identify factors 
of persistence in engineering programs and to identify how this information can be applied to 
develop instruction, support mechanisms to increase persistence. Traditionally, the first year of 
engineering programs is seen as a time to “weed out” students who may not meet program 
standards or who may possess misconceptions about engineering; however, it is also possible 
that students dropped out of the program due to insufficient support and resources [1].  

 
Such insufficiency or lacking of resources may impact the self-efficacy of students as 

well as the demographics of future engineering workplaces when considering the low rates of 
persistence among underrepresented populations [4], [5]. Adding further support for increasing 
overall persistence rates may fulfill gaps in engineering workplaces due to a possible increase in 
qualified individuals [4], [5]. In engineering fields, underrepresented populations consist of 
women as well as individuals who are African American, Hispanic American, and Native 
American [5], [6], [7]. Along with underrepresented populations, students at risk of non-



matriculation also require support to promote persistence [8]. While it may vary between 
institutions, students at risk of non-matriculation can be those whose GPA falls below a certain 
point, such as 2 on a four-point scale [8]. Students pursuing engineering degrees come from 
various backgrounds and possess various factors that can impact their chance of persistence. 
Understanding how these factors impact persistence can enable the development of practices, 
curriculum, textbooks, supports, and environmental conditions that can positively influence self-
efficacy as well as engagement to increase persistence in engineering programs [9], [10]. 

  
Method 
 

A sample of 300 introductory engineering graphics course students completed surveys 
which revealed that 75% (225 students) of the sample remained enrolled in engineering majors 
three semesters after taking the course. From the survey, factors of persistence were identified 
through logistic regression which resulted in several significant variables, including student score 
on the pretest three-dimensional modeling self-efficacy (3DSE) assessment, gender, age, and 
whether or not the student had a parent with professional engineering backgrounds. The three-
dimensional self-efficacy instrument consisted of nine questions, each being a 7-point Likert 
type item, designed to measure students’ self-efficacy related to modeling three-dimensional 
objects [11].  Logistic regression could not identify for which subgroups of students the variables 
were most significant. For these reasons, machine learning analytics software was used to 
examine the predictors, and their interactions, that led to persistence in engineering degree 
programs. Machine learning has gained popularity over recent years due to its ability to store 
multiple algorithms and use that information to draw connections as well as make predictions 
across various platforms [12]. Essentially, the computer machine can learn algorithms to analyze 
large amounts of data. 

 
Survey responses and institutional data were inserted into machine learning data mining 

and visualization software for analysis. This technique analyzed the impacts of variables as well 
as their association with persistence. Additionally, software analysis was utilized to classify 
groups for which distinct variables had the most significant impact using a classification and 
regression tree model. Figure 1 shows the classification tree as displayed by the software.  

 
Figure 1.  
Example of a classification tree derived by the analytics software. 

 



Figure 1 displays all initial variables with first-generation college students as the root node. The 
classification tree splits the observations into binary categories based on the variable values in 
each observation. In figure 1’s case, the binary classification is persistence in engineering [Yes] 
and non-persistence [No]. For categorical variables, the split is which variable value exists 
within a particular observation. For continuous variables, the algorithm applies a regression 
analysis that determines the splitting point at a mathematically logical point. This model provides 
the advantage of adaptive ability and will self-adjust with new data. The darker color implies a 
great proportion of persistence. Next to the elements are icons that provide a visual of the 
proportion of persistence. As part of the analysis, random samples, 70% of the observations, 
were used as training data with the remaining 30% reserved to test the model. This process was 
repeated ten times to obtain a classification accuracy of the model of 70.3%.    
 
Results 
 

The tree identified in figure 1 was simplified through pruning where misclassified or non-
influential variables were removed. In this instance, 12 variables were reduced to four, and the 
model’s accuracy of predicting persistence was increased to 93.8%. The remaining variables that 
had elevated levels of predicting persistence included gender, parent(s) is/are engineers, age, and 
three-dimensional modeling self-efficacy (pre-test).  Factors associated with non-persistence are 
nearly limitless and not easily specified. Influences of these factors can include personal, social, 
academic, financial, and health elements [13], [14]. Additionally, the factors can be influenced 
by the uniqueness of various populations and individuals. For these reasons, only factors of 
persistence can be reliably assessed with the current data. When looking at predicting non-
persistence, the model was only able to predict non-persistence with 22.2% accuracy (see table 
1) 

 
Table 1 
Confusion Matrix for Pruned Classification Tree (Four Variables) 

               Predicted 

Actual 

 No Yes  

No 22.2% 77.8%  

Yes 6.2% 93.8%  
 
 

Discussion 
 

The model identifies factors that can predict persistence with no single variable 
predicting student persistence nor the ability to accurately predict non-persistence. The use of 
conventional analysis techniques or software was not able to effectively identify the distinctive 
factors related to persistence or non-persistence as nested groupings were not apparent, the 
comparison of all possible variable combinations was not practical or feasible, and the point 
within variables where differences in persistence rates were significant could not be determined. 
In addition, persistence rates based on categorical variables are inaccurate due to nested 
groupings and a lack of sensitivity for non-binary variables. Information on identified factors can 



apply to the improvements of course structures, environments, resources, and support to possibly 
mimic effects of factors that are unable to be directly addressed. An understanding of how and 
why these factors impact persistence can be developed through study and further implemented in 
potential or already existing delivery of information as well as the structure of programs such as 
mentoring or outreach.  
 

 Increased study related to the elements and complexity of variable associations is 
required to further identify connections of variables that lead to persistence or non-persistence. 
Further studies should focus on the variables that lead to the successful persistence of 
engineering programs instead of variables that lead to non-persistence. While factors, such as 
whether a parent has an engineering background, provide more rationale for an impact on 
persistence, other variables were not as evident.   

 
Conclusion and Limitations 
 

The objectives of this study were to identify factors of persistence in engineering 
programs that can establish a foundation for further research as well as a framework for 
improving persistence rates in engineering programs. A unique model was developed to explore 
the variables that most impact persistence in engineering programs three semesters after an 
introductory engineering graphics course. Variables identified in the study as having the greatest 
impact were three-dimensional modeling self-efficacy, gender, age, and having a parent with an 
engineering background. The developed model is able to predict persistence, among the studied 
population, with a high degree of accuracy; however, there were limitations in the ability to 
predict non-persistence. Using machine learning in conjunction with classification modeling, an 
effective method to visually represent and identify subpopulations presented value in predicting 
persistence. The lack of literature using such methods in engineering degree programs provides 
an opportunity for future research using these as well as similar methods. Future research is 
needed to further analyze the interconnectedness of the variables and to identify additional 
variables that increase model accuracy. Additionally, using a larger sample size and a more 
diverse population, further evaluation can broaden the application of these results. The present 
results should be considered exploratory and interpreted within the context of study limitations. 
A manuscript is in development with more detailed information related to the theoretical 
underpinnings of the variables, suggestions for the specific use of the information, and further 
detail into the methods used. Details are limited in this format and this paper is meant to 
introduce a larger project to this audience. 

 
This material is based upon work supported by the National Science Foundation under 

Grant No. 1900348. 
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