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Abstract 
This study delves into the intricate and multifaceted factors driving state-level college and university closures, 
leveraging publicly accessible variables through a Generalized Linear Model (GLM) analysis, in contrast to 
Multiple Discriminant Analysis (MDA). The analysis identifies key determinants of closures, including 
institutional endowment, tuition, and the percentage of in-state students. A pivotal contribution of this research is 
the development of a predictive Z-score model and ranges, offering robust and efficient tools for classifying 
higher education institution closures with enhanced applicability. 
Keywords: generalized linear model, GLM, bankruptcy, Z-score, university, endowment, institution, box-cox  
1. Introduction  
Pursuing higher education represents one of the most significant investments an individual or family can 
undertake, second only to the acquisition of a home. Many often overlook the importance of verifying an 
institution's operational status before making this substantial commitment. The allure of prestigious rankings and 
well-known university brands often overshadows critical considerations regarding an institution's long-term 
viability. While the opportunity to attend highly esteemed universities is limited, it is crucial to understand the 
financial stability of the institutions being considered. Unlike public companies that must provide detailed annual 
reports, colleges and universities that do not receive federal funding are not mandated to disclose their revenue 
and other financial metrics. This lack of transparency makes it challenging to assess the true health of an 
institution. From 2004 to 2021, roughly 861 US colleges and universities ceased operations, accounting for 
nearly fifteen percent of the 5,860 institutions that were operating at the time (Barshay, 2023). Closures arise 
from various causes. Financial difficulties can significantly impair an institution’s operational capabilities. Some 
prominent financial challenges include endowment issues, declining enrollment, and accreditation problems. 
Public institutions also grapple with reduced state funding, straining budgets and necessitating cuts to programs 
and staff. Rising operational costs—such as faculty salaries, technology upgrades, and utilities—can become a 
substantial burden when coupled with diminishing tuition income. Without effective strategies to mitigate these 
financial pressures, colleges and universities may find themselves unable to continue operations, ultimately 
leading to closure. 
This article aims to forecast the risk of college and university closures by leveraging widely accessible data from 
university annual reports and websites. While the precision of predictions would be significantly enhanced by 
incorporating technical financial metrics—such as total assets, working capital, debt-to-equity ratio, return on 
equity, and earnings before interest, taxes, depreciation, and amortization (EBITDA)—analogous to the data 
available from public companies, these metrics are generally not obtainable for colleges and universities. 
Although certain private universities may voluntarily provide financial information, it is not consistently 
available. This study endeavors to utilize readily accessible data and comprehensible terms to develop a robust 
score range for predicting the closures of higher education institutions. The intention is to equip individuals with 
a formula that is both straightforward and insightful. 
1.1 Altman’s Z-Score 
The feasibility of predicting such closures using a Generalized Linear Model (GLM) and deriving an effective 
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score range is a central question of this research. Predicting institutional closures through mathematical formulas 
has a well-established precedent. In 1968, Edward Altman introduced the Altman Z-score formula in his seminal 
study, “Financial Ratios, Discriminant Analysis, and the Prediction of Corporate Bankruptcy” (Altman,1968). 
Altman’s research involved sampling sixty-six firms, with an equal split between bankrupt and solvent 
manufacturing firms. These samples were used to construct a predictive function that generates a Z-score 
indicating the probability of default. Altman gathered balance sheet and income statement data for each firm and 
calculated twenty-two financial ratios, ultimately selecting the five most significant ratios as predictive variables. 
These variables included the net working capital to total assets ratio, earnings before interest and taxes to total 
assets ratio, retained earnings to total assets ratio, market value of equity to total liabilities ratio, and sales to 
assets ratio. Altman later revised his Z-score formulas for subsequent situations and industries in later 
publications (Altman, 2018). Other scholars, such as Begley, Ming, and Watts, have also developed their own 
Z-score formulas (Begley, Ming, and Watts,1996).  
1.2 Generalized Linear Model 
Although Altman’s original Z-score methodology is not utilized, this study designates the calculated score as a 
Z-score. This terminology is chosen intentionally, as the term Z-score is widely recognized in statistics for its 
role in identifying outliers. This study employs a GLM to compute the Z-score, as opposed to the traditional 
Multiple Discriminant Analysis (MDA) employed by Altman to compute the Altman’s Z-score. The 
conventional MDA model's reliance on assumptions of normally distributed predictors and homoscedasticity 
often limits its practical application in real-world scenarios. Conversely, the GLM assumes that the predictors are 
linearly related to the log-odds of the response variable, offering a robust and adaptable framework that 
effectively manages mixed qualitative and quantitative predictors without enforcing stringent assumptions about 
data distribution or homoscedasticity. Particularly, the logistic regression component within the GLM is 
exceptionally suited for binary classification tasks, as demonstrated by the categorization of institutions in this 
study as either operational or bankrupt. All these factors endow the GLM Z-score formula with its own distinct 
merits. The analysis will employ the following four qualitative and four quantitative variables: 
1. Status: This qualitative response variable indicates whether the college or university is currently 
operational or bankrupt. 
2. Type: This qualitative predictor specifies whether the educational institution is categorized as a college or a 
university. 
3. Religious: This qualitative predictor specifies whether the educational institution is religiously affiliated. 
4. PublicPrivate: This qualitative predictor specifies whether the educational institution is categorized as 
public or private. 
5. Endowment: This quantitative predictor enumerates the endowment figures (in billions) for the latest 
academic year (2023-2024) for operational institutions, and the endowment at the time of closure for defunct 
institutions. 
6. Enrollment: This quantitative predictor enumerates the annual enrollment figures for the latest academic 
year for operational institutions, and the annual enrollment figures at the time of closure for defunct institutions.. 
7. Tuition: This quantitative predictor enumerates the annual in-state tuition fees (in dollars) for the latest 
academic year (2023-2024) for operational institutions, and the annual in-state tuition at the time of closure for 
defunct institutions. 
8. Percentage_Instate: This quantitative predictor, ranging between 0 and 1, details the proportion of in-state 
students relative to the total student population. 
All predictors and the response variable should be comprehensible to a general audience and readily accessible 
on university websites. It is crucial to note that all qualitative predictors, including the response variable, exhibit 
only two distinct levels. For instance, Status is classified as either operational or bankrupt, Type distinguishes 
between college and university, and Religious indicates yes or no. These variables must be converted into binary 
(dummy) variables. Each dummy variable will represent one level of the categorical variable, with a value of 0 
for the specific category and 1 for the others. The dummy variable for Status will assign 0 to operational and 1 to 
bankrupt, the dummy variable for Type will assign 0 to college and 1 to university, and the dummy variable for 
Religious will assign 0 to no and 1 to yes. It is important to emphasize that although dummy variables do not 
carry inherent quantitative meaning, they allow the model to contrast different categories against a reference 
group, which is typically omitted to avoid multicollinearity. In this context, the relationship between a binary 
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qualitative response variable and both qualitative and quantitative predictors is often curvilinear. A common 
curvilinear pattern is the S-shaped curve, which is effectively captured by the logistic GLM. 
 This dataset comprises a total of 403 institutions, comprising 282 universities and 121 colleges, 19 of which 
ceased operations between 2014 and 2023. Of these, 194 are private non-profit institutions, while 209 are public 
institutions. Additionally, 305 institutions are non-religious, and 98 are affiliated with religious organizations. 
These institutions are distributed across all 50 states, including Puerto Rico. Only private non-profit institutions 
are included, as most private for-profit institutions do not disclose endowment or other relevant information. 
Prior to the commencement of the research, it was assumed that endowment figures would be widely available 
and represent a key indicator of institutional strength and sustainability. The institutions within the dataset 
exhibit significant variation in key financial metrics—endowment, enrollment, and tuition—each of which plays 
a crucial role in shaping the financial health and operational priorities of these institutions. Endowments ranged 
from $145,000 to an impressive $49.5 billion, with a mean endowment of $1.791 billion. Enrollment figures 
varied from a modest 145 students to a substantial 152,812 students. In-state tuition fees ranged from $4,168 to 
$65,000 annually, with a mean of $28,730. Demographically, these colleges and universities show considerable 
regional variation. The proportion of in-state students at each institution ranged from as low as 5% to as high as 
95%, reflecting the differing geographic dynamics and regional priorities in higher education across the United 
States.  

 

 
1.3 Box-Cox Transformation 
Figure 1 illustrates the histogram for Endowment, while Figure 2 illustrates the histogram for Enrollment. Both 
histograms exhibit a pronounced right skew, indicating a significant departure from normality. Unlike traditional 
linear models (LM), which require the normality of predictors, logistic regression within the GLM framework is 
robust to non-normality, as it assumes that the predictors are linearly related to the log-odds of the response 
variable. Thus, logistic regression focuses on estimating odds ratios rather than directly estimating the mean of the 
response variable. However, the skewness present in the two predictors may still pose challenges. These factors 
can affect the estimated coefficients and inflate standard errors, potentially influencing the model's performance 
and compromising the validity of the results. To address these issues, the skewness can be adjusted back to a 
normal distribution by applying the Box-Cox transformation method, which essentially raises each positive 
predictor to an optimal power and then normalizes the result by dividing by the corresponding optimal power value 
(Box, 1964). This approach tends to yield more satisfactory results compared to conventional log, square root, or 
reciprocal transformations. Like all transformations, the Box-Cox method has a key drawback: it complicates the 
interpretation of the coefficients for the transformed variables. However, model stability, interpretability, and 
performance are paramount. In this regard, the benefits of the Box-Cox transformation outweigh its drawbacks. 
Figures 5 and 6 present the histograms of the Box-Cox transformed and centered (without scaling) Endowment 
and Enrollment, respectively. Centering without scaling the two predictors offers the advantage of eliminating 
biases related to the respective means while preserving the original scales. Due to linear computations, the means 
can be easily adjusted at the end of the fitted model and incorporated as a constant. At this stage, GLM with the 
predictors using Box-Cox transformation makes the model quite complex, so the aim is to avoid complicating the 
model by introducing numerous calculations. Standardizing the variables may be done later if they become 
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necessary, though in most cases, they are not required. Figure 3, on the other hand, illustrates the histogram of 
Tuition, which appears to conform to the normality assumption, exhibiting a symmetric distribution. It is worth 
noting that the scale of Tuition is quite large, which may eventually lead to complications. Figure 4 presents the 
histogram for the percentage of in-state tuition, which also exhibits a roughly normal distribution. 

 

The seven identified predictors will be utilized to forecast institutional closures. The model presented in 
Equation 1 will be employed to classify institutions into three distinct zones: Operational (institutions in this 
zone exhibit strong and healthy operational performance), Gray Area (institutions within this zone demonstrate 
vulnerabilities in operational health and are deemed at potential risk of bankruptcy), and Bankrupt (institutions 
categorized in this zone are characterized by significant operational deficiencies and are assessed to face a high 
likelihood of bankruptcy). 
 
Table 1. Correlation Matrix 

  
 
Table 1 presents the correlation matrix for all numerical predictors. The correlation coefficient between Tuition 
and Percentage_Instate is -0.8305723, indicating a strong negative linear relationship. This suggests potential 
multicollinearity between the two variables. While it may be beneficial to either standardize the variables or 
remove one from the model, it is important to note that correlation alone does not necessarily indicate an issue, 
provided that the Variance Inflation Factors (VIFs) for the predictors in the optimal model remain sufficiently 
low. Therefore, at this stage, we will retain both predictors and reassess them later, if necessary, based on VIFs. 
 

 
Figure 7. R Printout of the GLM initial model 
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2. Residual Analysis 
Figure 7 illustrates the R printout for the initial model, employing a logistic GLM due to the binary nature of the 
response variable. The deviance residuals range from -2.21010 to 2.45806, suggesting the absence of extreme 
outliers within the model. This preliminary analysis highlights that Endowment_transformed and Tuition are 
statistically significant predictors of the outcome variable, Status, indicating their substantial influence on the 
model. It is noteworthy that none of the qualitative predictors were deemed significant in this initial evaluation. 
Furthermore, it is crucial to assess the VIFs of the model to identify potential multicollinearity among the 
predictors, thereby ensuring the stability and reliability of the model as it undergoes further refinement. Figure 7 
also illustrates the VIF for each predictor in the initial model. None of the predictors exhibit signs of 
multicollinearity, as all VIFs fall within the acceptable threshold (VIF < 10). This indicates that multicollinearity 
is not a significant concern in this initial first-order model. While simpler models with fewer predictors generally 
encounter fewer issues related to multicollinearity, it is crucial to reassess VIFs as the model is refined and 
additional interaction terms are incorporated. This reassessment ensures the robustness and validity of the model. 
The deviance residual plot in Figure 8 indicates again that there are no extreme outliers requiring removal. In 
Figures 9 and 10, some data points exhibit higher hat values and Cook’s distance values than the typical 
thresholds (with the hat value threshold at 0.0397 and Cook’s distance threshold at 0.0099). While this suggests 
that these points are influential, a thorough examination of the dataset reveals that they do not qualify as outliers. 
Consequently, these influential non-outlier points will remain in the model. 
3. Stepwise Regression 
To enhance the initial model, the first step is to perform stepwise regression, followed by incorporating 
interaction terms of the remaining significant predictors. This sequential approach offers the advantage of first 
reducing the number of independent variables and identifying key predictors, ensuring that only the most 
relevant variables are retained. Once this step is completed, interaction terms can be added to the model, refining 
it into a more parsimonious and effective representation of the underlying relationships. This methodology 
preserves the model's predictive power while improving its efficiency and interpretability. Such an approach is 
particularly critical when working with limited sample sizes, as is the case with the current dataset of 403 
institutions. One potential drawback is that significant predictors with interactions may be excluded during the 
stepwise selection, leading to the omission of important interaction effects. The benefits of this approach, 
particularly in terms of computational efficiency and minimizing the risk of having insufficient degrees of 
freedom, far outweigh this concern, given the constraints of the sample size. 
Discerning readers will observe that the model is unweighted. Identifying bankrupt institutions correctly has 
been a significant challenge, even with the inclusion of all seven predictors, particularly the predictor 
Endowment. The limited number of bankrupt institutions—only 19 out of 403 total institutions—is especially 
concerning. Given that the proportion of bankrupt institutions is significantly smaller than that of operational 
institutions, applying weights to the sample is inadvisable. Assigning greater weight to the underrepresented 
group to ensure a more balanced contribution from both categories introduces the risk of instability to the model. 
Beyond weighting in GLM, other methods could be considered. Synthetic techniques, such as SMOTE 
(Synthetic Minority Oversampling Technique) or ADASYN (Adaptive Synthetic Sampling), generate synthetic 
samples for the minority class. However, these methods may lead to overfitting if the synthetic samples do not 
accurately represent the minority class distribution. Alternatively, undersampling reduces the size of the majority 
class but risks losing valuable information and shrinking the dataset overall. Lastly, stratified resampling for 
validation ensures proportional representation during evaluation but does not balance the dataset during training. 
Each method has its pros and cons. Stratified resampling for validation is preferred, as it ensures both classes are 
proportionally represented in each fold during cross-validation and preserves the original class distribution while 
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evaluating the model's performance. This approach will be implemented after finalizing the chosen model. 

 
Figure 11. R Printout of the Stepwise Model 

 
Figure 11 displays the printouts of the new GLM model and the VIFs of the significant predictors after stepwise 
regression. It is important to note that the VIFs do not need to be re-examined, as the printout reflects a 
parsimonious model derived from the initial model, assuming the predictors in the initial model did not exhibit 
high VIFs. Clearly, the parsimonious model of the initial model also does not show high VIFs. The printout 
indicates that the predictor PublicPrivate has non-significant p-value, suggesting it should be excluded from the 
model.While it is true that the predictor PublicPrivate could be excluded from the model, its inclusion may not 
necessarily lead to significant issues. Although it may result in less precise estimates or greater variability, these 
outcomes are not inherently problematic. The underlying reasons for the elevated p-value should be addressed. 
One potential explanation could be an imbalance in the proportions between Public and Private institutions. That 
said, this is not the case here, as the data is well-balanced with 194 private non-profit institutions and 209 public 
institutions.  
 

 
Figure 12. R Printout of the Stepwise Model with Predictor PublicPrivate Omitted 

 
Figure 12 presents the model output excluding the predictor PublicPrivate. A more serious issue emerges as the 
Akaike Information Criterion (AIC) of the model escalates from 56.616 to 96.674, and the predictor 
Percentage_Instate now exhibits a non-significant p-value. It is crucial to recognize that stepwise regression in 
GLM does not rely on p-values to identify the most parsimonious model. Instead, it assesses the model's quality 
using AIC, which is calculated by considering the difference between the number of parameters in the model 
(including the intercept) and the natural log of the likelihood of the model.  
A model with a lower AIC indicates a superior balance between predictive accuracy and simplicity, thereby 
making it the preferred choice for prediction. This indicates that the current model, after dropping the predictor 
PublicPrivate, performs worse in estimating the data than the previous model. Therefore, the new model should 
not be accepted. Another significant issue with the new model is that the p-value of the predictor 
Percentage_Instate is now 0.76477, indicating that it is not significant to the model. One possible explanation for 
these changes is the presence of multicollinearity and interactions between PublicPrivate and other predictors. 
However, the issue of multicollinearity can be ruled out, as it is not a concern. An examination of the VIFs in 
both Figures 11 and 12 confirms that no multicollinearity exists in either the previous or the present models. To 
address this, an interaction model will be examined to assess its effects. With all three predictors, a three-way 
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interaction model will be considered. Nevertheless, given the current sample size, it is important to be aware that 
multiple-way interaction models may not always be feasible, as they introduce too many parameters. This could 
potentially result in overfitting, where the model fits the noise of the data, loss of degrees of freedom leading to 
instability, or, worse, causing the model to fail to converge. 
 

 
Figure 13. R Printout of the Three-Way interaction model 

 
3.1 Interaction Models 
Figure 13 presents the printouts of the three-way interaction model. Notably, the AIC is significantly lower than 
that of the previous model in Figure 15 and only marginally lower than the initial model, which is a positive 
outcome. The p-value of the three-way interaction term is slightly larger, indicating that it may need to be 
considered for removal. Of particular concern is the interaction term between Endowment_transformed and 
Percentage_Instate, which has a p-value of 0.74105. Given this, it will undoubtedly and unquestionably be 
removed. All VIFs of the predictors in the new model have become quite high. With these high VIFs, it will be 
impossible to analyze the effect of each predictor on the response variable. This phenomenon indicates that 
multicollinearity is significantly present due to the interaction terms introduced. It is as though feedback loops 
have been created to collinear all predictors. Consequently, the next step will be to remove the predictor 
interaction term Endowment_transformed and Percentage_Instate. The next model will then be reassessed to 
determine if further actions are needed. 
 

 

Figure 14. R Printout of the Three-Way interaction model with endowment_transformed and percentage_instate 
omitted 

 
Figure 14 illustrates the printouts with the interaction term Endowment_transformed:Percentage_Instate 
removed. Although the AIC is quite reasonable, this new model raises two concerns. Firstly, the predictor 
Endowment_transformed has a p-value of 0.10965, indicating that this predictor should be removed if all 
interactions related to Endowment_transformed exhibit high p-values. The three interaction 
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terms—Endowment_transformed:Tuition with a p-value of 0.04456, Tuition:Percentage_Instate with a p-value 
of 0.00577, and Endowment_transformed: Tuition:Percentage_Instate with a p-value of 0.00595—have 
significantly small p-values. These strongly suggest that the predictor Endowment_transformed should be 
retained. Secondly, despite a reduction from extremely high values, the VIFs remain elevated. It is important to 
emphasize that a few high VIFs do not necessarily indicate a serious issue. Predictions will remain reliable if the 
model coefficients are stable. However, when all VIFs are high, the stability of the model coefficients is 
compromised, leading to an unreliable prediction model. A new approach must be found to address this issue. It 
is noted that the predictor Tuition has a very low coefficient value, indicating a significant range from 4168 to 
60000, compared to the other predictors: Endowment_transformed ranges from -6.6 to 5.5, and 
Percentage_Instate ranges from 0.05 to 0.95. With the substantial scale of the predictor Tuition, significant 
challenges arise in the GLM. The issue stems from the predictor Tuition exerting a disproportionately strong 
influence due to its measurement in larger units. Consequently, it appears highly significant, overshadowing 
other predictors measured on a smaller scale. To address this imbalance, one effective solution is to center it by 
subtracting the mean. As mentioned earlier, this centering process will scale down the range while preserving the 
original scale. This centering procedure should have been implemented from the beginning, despite adding 
complexity to the model. Initially, a Box-Cox transformation was applied to two of the other predictors. Given 
the significant impact of centering the predictor Tuition on the model, it is prudent to re-examine the three-way 
model including all interaction terms. This entails reintroducing Endowment_transformed:Percentage_Instate 
and conducting a thorough reassessment. 
 

 
Figure 15. R Printout of Three-Way interaction model with centered tuition 

Figure 15 illustrates the model's printouts subsequent to centering the predictor Tuition. The model demonstrates 
robust construction, as evidenced by a reasonable AIC. Notably, when comparing this model to the three-way 
interaction model without centering the predictor Tuition (as seen in Figure 14), substantial improvements in 
lowering the VIFs are observed. Despite this progress, the VIFs for the newly centered predictor 
Tuition_transformed and the interaction term Tuition_transformed:Percentage_Instate remain significantly 
elevated, which necessitates further attention. It may be advantageous to center the predictor Percentage_Instate 
from the outset. At this stage, it could be argued that Percentage_Instate should have been centered initially. 
Although this would have been beneficial, the pursuit of the optimal model inherently involves a process of trial 
and error, necessitating multiple iterations. 
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Figure 16. R Printout of Three-Way interaction model with centered percentage_instate 

 
Figure 16 illustrates the outputs of the three-way interaction model incorporating the centered predictor, 
Percentage_Instate_transformed. The acceptable VIF now indicates the multicollinearity has been successfully 
mitigated. This achievement is a testament to the iterative nature of model refinement, where multiple cycles of 
trial and error are essential for optimization. It’s worth acknowledging that some may contend that earlier 
standardization could have preserved additional terms. Given model convergence, main effect predictors are 
generally retained in stepwise regression, whether employing forward or backward approaches, though 
exceptions do exist. The model still exhibits a reasonable AIC, and from a technical standpoint, it has improved. 
Despite these advancements, due to the non-significant p-values associated with one of the two-way interaction 
terms, Endowment_transformed:Tuition_transformed, and the three-way interaction term, 
Endowment_transformed:Tuition_transformed:Percentage_Instate_transformed, it is prudent to omit these terms. 
 

 
Figure 17. R Printout of Three-Way Interaction Model with excluding the two-way interaction term 

Endowment_transformed:Tuition_transformed and the three-way interaction term 
Endowment_transformed:Tuition_transformed:Percentage_Instate_transformed 

 
3.2 Cross-Validation and Ridge Regression 
Figure 17 illustrates the outputs of the interaction model, excluding the two-way interaction term 
Endowment_transformed:Tuition_transformed and the three-way interaction term 
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Endowment_transformed:Tuition_transformed:Percentage_Instate_transformed. This model is deemed optimal 
with an AIC of 57.18, the second lowest after the model depicted in Figure 11, which has an AIC of 56.616. The 
VIFs are notably low, the deviance residuals are minimal (-1.98998, 2.60996), and all individual p-values are 
both significant and reasonable. The difference between the null deviance and the residual deviance is 109.314 
(153.161 - 43.814) on 6 degrees of freedom, indicating a superior model fit. The Fisher scoring iterations total 
only 10, signifying rapid convergence. This model exhibits well-behaved characteristics and is therefore 
regarded as the best model identified thus far. To further enhance its performance, two additional steps will be 
undertaken. Firstly, cross-validation will be performed to obtain a more reliable estimate of the model's Mean 
Squared Error (MSE). This ensures the model's robustness and generalizability. Secondly, ridge regression will 
be applied to the current model. While ridge regression is typically employed to address multicollinearity among 
predictors or in models with numerous predictors and limited observations, the primary concern here is to avoid 
overfitting. There is a concern that this model performs excellently on the training data but poorly on the test 
data. By using ridge regression, the goal is to ensure that the model generalizes well to new, unseen data. 

 
Table 2. Coefficients of ridge regression model 

 
Table 2 presents the optimal coefficients of the model after applying Ridge regression. Notably, the tuning 
parameter lambda is set to 0.001, which implies that this Ridge regression model closely mirrors the model 
depicted in Figure 17. The 10-fold cross-validation MSE of 0.1153 indicates that the model’s predictions are 
highly aligned with the actual values. The subsequent step involves making predictions based on this model. 

 
At this critical juncture, the fitted model illustrated in Equation 2 will be explicated for the purpose of predicting 
the response variable, Status. Although it encompasses only three quantitative predictors, the task has evolved in 
complexity due to the implementation of a Box-Cox transformation and centering applied to one predictor, while 
the remaining two predictors have undergone centering without scaling. Upon careful examination, it is 
imperative to ensure that the fitted model remains robustly applicable. With the formula clearly delineated, it 
becomes feasible to replicate all models presented in this article in a similarly precise manner, if necessary. 
Any model can have overfitting issues, meaning the model fits perfectly on the original/training datasets but 
performs poorly on the new/test datasets. Even this final technically perfect model may have an overfitting issue. 
It is crucial to recognize that the most interpretable model does not always guarantee the highest predictive 
accuracy. Striking a balance between interpretability and predictive performance is essential for optimizing the 
model. Goals should be kept in mind, whether aiming to find a technically perfect model or the best model for 
predicting. Consequently, a comprehensive comparison between the previously mentioned models and the best 
model will be conducted, enabling the selection of the model that best suits preferences and requirements. 
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Table 3. Test Dataset 

 
 
Table 3 presents the test dataset utilized for validating the accuracy of the models. It is important to note that 
these 11 institutions were selected randomly, and the data may contain errors or inaccuracies, similar to the 
original dataset. This should have been highlighted at the outset. The purpose of this article is strictly academic 
and does not suggest or accuse any of these institutions of bankruptcy. For clarification, the original dataset 
comprises 384 operational institutions and 19 bankrupt institutions, while the test dataset contains 9 operational 
institutions and 4 bankrupt institutions. 
3.3 Z-Score 
Now defining the Z-score range. In this context, the Z-score range is determined by comparing the responses to 
the fitted values. 3 zones will be established: Operational (OP), Gray Area (GA), and Bankrupt (BK). The lower 
bound of GA is set at the lowest fitted value of the bankrupt institutions (Status=1). The upper bound of GA is 
established at the highest fitted value of the operational institutions (Status=0). Institutions will be classified as 
OP if their corresponding calculated Z-score is less than the lower bound of GA, classified in GA if their 
corresponding calculated Z-score falls within the range of the lower and upper bounds of GA, and classified as 
BK if their corresponding calculated Z-score exceeds the upper bound of GA. For the model accuracy, the counts 
and percentages will be categorized into true positive (TP), true negative (TN), false positive (FP), and false 
negative (FN). TP represents the correct identification of bankrupt institutions, whereas TN represents the correct 
identification of operational institutions. FP, also known as Type I errors, occur when operational institutions are 
incorrectly classified as bankrupt—a critical mistake to be avoided. FN, or Type II errors, occur when bankrupt 
institutions are incorrectly classified as operational. Although significant, this error is less severe than a Type I 
error, leading to potential inefficiencies. 
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Table 4. List of models for comparison 

 
4. Comparisons 
Table 4 illustrates a comparative analysis of all the models developed in this article, arranged in ascending order. 
A total of ten models are included: nine created in this study, along with an additional placebo model. The 
placebo model is a straightforward GLM utilizing all original predictors, without any refinements such as 
variable transformations or the application of ridge regression, and serves primarily as a comparison placebo. For 
each model, the following details are provided: the Z-score ranges, the AIC, the prediction counts, and the model 
accuracy for both the original and test datasets. The following are key statistics and highlights: For the Z-score 
range in GA, the narrowest range is 0.6828, from Equation 2, while the widest range is 0.9166, from Figure 14. 
Regarding the AIC, most differences are marginal. The lowest AIC, 56.616, is from Figure 11, which includes 
four variables after stepwise regression. The highest AIC, 96.674, is from Figure 12. For OD prediction and 
accuracy, the lowest TP rate is 0% from Figure 12, whereas the highest TP rate is 5.56% from the placebo model. 
The lowest TN rate, 77.86%, is from Figure 12, while the highest TN rate, 93.49%, is from Figure 7 and the 
placebo model. All FP and false negative FN rates are 0% across all models in all figures. For TD prediction and 
accuracy, the TP rate is consistently 0% across all models. The lowest TN rate is 66.67% from Figure 12, 
whereas the highest TN rate is 100% from Figures 7, 11, 15, 16, 17, and Equation 2. FP rates for all models are 
0%, but the FN rate varies, with the lowest being 0% from models in Figures 7 and 11, and the highest being 100% 
from the placebo model. When selecting the optimal model, one approach is to choose the most well-formulated 
model that satisfies all necessary assumptions and requirements and is well-defined. Alternatively, preference 
might be given to a model that excels in predicting TD. Ideally, a model would satisfy both criteria. The 
best-formulated model is Equation 2, but it does not offer the desired level of accuracy in TD prediction. 
Utilizing the counts in the three categories OP, GA, and BK to assess the percentages of TP, TN, FP, and FN. The 
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optimal model would be the one that achieves the highest percentages in both TP and TN, while simultaneously 
maintaining the lowest percentages in both FP and FN. Equation 2 reveals the following metrics in TD: OP: 11, 
GA: 2, BR: 0, TP: 0 (0%), TN: 9 (100%), FP: 0 (0%), and FN: 2 (50%). This model misidentified two bankrupt 
institutions, classifying them as operational, resulting in a 50% Type II error. While this is not as critical as a 
Type I error (any percentage in FP), it indicates that this model fails to detect financial distress and classifies the 
institution as financially stable. Consequently, it is not the best for predictions despite its robustness. 
Interestingly, there are two models with perfect TD predictions, both having no FN errors: the models from 
Figures 7 and 11. Remarkably, these two models were formulated from the outset. The model from Figure 7 
exhibits the following metrics for TD: OP: 9, GA: 4, BR: 0, TP: 0 (0%), TN: 9 (100%), FP: 0 (0%), and FN: 0 
(0%). Similarly, the model from Figure 11 reports OP: 9, GA: 4, BR: 0, TP: 0 (0%), TN: 9 (100%), FP: 0 (0%), 
and FN: 0 (0%). The model from Figure 7 incorporates all seven original predictors with Box-Cox 
transformations on both Endowment and Enrollment predictors. In contrast, the model in Figure 11 is derived 
from the model in Figure 7 after stepwise regression. 
A discerning reader will recognize that while these two models have 0 FN, they are still not effective at 
predicting bankruptcy. This is because both models, as well as all the others, have 0 TP. Consequently, despite 
having 0 FN, the models' TP rate is 0%, meaning they fail to identify any bankrupt or financially distressed 
institutions. This indicates that the models do not accurately detect financial distress. However, upon closer 
examination, considering the prediction counts and FP, both models magically have perfect predictions. 
Analyzing further: both predict 9 in OP, 4 in GA, and 0 in BK. With 0 TP, 9 TN, 0 FP, and 0 FN, these metrics 
mean they correctly identify all nine operational institutions and the four bankrupt institutions, respectively, with 
no Type I and Type II errors. The four identified bankrupt institutions are incorrectly assigned to GA instead of 
BK, but the two models did correctly identify all four bankrupt institutions, which is precisely the most 
challenging task. Reassigning all 4 bankrupt institutions from GA to BK is not difficult. Z-score ranges can be 
redefined by eliminating GA and having only OP and BK. By establishing the original lower bound of GA as the 
new lower bound of BK, and including the endpoint, the classification process is effectively redefined. 
 
Table 5. New Z-Score Ranges 

 
 
4.1 Optimal Z-score Model and Ranges 
Table 5 illustrates the redefined Z-score ranges for the models from Figures 7 and 11. With these new Z-score 
ranges, both models exhibit TP and TN rates of 100%, and FP and FN rates of 0%, making them exemplary for 
predictions. The critical question now is which model to select between the two. Notably, the number of Fisher 
Scoring iterations is 21 for both models, indicating they converge at the same steps with similar stability and 
optimization behavior. The model in Figure 7 has an AIC of 59.754, whereas the model in Figure 11 has an AIC 
of 56.16. A smaller AIC suggests a superior balance between fit and complexity. The model in Figure 11, with 
four predictors compared to the seven predictors in the model in Figure 7, demonstrates this superior balance. 
The model in Figure 11 is the more robust choice in terms of statistical efficiency. As such, it is preferred for 
parsimonious predictions. 
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5. Conclusion 

 
Figure 18. Optimal Z-Score Ranges 

 
Equation 3 illustrates the model identified as the optimal choice for computing the Z-score, and Figure 18 
presents the optimal Z-score ranges. When the calculated Z-score is below the threshold of 0.0081, the institution 
is considered operational. In contrast, when the calculated Z-score is at or above the threshold of 0.0081, the 
institution is considered at risk of bankruptcy. The equation for the Box-Cox transformation of the predictor 
Endowment_transformed is provided with the optimal lambda value of 0.02020202. It is important to note that 
the predictor Endowment is measured in billions of dollars. For the predictor Tuition, the in-state annual tuition 
(measured in dollars) is used. For the predictor Percentage_Instate, it ranges between the values of 0 and 1, not 
as a percentage.The coefficients reveal that all values, including the intercept, are negative except for the 
coefficient of Percentage_Instate. This suggests that public institutions with higher endowment and tuition 
values will experience a positive effect. Conversely, a higher percentage of in-state students will have an adverse 
effect, as out-of-state tuition is significantly higher than in-state tuition, which aligns with expectations. As a 
result, two zones have been established using TP, TN, FP, and FN instead of the initial three zones by verifying 
the fitted values and the true status. The current two zones provide more accurate predictions, as previously 
mentioned. This optimal model was developed immediately following stepwise regression. The decision to select 
this model was based not only on its derivation from stepwise regression but also on its low AIC for simplicity 
and rapid convergence, and, most importantly, its ability to provide perfect predictions for both OP and BK 
institutions in the test dataset. While this model was chosen, readers are strongly encouraged to explore other 
models presented in this article, based on their specific needs and preferences, to perform predictions 
accordingly. When utilizing alternative models besides the model from Equation 3, it is imperative that any 
institution's calculated Z-score falling within GA be regarded as questionable, high-risk, or bankrupt institutions 
to ensure caution. 
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