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What We Studied 

 
Despite considerable advances made in broadening access to higher education, some evidence suggests that college 

completion rates have actually declined over time, and attainment gaps stemming from race/ethnicity and 

socioeconomic background have remained stubbornly persistent (Bound, Lovenheim, & Turner, 2010; National Center 

for Education Statistics, 2019). Colleges and universities are searching for ways to better identify students with lower 

odds of postsecondary success and develop programs to support their persistence and completion. A number of for-

profit companies have developed proprietary software, such as “early warning systems,” that analyze student and 

institutional data to make those predictions. However, this software is not accessible to all institutions, and rarely do 

these companies disclose the nature, validity, or reliability of their algorithms.  

 

In this paper, we present collaborative research from four different states – Texas, New York, Virginia and Illinois – 

examining the feasibility and accuracy of models that predict students’ likelihood of degree completion using only 

administrative data on students’ pre-college characteristics and early college experiences. We employ fairly simple 

statistical methods on statewide longitudinal data systems (also known as student unit records systems or “SURDS”) to 

predict degree completion for undergraduate students. Importantly, our focus is on the overall predictive validity of 

these models, which is often neglected in educational research that focuses on relationships between student 

characteristics and degree completion (American Diploma Project, 2004; Adelman, 1997, 1999, 2006; Attewell, Heil & 

Reisel, 2011; Braxton, 2000; Chen & Carroll, 2005; Complete College America, 2011; Horn, Kojaku & Carroll, 2001; 

Tinto, 1994, 2012).  

 

Our results show that we can accurately predict students’ probability of graduating with such early SURDS indicators. 

This suggests that state agencies and organizations that house this longitudinal data could use it to make these types of 

predictive systems more accessible to colleges and universities, particularly those that do not have the in-house 

capacity to conduct these types of analyses. These systems could be used to help prioritize student supports and 

evaluate the efficacy of those interventions. The remainder of this brief more deeply discusses the data and methods 

used in this study, our results, and the significance of this work.  

 

How We Analyzed the Data 
 

Researchers in each state had access to and analyzed their own state’s SURDS database. In Texas, the Texas Education 

Research Center was used to integrate data from the Texas Education Agency (TEA), the Texas Higher Education 

Coordinating Board (THECB), and the Texas Workforce Commission (TWC). While researchers in other states used 

data on entering cohorts stretching as far back as Fall 1999, we used data on beginning college students in Texas in 

2010-11 due to the lack of availability of college course enrollment data before this point. While the sample includes 

students from different high school graduate cohorts, it is restricted to students who graduated from a Texas public  
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high school. The sample includes n = 108,028 students who began at a public two-year institution and n = 48,541 

students who began at a public four-year institution.  

 

Variables 

We have two primary outcome variables: persistence and attainment. Persistence is defined as whether students were 

enrolled in any postsecondary institution in the third long semester (Fall or Spring) after beginning college. Attainment 

is defined slightly differently depending on whether students began at a two-year or a four-year. For four-year students, 

attainment is a dichotomous indicator of whether students earned a bachelor’s degree within six years of first 

enrollment. The equivalent milestone for undergraduates who started at community colleges is more complicated. 

Many students who begin at community college say they intend to earn their baccalaureate, and commonly transfer to a 

four-year college without first completing their associate’s degree (Long & Kurlaender, 2009). Thus, simply counting 

whether or not a student received an associate’s would be misleading as a measure of student success for those who 

start higher education in a community college. Instead, we count as having reached an important milestone community 

college matriculants who either obtain the associate’s degree or a baccalaureate, or who accumulate 60 or more credits, 

which are the minimum required at most community colleges to receive an associate’s degree. 

 

After exploratory modeling, we settled on the following independent variables available to college staff at the 

beginning of each student’s freshman year: age at college entry, parental adjusted gross income (“AGI”), high school 

GPA or class rank (for Texas), a measure of standardized achievement (SAT, ACT, or TAKS score), remedial 

requirements (math, reading, writing), credit load in semester 1 (total number of credits counting both remedial and 

non-remedial courses), and whether a major was declared at college entry (a dichotomous variable). Another set of 

variables contains measures of student performance during the first semester of college: GPA in first semester; credits 

earned in first semester; and whether remedial courses were taken in the first semester (if required), and if so whether 

they were passed. All continuous variables were converted into categorical predictors, allowing the addition of a 

“missing” category for each variable. This list of variables and their possible values is included in Table A1 in the 

Appendix.  

 

Readers should note that we deliberately avoided using gender, race or ethnicity as predictors of retention and 

graduation in statistical models. Despite being aware that these demographic characteristics are often associated with 

college outcomes, we avoided building models predicting individual progress that relied on group characteristics of 

this type. To do so might reify stereotypes and lead to what economists term “statistical discrimination” – assessing 

individuals’ promise by their group membership (Arrow, 1973). After completing our analyses without such attributes, 

we checked (separately for each state SURDS) to see whether the inclusion of gender and race/ethnicity would have 

improved predictive accuracy. Adding those variables made very little if any improvement in predictive accuracy, 

given the behavioral measures already in the model.  

 

Statistical Models 

We followed a multi-stage strategy for creating and evaluating predictive models. The first step estimated preliminary 

logistic regression models predicting graduation, as defined above. These yielded an initial predicted probability of 

reaching that milestone for each individual student. The original data, however, was first split into two different parts 

using random assignment. This functions as a type of replication, ensuring that patterns identified in a particular 

analysis or model are also found in other out-of-sample data (Rogers & Girolami, 2012). Our training data, consisting 

of 70% randomly selected cases out of the full sample, was used to construct our predictive model. The remaining 30% 

of the full sample, our test data, was withheld from the logistic regression. 

 

After a logistic regression model was built from the training data, the prediction equation from that analysis was used 

to “score” the cases in the test sample, providing a predicted probability (or p-hat) of reaching each milestone for each 

test individual. We standardized the distribution of p-hats into decile groups of equal size. For the purpose of 

evaluating the model’s accuracy in its tails, we also look at the bottom 5% and the bottom 1% of this distribution: the 

cases for which our best model indicates a very low chance of graduation. The predicted probabilities from our training 

data were then cross-tabulated with the actual measured milestone outcomes for the test-sample individuals, yielding 

statistics that measured the accuracy of our predictions. 
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Cross-validation assesses whether a model developed from a training sample generalizes to out-of-sample data, 

reflecting the overall population, and therefore can be considered reproducible. Cross-validation is a protection from 

what data miners term “overfitting” – the possibility that a strongly predictive model partly reflects random noise, or 

finds relationships in a dataset that would not apply to data drawn from other samples (Rogers & Girolami, 2012). In 

all our tables presented below, the reported accuracy statistics are always for the held-back test data, which is the 

equivalent of applying a predictive model to new data. 

 

What We Discovered 

 

Table A2 in the Appendix provides the statistical models used to estimate students’ likelihood of predicting their 

college outcomes. Generally, the most powerful predictors for graduation in the regression analyses underlying our 

models were consistent with the academic momentum perspective: credits earned in the first semester and first 

semester GPA were the strongest predictors. Among community college entrants, the next most powerful predictor was 

each student’s status regarding remedial math – whether the student was required to take remedial math, and if so 

whether the student passed or withdrew/failed, or whether the student avoided taking the remedial course in the first 

semester. For students entering four-year colleges, the strongest predictors were again academic momentum in the first 

semester. However, high school GPA, adjusted parental income, and age at entry were also important factors 

associated with graduation. 

 

We focus our discussion on 

the models predicting 

graduation in the remainder of 

the paper. Table 1 reports 

predicted graduation 

probability statistics for each 

state’s two-year entrants, with 

Model A including only 

variables known at entry, and 

Model B including first-

semester variables. The 

resulting pattern is in every 

case curvilinear. The 

predictive accuracy of the 

model is very high for 

students least likely to 

graduate. For students in the 

highest 1% group of risk 

scores at entry to community 

college, non-graduation rates 

ranged from 85% for 

Virginia, to 94% for Texas in 

Model A, and above 97% for 

all four states in Model B.  

 

Even for students with the 

highest 20% risk scores, non-

graduation rates ranged from 79% for New York, to 88% for Virginia in Model A, and above 91% for all four states in 

Model B. At the other end of the spectrum, the students with the lowest decile of risk scores – those most likely to 

graduate – did not graduate at a range of 15% in Texas, to 44% in Virginia in Model A. With data after the first-

semester in Model B, non-graduation rates ranged from 10% in Texas, to 29% in Virginia for students in the lowest 

decile of risk scores. For students with predicted probabilities in the mid-range, the accuracy of the model is much 

lower. Students in most middle deciles, for example, have close to average graduation rates. 
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A similar pattern emerges 

among four-year college 

entrants (Table 2), albeit 

with higher graduation rates 

typical for these students. 

For students in the highest 

1% group of risk scores at 

entry to a four-year college, 

non-graduation rates were 

76% for Virginia, 87% for 

New York, and 92% for 

Texas in Model A. 

 

With the addition of first-

semester variables (Model 

B), the non-graduation 

accuracy for the highest-risk 

students rose to 95% and 

above. For students in the 

lowest decile of risk, only 

7% did not graduate in 

Virginia, 14% did not 

graduate in Texas, and 21% 

did not graduate in New 

York for Model A. These 

predictions were more 

accurate after the first 

semester’s data was added 

in Model B, with non-

graduation rates ranging 

from 4.5% for Virginia’s lowest decile of risk, to 16% for New York. Like with the two-year entrants, the students 

with middle-decile risk scores were more of a 50:50 proposition. 

  

 

Discussion/Policy Recommendations 

 

We have demonstrated that it is possible to predict with considerable accuracy an individual student’s likelihood of 

graduating. Our models use a modest number of variables that all four states collect as part of their SURDS, without 

the arduous data entry burden of commercial early alert systems. Of course, platforms that integrate additional data 

sources from students – surveys administered to them, online course engagement, and use of institutional services – 

would likely have even greater predictive accuracy. But platforms with these capabilities are both costly to acquire and 

complex to administer and keep up-to-date.  

 

As state agencies continue to invest in modernizing data infrastructure, we believe it is both feasible and extremely 

useful to develop systems using approaches such as those described in this paper to provide institutions greater 

information about students’ academic needs. Doing so would allow institutions to better tailor interventions and 

supports to specific groups of students.  Additionally, students’ predicted success rates themselves can be used as a 

meaningful outcome rather than waiting as many as six years to determine if interventions moved the needle on student 

success.  

 

While the benefits of this approach are promising, we conclude with two cautionary points. First, institutions could use 

these types of methods to identify students with lower likelihood of graduating and deny them admissions as a result. 

We would strongly advise against approach, as it could have a disparate impact on students of color and low-income 
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students. Second, there are various other methodologies that could be used for this purpose, some with greater accuracy  

 

than logistic regression. There is an important tradeoff between the predictive accuracy of the model and the 

interpretability of the results. While we erred on the side of well-known methods that are easier to interpret, additional 

research should investigate potential improvements to the models and the tradeoffs with interpretability.  
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