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INTRODUCTION 

 Classification analysis deals with the prediction of variables that are qualitative in 

nature (James et al, 2015). Examples of qualitative variables include disease testing 

(negative/positive), whether an email is spam (Yes/No), and type of shoes an individual wears 

(Nike/Adidas/Sketchers/Under Armour) (James et al, 2015). These qualitative variables range 

from binary (disease testing/whether an email is spam) to multi-class (shoe brand). The 

classification type that will be explored in this study is that of binary classification. As 

mentioned above, one common binary classification problem is that of classifying email spam 

(Yes/No) using statistical analysis. Classification Analysis involves assigning class labels to each 

group, 0 or 1, respectively. Within classification analysis, class labels are assigned to the 

predictions of previously unseen cases (cases where we do not know which class it belongs to) 

through the use of decision cut points. Beginning with a default value of 0.5, researchers and 

practitioners can adjust the decision cut point in order to maximize an accuracy metric of their 

choice. A few of these metrics include overall accuracy (how many cases where correctly 

predicted), sensitivity (how many positive cases where correctly identified), and specificity (how 

many negative cases where correctly identified). 

In Classification Analysis, a low probability event is one in which there is a class that 

occurs more frequently than another. One example of a low probability event outlined in the 

classification problems above is that of email spam. One can expect that a majority of emails are 

legitimate, leaving email spam as a low probability event. Consider a hypothetical example of 

predicting high school dropouts- in this example our low probability event would be if an 

individual drops out of high school. The prediction of student retention can be challenging since 

in most cases you will have a sample with more non-drop outs than dropouts. Within the context 
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of classification analysis, this problem would be considered binary (0 – Stays in School; 1 Drops 

out of School). Having fewer cases dropping out of school compared to those who stay in school 

is what makes the prediction of dropping out a low-probability event. More students will choose 

to remain in school rather than choosing the alternative of dropping out. The issue with low 

probability events is that they often lead models to have a bias toward the larger group and 

achieving a strong overall accuracy score by merely predicting that each student will (in this 

case) remain in school. This presents an issue since the goal of this model would be to identify 

students at risk for dropping out. Instead, the model is predicting and identifying students who 

will remain in school, which is not the original intent of the hypothetical model. While some 

statistical classification methods work better than others, most methods exhibit this bias toward 

the larger group when solving problems with low probability events.  

Manipulation	of	decision	cut	points	offers	a	potential	solution	to	this	large	group	

bias. Decision cut points work with the assumption that it is better to misclassify individuals into 

the small group (Dropping Out) and be wrong rather than misclassify individuals in the large 

group (Staying in School) and be wrong. There is one trade off with this method however; 

misclassifying individuals into the small group may increase the small group accuracy 

(sensitivity) of a model but also decreases the overall accuracy of the model. This happens due in 

part to the previously mentioned assumption of decision cut-points; by classifying more 

individuals as a part of the small group (Dropping Out), we are misclassifying cases that may 

belong in the large group (Staying in School). 

This study aims to answer if the manipulation of decision cut points has a significant 

improvement on the recovery of low probability events in a binary classification problem.  More 

specifically, this study hopes to add to the literature by manipulating decision cut points with 
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traditional methods such as Logistic Regression (LR) and newer, more complex classifiers like 

Classification and Regression Trees (CART) and Random Forest (RF) in order to determine the 

importance of decision cut points on the recovery of low probability events.  The manipulation of 

decision cut points potentially offers researchers and practitioners a method for increasing the 

recovery of low probability events that can be implemented easily in software packages such as 

SPSS.  
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LITERATURE REVIEW 

 In binary classification, the default decision cut point is 0.50, meaning that predicted 

probabilities of unseen cases above this value will be assigned to one class while all other cases 

will be assigned to another class. Manipulating decision cut points involve having the decision 

cut point set at a value other than 0.50 in order to maximize pre-determined metrics such as 

overall model accuracy. 

 The idea of using decision cut points dates back to at least 1955 when Meehl & Rosen 

used them for the prediction of mental disorders. They utilized different decision cut points to 

maximize criteria such as overall classification and classification of positive cases. Future studies 

built upon this work by using the idea of decision cut points and found that their use is largely 

case specific (Lei & Koehly, 2003; Fan & Wang, 1999; Harrell & Lee, 1985). Being case 

specific in this instance means that the optimal decision cut-point for each problem not only 

depends on the problem being solved but also characteristics of the sample being studied (mean 

difference for example). 

More recently, there has been no work within the psychological sciences that has looked 

at the specific use of decision cut points in the recovery of low probability events. Holistically, 

little work has been done using simulation methodologies to test the validity of adjusting 

decision cut point locations under different conditions. The aim of this work is to address this 

gap within the field of psychological sciences. Beyond that, the aim is to manipulate decision cut 

points with traditional methods such as Logistic Regression (LR) and newer, more complex 

classifiers: Classification and Regression Trees (CART) and Random Forest (RF). Logistic 

Regression was chosen as the default classification method for this Thesis as it is “perhaps the 

most common form(s) of statistical classification for group membership” (Holden et al., 2011). 
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This method does however struggle with large group bias, issues when covariance matrices are 

unequal, and can only model a linear combination of independent variables (Finch & Schneider, 

2006; Finch & Schneider, 2007). CART was chosen to improve on these issues seeing that the 

classification method can handle non-linearities, deals well when covariance matrices are not 

equal, and are better at dealing with large group biases. CART has also shown in previous 

simulation studies to have better misclassification rates than that of Logistic Regression. On the 

other end, previous simulations studies reviewed have not included Random Forest, specifically 

in the context of decision cut points. Finally, Random Forest was chosen as a classification 

method for this study as an extension of CART under the consideration that it improves on the 

issues of that method. In order to highlight each classifiers methodology and the utility that they 

bring to the study as a whole, each classifier will be discussed in more depth 

Logistic Regression 

 Logistic Regression traditionally aims to predict binary outcomes by modeling the log 

odds ratio “as a linear combination of independent variables” (Lever et al., 2016). In order to 

model this linear combination of variables, the logistic function is used to get outputs of X 

between 0 and 1 (James et al. 2015). 

𝑝(𝑥) =  
𝑒!!!!!!

1+  𝑒!!!!!!
 

After manipulating this equation, we end up with the odds, which can take on values anywhere 

between 0 and infinity (add symbol). The equation is as follows: 

𝑝(𝑥)
1− 𝑝(𝑥) =  𝑒!!!!!! 

The equation below represents the final equation for a logistic regression model after a 

logarithmic transformation is applied to both sides of the previous equation. The left-hand side of 
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the equation now becomes the log-odds, or logit, with it being equal to a linear combination of X 

(James et al., 2015). 

 log
𝑝(𝑥)

1− 𝑝(𝑥) =  𝛽! +  𝛽!𝑥 

Assumptions of logistic regression are: Having a binary independent variable (0/1), linear 

relationship between independent variables and log odds, independence of errors, and an absence 

of Multicollinearity between predictors (Stoltzfus, 2011). There is one distinct departure from the 

assumptions that are laid out for linear regression, that being normality of residuals. Since the 

outcome of binary logistic regression is bounded between 0 and 1, the above-mentioned logistic 

transformation becomes an alternative (Finch et. al, 2017).  The assumption of a linear 

relationship between dependent and independent variables causes the decision boundaries 

formed by logistic regression to be linear as well. This can present issues when modeling 

complex relationships that require non-linear decision boundaries (James et al. 2015). One 

example of a non-linear relationship would be that of commuting distance and life satisfaction 

(Ingenfeld et al., 2019). Results of the study indicated that as commuting distance to work 

increase, the life satisfaction of individuals’ decreases at an increasing rate. Relationships that 

behave in this manner are difficult for logistic regression to capture because of the assumption of 

linearity that is required for the relationship between independent variables and the log odds to 

be linear. The following issues are improved upon with the use of non-parametric techniques 

such as Classification and Regression Trees and Random Forest which do not make any 

assumptions about the distribution of the data or its relationships between dependent and 

independent variables. Logistic Regression and CART have been compared in previous 

simulation studies, but Logistic Regression and CART have not been compared to Random 
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Forest in a similar setting (Finch & Schneider, 2006; Finch & Schneider, 2007; Holden et al., 

2014). 

Classification and Regression Trees (CARTs) 

 Classification and Regression Trees (CARTs) are non-parametric models that do not 

make assumptions about the distribution of the independent and dependent variables that are 

included. CARTs work by making binary splits among sets of independent variables, which 

begin at a single node and gives predictions at terminal nodes. These binary splits among 

independent variables are also known as recursive binary splitting. The creation of a CART can 

be described in three steps as specified in Breiman, 1984: 

1. Selection of splits 

2. Decision when to declare a node terminal or continue splitting 

3. Assignment of each terminal node to a class 

The resulting tree can be displayed as a function or a resulting tree structure: 

𝑓 𝑥 =  𝑐!𝐼(𝑥 ∈
!

!!!

 𝑅!) 

M represents the total number of regions that the tree was partitioned into. 𝑐!, is a constant that 

exist in each region which is used for the final prediction of each case contained in the region 

(Hastie et al. 2001).  One added advantage that CART has over that of Logistic Regression is 

that CARTs are able to provide variable rankings (also known as variable importance (Breiman, 

1984). The variable rankings provided by the CART are a measure for which variables provided 

the best split of a node. This measure of importance is measured by the mean decrease in Gini 

Index (James et. al, 2015). Gini Index, also referred to as node purity, is a measure of the 

variance across all classes. Small Gini Index values indicate that a node has observations from 
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predominately one class, while large values mean that a node contains observations from 

different classes. Gini index as a function takes the form of (James et al, 2015): 

𝐺 =  𝑃!"𝑙𝑜𝑔𝑃!"

!

!!!

 

Unlike Logistic Regression, CARTs can also handle nonlinear relationships between 

independent and dependent variables (Breiman, 1984). This means that CARTs are able to form 

non-linear decision boundaries unlike Logistic regression. While CARTs are able to handle these 

non-linear relationships, the have the tendency to exhibit large group bias and have high variance 

due to the hierarchical nature of recursive partitioning (Hastie, 2001). Random Forest is one 

specific method that has been identified to addresses these issues. 

Random Forest 

 Random Forest (Breiman, 2001) is another non-parametric method that is an ensemble of 

Classification and Regression Trees (CARTs) that combines the ideas of bagging (Breiman, 

1996) and random feature selection to create a final composite model that determines class 

ownership. The idea of bagging, which also stands for bootstrap aggregating, is “a method for 

generating multiple versions of a predictor and using these to get an aggregated predictor” 

(Breiman, 1996). With the creation of each predictor, the model is trained on a different sample 

from the training set. Within the context of Random Forest, the ideas of bagging are 

implemented with the creation of N amount of estimators. For classification, each estimator gets 

a “vote” with the final aggregated predictor selecting the class with the most votes as its final 

class prediction (Breiman, 2001). Random feature selection is what sets Random Forest apart 

from Bagging and involves not only the use of a random sample for each predictor but also the 

use of random features for the creation of each predictor. The combination of these two ideas, 
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bagging and random feature selection, helps random forest to address one of the major issues 

with Classification and Regression Trees; large group bias. 
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METHODS & ANALYSIS 

 To measure the impact that decision cut points have on the recovery of low probability 

events in the classification of two-group cases, a Monte Carlo simulation with 1000 iterations 

was used. To simulate data and run the necessary analysis, the R programming language was 

used (R Development Core Team, 2019). All parameters used in the study are listed in table 1. 

 The following conditions were manipulated in order to determine their impact on the 

recovery of low probability events: sample size, effect size, group size, decision cut point, and 

classification method. Sample size, effect size, and group size were selected based on previous 

simulations studies of related content (Holden et al., 2011 and Lei & Koehly, 2003). Previous 

simulation studies utilized these variables (sample size, effect size, and sample size) in order to 

capture and control for sample characteristics. 

 Effect sizes were simulated to the small, medium, large, and extra-large effect sizes 

following Cohen’s (1998) guidelines. These effect sizes are 0.20, 0.50, 0.80 and 1.6 respectively, 

with each one representing the mean differences between the two groups. The introduction of 

mean difference allows to see how decision cut-points fair in situations where groups have 

various levels of separation. Traditionally, it is much harder to predict situations with small 

effect sizes between groups compared to situations where there is a large effect size between 

groups.  

 To test all potential combinations, the following decision cut points were tested in this 

study: .10, .20, .30, .40, and .50, .60, .70, .80, and .90. Predicted probabilities of unseen cases at 

or below each one of those values will be assigned to class one (higher-probability event or 

majority class). All other predicted probabilities will be assigned to class two (low-probability 

event or minority class). 
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 To determine which of the variables had a significant impact on the recovery of low 

probability events, a five-way factorial analysis of variance (ANOVA) was used to determine 

their impact on small group recovery. The number of iterations used in this study are fairly large 

(1000 iterations), and for that reason effect sizes will be used in order to determine importance. 

The number of interactions used follows that of previous literature and allows for the testing of 

decision cut points over many trials of each condition (Holden et al., 2014; Holden et al., 2011; 

Finch & Schneider, 2007). Important interactions are considered to meet the following effect size 

requirement for ETA squared: η2 > 0.1. This is measured as a small effect size in terms of ETA 

Squared and can help to determine if decision cut points, or any of the other conditions, had any 

impact on the recovery of low probability events. Model sensitivity was used to measure small 

group recovery; sensitivity measures the recovery of small group cases divided by the overall 

number of small group cases. 

 

 

 

 

 

 

 

 

 

 

 



	 14	

RESULTS 

  The following section will discuss important main effects and interactions for 

small group recovery. Significant interactions are considered to meet the following effect size 

requirement for ETA Squared: η2 > 0.1. Outside of the main effects mentioned below, there 

were no other important main effects or interactions that impacted small group recovery 

(Sensitivity). The only interaction that met the cut off is the interaction between decision cut 

point and group size with the large group recovery (measured by specificity). This means that the 

large group recovery of each decision cut points is statistically different for each group size. 

Since the study focuses mainly on small group recovery, this result will not be discussed in 

depth. 

For small group recovery, important main effects included decision cut point [F = 

2972.14; p < .000; η2p = .380] and group size [F = 2407.29; p < .000; η2p = .310] indicating that 

there were significant differences in the small group recovery between different group sizes and 

different decision cut points. Means of small group recovery, measured by sensitivity as each 

group size and cut point can be found in tables 3 and 4 respectively. For group size, sensitivity 

was lower for the two small group conditions (75/25 and 90/10). This means that as group size 

disparity grew larger, small group recovery (sensitivity) decreased. For decision cut points, 

sensitivity was best when cut point values were lower (0.1, 0.2, 0.3). This means that if we are 

interested in the recovery of low probability events, it is best to set the decision cut point to a low 

value.  

One main effect of note that had an ETA Squared less than 0.1 was Classification Method 

(Logistic Regression, Classification and Regression Trees, and Random Forest). This means that 

Classification Method did not have a meaningful impact on the recovery of low probability 
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events. This is of note due to the increasing complexity of Classification and Regression Trees 

and Random Forest when compared to Logistic Regression. While Classification and Regression 

Trees and Random Forest both have increased complexity, a large majority of researchers are 

more familiar with the mechanics of Logistic regression within the realm of classification. 

Logistic Regression is also available in packages that are more readily accessible/ code free 

environments such as SPSS. 
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IMPLICATIONS 

  The aim of this study was to provide practitioners with an easy-to-use statistical 

classification method that can aid in the recovery of low probability events. While there are more 

sophisticated statistical methods that can deal with class imbalances (Under-Sampling, 

Oversampling, and K-fold Cross-Validation), most of these methods required practitioners to be 

familiar with software such as the R programming language. The decision cut point method 

presented in this study can be done not only in the R programming language, but also within 

code-free packages such as SPSS. 

Similarly to previous research on decision cut points, it appears that the impact of 

decision cut points are largely case specific (Lei & Koehly, 2003). For the use of maximizing 

small group recovery (sensitivity), it does appear that setting the decision cut point at a low value 

(0.1 – 0.3) can help with the recovery of low probability events. Practitioners should be aware of 

prior class probabilities and adjust their decision cut point appropriately. The aim of the work 

was not to provide researchers and practitioners with a single decision cut point that works best. 

Instead, the aim was to see if there is any utility at all from their use. Practitioners and 

researchers who use this method should find the optimal decision cut point that increases a 

metric of their choice (overall accuracy, sensitivity, or specificity for example). A tool that can 

aid researchers and practitioners in determining the optimal decision cut point is a Receiver 

Operating Characteristics (ROC) curve (Lora et al., 2016). ROC curves allow for researchers to 

balance the sensitivity/specificity trade-off that occurs with the use of decision cut points.   

While no one definitive cut point can be suggested, decision cut points appear to be most 

impactful in the recovery of low probability events when the cut point is set relatively low 

(values 0.1-0.3 for example). Setting the cut-point this low would increase the amount of 
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individuals who are assigned to the smaller group. Within the framework of high school dropout, 

more individuals would now be placed into the “Dropout” class. While this does have the 

potential to decrease overall accuracy and specificity measures, the increase in sensitivity may 

prove to be worth the tradeoff. Again within the framework of high school dropout, we would 

much rather conclude that individuals will dropout, and they do not, than the opposite. This same 

line of thinking can be applied to other areas with high risk, such as suicide. The consequences 

of incorrect prediction of the smaller group (suicide attempt) can be extremely costly, and we 

would much rather be wrong about individuals who do not attempt suicide. 

One main limitation of this work is that simulated data does not fully capture the 

conditions that can be found with real data. Future work can focus on using decision cut points 

on real world data and see if their utility still holds. Another limitation is that all statistical 

models (Logistic Regression, Classification and Regression Tree, and Random Forest) used 

default parameters during the simulation. This can specifically be important for Random Forest 

and Classification and Regression Trees that both have a large number of parameters that can be 

optimized. The final two limitations of this work is that only one predictor will be used to 

classify cases and that only a linear term was included, meaning that it is unclear the impact that 

decision cut points have when predictors are non-linear. This limitation also impacts our finding 

for Classification method, we may begin to see differences in the Sensitivity between Logistic 

Regression, CART, and Random Forest once a non-linear predictor is added. CART and 

Random Forest are able to handle non-linear predictors while Logistic Regression does not have 

that capability on its own. Future work can see if adding multiple predictors and non-linear 

predictors at all impacts the utility of decision cut points. Future work can also aim to address 

other previously mentioned limitations by making sure classification models are well tuned. 
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APPENDIX 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Table 1 

         
          Study Parameters 
Sample Size 100 500 1000 

      Effect Size 0.2 0.5 0.8 1.6 
     Group Size 50 / 50 75 / 25 90 / 10 

      Cut Point 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 
Classification 
Method LR CART RF             



	 21	

 
Table 2 
ANOVA Results - Small Group Recovery            

 Predictor                                                DF    F-value      P-value  
Eta 

Squared  
Sample Size (SS)     1  1.32  0.25  0.00  
Decision Cut Point (CP)  1    2972.14  0.00  0.38  
Effect Size (ES)     1   684.71  0.00  0.09  
Group Size (GS)  1    2407.29  0.00  0.31  
Classification Method (CM)  2  0.09  0.91  0.00  
SSxCP  1  2.39  0.12  0.00  
SSxES  1  0.71  0.40  0.00  
SSxGS  1  3.55  0.06  0.00  
SSxM  2  3.11  0.05  0.00  
CPxES  1  6.99  0.01  0.00  
CPxGS  1  357.85  0.00  0.05  
CPxM  2  105.52  0.00  0.03  
ESxGS  1  13.91  0.00  0.00  
ESxM  2  0.56  0.57  0.00  
GSxM  2  7.13  0.00  0.00  
SSxCPxES  1  0.00  0.97  0.00  
SSxCPxGS  1  0.49  0.48  0.00  
SSxCPxM  2  0.92  0.40  0.00  
SSxESxGS  1  0.19  0.66  0.00  
SSxESxM  2  0.57  0.56  0.00  
SSxGSxM  2  1.69  0.19  0.00  
CPxESxGS  1  119.25  0.00  0.02  
CPxESxM  2  0.54  0.58  0.00  
CPxGSxM  2  32.30  0.00  0.01  
ESxGSxM  2  2.10  0.12  0.00  
SSxCPxESxGS  1  0.09  0.77  0.00  
SSxCPxESxM  2  0.03  0.97  0.00  
SSxCPxGSxM  2  1.22  0.30  0.00  
SSxESxGSxM  2  0.12  0.89  0.00  
CPxESxGSxM  2  7.03  0.00  0.00  
SSxCPxESxGSxM  2  0.15  0.86  0.00  
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Table 3 
ANOVA Results - Large Classification       

Predictor              DF      F-value      P-value 
Eta   
Squared 

Sample Size (SS) 1 2.31 0.13 0.00 
Decision Cut Point (CP) 1 2079.73 0.00 0.36 
Effect Size (ES) 1 98.18 0.00 0.02 
Group Size (GS) 1 1601.83 0.00 0.28 
Classification Method (CM) 2 12.52 0.00 0.00 
SSxCP 1 3.73 0.05 0.00 
SSxES 1 0.02 0.89 0.00 
SSxGS 1 0.74 0.39 0.00 
SSxM 2 1.52 0.22 0.00 
CPxES 1 96.10 0.00 0.02 
CPxGS 1 643.51 0.00 0.11 
CPxM 2 62.85 0.00 0.02 
ESxGS 1 69.05 0.00 0.01 
ESxM 2 0.77 0.46 0.00 
GSxM 2 1.48 0.23 0.00 
SSxCPxES 1 0.09 0.76 0.00 
SSxCPxGS 1 0.62 0.43 0.00 
SSxCPxM 2 2.12 0.12 0.00 
SSxESxGS 1 0.01 0.91 0.00 
SSxESxM 2 0.01 0.99 0.00 
SSxGSxM 2 1.50 0.22 0.00 
CPxESxGS 1 32.06 0.00 0.01 
CPxESxM 2 4.58 0.01 0.00 
CPxGSxM 2 47.73 0.00 0.02 
ESxGSxM 2 0.34 0.71 0.00 
SSxCPxESxGS 1 0.01 0.92 0.00 
SSxCPxESxM 2 0.02 0.98 0.00 
SSxCPxGSxM 2 1.24 0.29 0.00 
SSxESxGSxM 2 0.05 0.95 0.00 
CPxESxGSxM 2 2.93 0.05 0.00 
SSxCPxESxGSxM 2 0.06 0.94 0.00 
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Table 4 

   Sensitivity by Group Size       
  50/50 75/25 90/10 
Sensitivity 0.59 0.35 0.14 

 
 

  
  

	

Table 6 
Sensitivity and Specificity by Decision Cut Point and Group Size 
    0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Sensitivity 50/50 0.95 0.91 0.85 0.75 0.64 0.51 0.36 0.23 0.14 

 75/25 0.84 0.71 0.43 0.32 0.28 0.24 0.16 0.1 0.06 

 90/10 0.37 0.23 0.16 0.13 0.12 0.1 0.06 0.03 0.02 
Specificity 50/50 0.14 0.23 0.36 0.51 0.64 0.75 0.85 0.91 0.95 

 75/25 0.3 0.54 0.82 0.89 0.9 0.92 0.96 0.98 0.99 

 90/10 0.83 0.93 0.96 0.97 0.97 0.97 0.99 1 1 
 

Table 5 
         Sensitivity by Decision Cut 

Point                   
  0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 
Sensitivity 0.72 0.62 0.48 0.4 0.35 0.28 0.19 0.12 0.07 


