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[bookmark: _Toc3466363]Executive Summary
There are several implications of this examination of the final model.
1) Academic performance continues to be the most significant factor impacting new student retention.
2) The new variable “registration in 15 or more credit hours in the fall” appears as a relatively strong predictor of spring to fall progression/retention for FTFT students. The two variables of institutional credit hours and a student’s first math course at the remedial level were borderline significant predictors.
3) This model can also serve as the basis for a decision tree-based decision-making process when conceptualizing how to think about students’ risk of exodus. The relative importance and grouping of predictors can be used to prioritize what areas of a student’s situation to consider first, and as most important. However, as “importance” is a personal element, the relative importance in the general population compared to the individual student can be quite varied. 
4) As discussed previously, the elements of student behavior and attitude are largely missing from this model. Steps are underway to remedy this, but they are not yet operational. Data collected by VandalStar may enable such development here. Further, after conversations with Advising, and other potential end users, the Freshman Survey (CIRP) administered by IEA is scheduled to be replaced (pilot) with ACT Engage. This would be administered soon after a student’s arrival on campus and should allow for the development of key data in this area. Lastly, a Student Experience Survey is being piloted (second semester) and it may provide information to assist in the refinement of the model over time.
5) A note of caution. This model, like similar models elsewhere, still has a higher than desired false classification rate. This is to some extent an artifact of such models but has sufficient utility to be used to enter an advising discussion. This also means that this approach is currently not likely to lead to greater precision in predicting numbers for next-term enrollments than other approaches. 



[bookmark: _Toc3466364]Development of Spring to Fall Prediction Model First-Time Full-time Undergraduates:
[image: ]This model was developed using the same methodology as described in the report covering the development of a model of spring to fall progression/retention for all undergraduates. This model is based on those who were enrolled full-time in the spring at census date. These further had to have been new first-time students in the previous fall. 
This model included several new variables that had not been examined previously. These included registration in 15 or more semester hours the previous fall term, first course taken in English or math was remedial, and tuition minus aid differences. 
The trimmed model completed appropriately (found solution). The overall model has an area under the curve (ROC) of 0.90, and rescaled R-Square of 0.37. Pearson Goodness of fit indicated a reasonable fit of the model to the data. This is a relatively strong model that is consistent with information available from the literature and conferences. 
[image: ]The relative importance of the various elements in the model accounting for student exodus is shown in the chart below. We see the largest factor by far associated with leaving U of I from spring to fall for FTFT students is academic performance (cumulative GPA). The next items appear to be Greek membership followed by registration in 15 or more hours the previous fall term. The next pair of items are ethnicity-related. The next grouping appears to be made up of College of Art and Architecture, tuition-aid differences, international student standing, and academic standing. The last grouping is made up of College of Natural Resources, first-generation American Indian/Native American, and Asian. 
A summary list of the statistically significant predictors and their operation is provided below.

 
· Cumulative GPA (lower is at risk)
· Greek Member	(not being a Greek is higher risk)
· Registered for 15 or more fall hours (not taking 15 or more is at risk)
· Two or More Races (identification as other than 2 or more is at risk)
· Black or African American (identification as other than Black or Af. Am. is at risk)
· College of Art and Architecture (CCA is at risk)
· Tuition Aid Difference (the greater the amount due is at risk)
· International (being other than International is at risk)
· Academic Standing (being other than in Good standing at risk)
· College of Natural Resources (CNR is at risk)
· First Generation (being 1st generation is at risk)
· American Indian or Native American (identification as Am. Ind. at risk)
· Asian (identification as Asian at risk)
[bookmark: _Toc3466365]Treatment of Racial Self-Identification:
The approach used here coded racial self-identification relative to the combined general population and within the context of all variables in the model (for example, white compared to non-white, or Native American compared to all non-natives, etc.). Usually ethnic predictors are related to campus environment and engagement factors. 
[bookmark: _Toc3466366]Summary Findings (take-away):
There are several implications of this examination of the final model.
1) Academic performance continues to be the most significant factor.
2) The new predictor of registration in 15 or more credit hours in the fall appears as a relatively strong predictor of spring to fall progression/retention for FTFT students. . The two variables of intuitional credit hours and a student’s first math course at the remedial level were borderline significant predictors.
3) This model can also serve as the basis for a decision tree-based decision-making process when conceptualizing how to think about students’ risk of exodus. The relative importance and grouping of predictors can be used to prioritize what areas of a student’s situation to consider first, and as most important. However, as “importance” is a personal element, the relative importance in the general population compared to the individual student can be quite varied. 
4) As discussed previously the elements of student behavior and attitude are largely missing from this model. Steps are underway to remedy this, but they are not yet operational. Data collected by VandalStar may enable such development here. Further, after conversations with Advising, and other potential end users, the Freshman Survey (CIRP) administered by IEA is scheduled to be replaced (pilot) with ACT Engage. This would be administered soon after a student’s arrival on campus and should allow for the development of key data in this area. Lastly, a Student Experience Survey is being piloted (second semester) and it may provide information to assist in the refinement of the model over time.
5) A note of caution. This model, like similar models elsewhere, still has a higher than desired false classification rate. This is to some extent an artifact of such models but has sufficient utility to be used to enter an advising discussion. This also means that this approach is currently not likely to lead to greater precision in predicting numbers for next-term enrollments than other approaches. 
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First Time FT Students: Relative Importance
(Based on Standardized Beta Value)
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Analysis of Maximum Likelihood Estimates

Standard| Wald

Chi-| Standardized
Parameter DF| Estimate| _Error| Square| Pr> Chisq Estimate
Intercept 1 -0.94] 1.72| 0.30] 0.59|
CUMULATIVE_GPA 1 -1.25] 0.12] 100.44| <0001 -0.56
[TUITION_DIFF_TERM_LOA 1 0.00] 0.00] 9.37| 0.00] 0.11
|AGE_SOT 1 0.03] 0.06| 0.33] 0.57| 0.02
CUMULATIVE_EARNED_HO 1 001 0.01 1.99| 0.16| -0.06
INSTITUTIONAL_CREDIT 1] -0.04| 0.02| 3.68| 0.06| -0.10
FA_CREDITS_REG 1 0.08] 0.06| 1.83] 0.18] 0.08
HS_GPA 1 001 0.17| 0.00] 0.97| 0.00
GENDER Female 1 -0.08] 0.07| 0.63] 0.43] -0.03
HISP_NUM 0 1 -0.08] 0.09| 0.66| 0.42| -0.03
BLACK_AA_NumM 0 1 0.80] 0.30] 7.10] 001 0.14
|AMER_IND_NA_NUM 0 1 -0.47| 0.19] 6.14| 001 -0.09
|ASIAN_NUM 0 1 -0.37] 0.17| 4.94| 0.03] -0.08
HAW_PI_NUM 0 1 021 0.24| 0.79] 0.37| -0.02
|ACADEMIC_STAND_BINAR 0 1 0.30] 0.09| 11.43] 0.00] 0.10
|WHITE_NUM 0 1 -0.03] 0.12| 0.06| 081 -0.01
UNKNOWN_NUM 0 1 041 0.32] 1.62| 0.20] 0.08
[TWO_OR_MORE_NUM 0 1 0.66| 0.22| 8.97| 0.00] 0.18
INTERNATIONAL_NUM 0 1 0.56| 0.23] 581 0.02| 0.11
CAMPUS_HOUSE 0 1 0.00] 0.09| 0.00] 0.97| 0.00
GREEK_HOUSING 0 1 0.57| on 26.45) <0001 0.28
FIRST_GEN_BINARY 0 1 -0.17| 0.06| 7.33] 001 -0.09
CALS 0 1 -0.06| 0.15] 0.15] 0.69| -0.02
CAA 0 1 -0.46| 0.14] 10.08| 0.00] 012
CBE 0 1 -0.12] 0.13] 0.77| 0.38] -0.04
CEHHS 0 1 0.23] 0.16| 2.05] 0.15] 0.07
COE 0 1 -0.14] 0.12| 1.34] 0.25] -0.06
CLASS 0 1 0.01 0.12] 0.01 091 0.01
CNR 0 1 -0.34] 0.14] 5.98] 001 -0.09
COS 0 0] 0.00]
REMEDIAL_MATH 0 1] 0.14] 0.07| 3.36| 0.07| 0.07
REMEDIAL_ENGL 0 1 -0.23] 0.16| 211 0.15] -0.06
[TWO_REMEDIAL 0 1 0.09| 0.20] 0.19] 0.67| 0.02
FALL_HRS_15_MORE 0 1 0.36] 0.10] 11.86| 0.00] 0.18
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