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Abstract 
In this paper we discuss about a well-known method for qualitative data analysis – the binary logistic regression. We 

present the theoretical foundations of this method, conditions for its use and implementation aspects in a statistical software 

(SPSS 29.0), including predictor selection and processing strategies, model validation via significance tests and model 

quality evaluation. These theoretical issues are illustrated using a realistic AI-generated dataset of 400 cases of endometrial 

cases, analysing eight risk factors widely reported in the literature. Two predictive models are compared: one using 

predictors in their original form, and another based solely on statistically significant binary predictors. The results 

interpretation is carried out, in order to illustrate in detail how to conduct such an analysis in clinical studies. The example 

provided aims to emphasize the need for careful interpretation of results and outlines the method’s limitations, highlighting 

also its practical value. 
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Introduction 

One of the main objectives of an analytical 

statistical study is to investigate the relationship 

between two or more statistical variables. 

Depending on the nature of these variables 

(qualitative or quantitative), specific 

investigation methods are used.  

The simplest case is when both variables are 

quantitative (numerical). In this situation, the 

nature of the influence between them is 

determined by calculating a correlation 

coefficient and constructing a linear regression 

model to estimate the values of one variable 

(referred to as the dependent variable) based on 

the values of the other variable (referred to as 

the independent variable). This approach can 

be generalized to cases where there are multiple 

quantitative independent variables 

simultaneously influencing the quantitative 

dependent variable. The first-degree equation 

used in simple linear regression (y = ax+b) is 

extended by adding additional variables, 

resulting in the form y = a1x1 + a2x2 + a3x3 + ... 

+ anxn + b. This yields a new mathematical 

model known as the multiple linear regression 

model, which in turn has a wide range of 

practical applications.  

However, the main limitation of these models 

is that they can only be applied when all 

variables under analysis are quantitative in 

nature. Ideally, the dependent variable should 

be continuous, while the independent variables 

must be at least ordinal. Additionally, the 

residuals must be normally distributed and 

exhibit constant variance across all values of 

the predictors.   

In practice, however, there are many situations 

in which we aim to analyse the combined 

influence of several independent variables—

whether quantitative or qualitative—on a 
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dependent variable that is not numerical, but 

qualitative. For this type of problem, statistical 

theory proposes an alternative method of 

investigation: logistic regression, which is 

based on a more complex mathematical 

equation but offers greater versatility in terms 

of practical application. The simplest and most 

intuitive model of logistic regression, which is 

also relatively easy to understand and apply, is 

binary logistic regression. This model 

investigates the influence of several combined 

independent variables—preferably qualitative, 

though also quantitative—on a binary 

qualitative dependent variable (which has only 

two possible values, such as Yes/No). Binary 

logistic regression is used when the goal is to 

predict the presence or absence of a 

characteristic (typically a specific disease) 

based on a set of independent predictor 

variables [1].  

Logistic regression does not directly predict the 

value (0 or 1) of the dependent variable, but 

rather the probability that a certain event will 

occur (for example, the risk of developing a 

disease). This allows us to better understand 

which factors influence a binary outcome. 

Another advantage of this method is its 

flexibility regarding the assumptions required 

for data analysis. The only essential conditions 

are the following: the observations should be 

independent, the predictors should not be 

strongly correlated with each other, and the 

sample size should be sufficiently large to yield 

stable estimates (a commonly used empirical 

rule recommends a minimum of 10–15 cases 

for each value of each predictor). Although in 

essence binary logistic regression is a relatively 

simple mathematical model, its practical 

application is prone to methodological or 

interpretational errors that can have significant 

consequences.  

The objective of the present paper is to 

highlight some of the model’s subtleties and to 

propose a structured working procedure that 

leads to valid and easily interpretable results. 

The procedure is illustrated using a realistic 

benchmark medical dataset, generated with the 

aid of artificial intelligence.  

 

 

 

Theoretical background: 

Binary logistic regression is a type of 

Generalized Linear Model (GLM) that 

establishes a relationship between a set of 

independent variables and a single binary 

qualitative dependent variable, whose values 

can be predicted based on the values of the 

independent variables [2,3].    

Let have n independent (predictor) variables, 

X1, X2, … Xn, which meet the conditions 

mentioned previously; we aim to determine the 

probability of occurrence of the outcome, 

denoted as Pi, for a given case i from the total 

number of cases in the analysed dataset (e.g., a 

patient). To calculate this probability, the 

model applies a specific transformation of the 

data known as the logit transformation. An 

auxiliary continuous variable, denoted as Z, is 

introduced. This variable can be interpreted as 

the "favourable tendency" for the outcome to 

occur [4,5]—in such a way that Z varies 

directly with the probability Pᵢ: the higher the 

value of Z, the higher the probability that the 

outcome will occur. 

In logistic regression, the relationship between 

Z and Pᵢ is described by the following function: 

pi = 
𝑒𝑍𝑖

1+𝑒𝑍𝑖
 = 

1

1+𝑒−𝑍𝑧𝑖
  Zi = 𝑙𝑛 (

𝑃𝑖

1−𝑃𝑖
). 

Since Z is a continuous variable (by the way it 

is defined), it can be incorporated into a 

classical regression model. Thus, the 

relationship between Z and the predictor 

variables will be described according to the 

general equation of multiple linear regression: 

Zi = b0 + b1Xi1 + b2Xi2 + … + bnXin + err, 

where bj, j1, 2, … n are the coefficients of 

the predictors Xi1, Xi2, … Xin, and err = the 

model’s error amount. 

If the variable Z were observable, calculating 

the probability Pi would only require fitting a 

regression line to the values of Z, Xᵢ₁, Xᵢ₂, ..., 

Xᵢₙ, and nothing more. In practice, however, Z 

is not an observable variable; therefore, the 
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probability Pᵢ is calculated using the following 

relationship: 

Pi = 
1

1+𝑒−(𝑏0+𝑏1⋅𝑋𝑖1+𝑏2⋅𝑋𝑖2+...+𝑏𝑛⋅𝑋𝑖𝑛+𝑒𝑟𝑟)
 , 

known in the literature as the logistic 

regression equation. 

The simplest binary logistic regression models 

use binary variables as predictors, typically 

selected from risk factors identified through 

univariate analysis. However, the independent 

variables included in the model can just as well 

be multinomial or quantitative. In order to 

distinguish between quantitative and 

qualitative variables included in the model, the 

latter must be explicitly defined as categorical. 

Professional statistical analysis software 

provides users with several methods for 

selecting the predictors to be included in the 

logistic regression model to be built. 

Consequently, an important aspect of the 

analysis is choosing an appropriate selection 

method. Three main approaches are available: 

Enter, Forward Stepwise, and Backward 

Stepwise. The Enter method is the most 

commonly used. Its main characteristic is that 

all predictors specified by the researcher are 

introduced into the model simultaneously. This 

method has the advantage of being entirely 

controlled by the researcher and is especially 

used when there are clear theoretical 

hypotheses, i.e., when the predictors are 

supported by theory or by previous literature. 

Therefore, the Enter method is particularly 

recommended in clinical and epidemiological 

research. However, its main disadvantages are 

that it does not eliminate irrelevant predictors 

and does not address multicollinearity between 

them, which reduces the model's predictive 

power. The Forward Stepwise and Backward 

Stepwise methods are somewhat similar in their 

logic, as they involve selecting predictors based 

on their statistical contribution to the model, 

keeping only those that are significant. In the 

Forward Stepwise method, the model is 

initiated without any predictors, and variables 

are added one at a time based on their 

significant contribution to the model, 

determined using criteria such as the Wald 

statistic, likelihood ratio, or AIC. This 

approach builds a more concise model that 

includes only significant predictors and 

establishes a hierarchy among them, helping to 

identify the most important of them, too. 

However, a limitation of this method is that it 

may ignore interactions between predictors that 

are jointly significant but not individually. In 

contrast, the Backward Stepwise method starts 

with all predictors in the model and removes 

those that do not contribute significantly, also 

using criteria such as the Wald statistic, 

likelihood ratio, or AIC. This method is useful 

for simplifying the model without 

compromising its predictive power, although it 

may eliminate important predictors in cases of 

multicollinearity. These last two methods are 

particularly useful when dealing with a large 

number of potential predictors, with no clear 

indication of which are most important. They 

are therefore recommended in predictive 

modeling contexts, such as Machine Learning 

or Data Mining.  

Once the predictors have been classified 

according to their nature and the appropriate 

selection method has been chosen, the analysis 

can begin. 

Before interpreting the results, it is essential to 

verify whether the predictors included are 

useful and whether the model fits the data well. 

To this end, two tests are required:  

- Omnibus Test of Model Coefficients, 

which indicates the overall statistical 

significance of the model—that is, how 

well the model predicts the categories 

of the dependent variable compared to a 

null model without predictors. The 

model is considered acceptable when 

the test is statistically significant, p  

0.05; 

- Hosmer and Lemeshow test, which 

evaluates how poorly the model 

predicts the categories of the dependent 

variable. In this case, the model is 

considered acceptable if the test is not 

statistically significant, p  0.05. 

In the next stage, model validation, we assess 

how much of the variation in the dependent 



Romanian Journal of Oral Rehabilitation 

Vol. 17, No.2 April-June 2025 

 

207 
DOI : 10.62610/RJOR.2025.2.17.18 

 

variable is explained by the model. For this 

purpose, we examine the Nagelkerke R Square 

coefficient, which is expressed as a percentage 

and reflects the proportion of explained 

variance—this value should be as high as 

possible (for example, if R² = 0.330, it means 

the model explains 33% of the variation in the 

dependent variable). 

Another important indicator of model quality is 

its classification accuracy, which is identified 

using the generated classification tables. The 

global percentage of correct classifications is 

monitored both before and after applying the 

model. This percentage should improve after 

applying the model, thereby justifying the 

usefulness of the included predictors. 

Additional performance measures extracted 

from the final classification table include 

sensitivity (the percentage of truly positive 

cases correctly predicted by the model - i.e., 

subjects for whom the dependent variable 

equals 1) and specificity (the percentage of 

truly negative cases correctly predicted - i.e., 

subjects for whom the dependent variable 

equals 0). 

For the practical interpretation of the model 

results, the contribution and statistical 

significance of each predictor are analyzed, 

retaining only those that contribute 

significantly to the model. For each of these, 

the odds ratio (OR) is examined along with its 

95% confidence interval, indicating how the 

odds of the dependent variable being 1 change 

with each one-unit increase in the predictor's 

value. Subsequently, the combined effect of the 

predictors can be specified by calculating the 

probability of the dependent variable being 

equal to 1 for each possible combination of 

predictor values, based on the constructed 

logistic regression equation. The overall 

performance of the model is illustrated using 

the ROC curve, which is based on the predicted 

probabilities of the dependent variable. The 

area under the curve (AUC) is then evaluated; 

an AUC of 0.5 indicates a null model 

(predictions are random); AUC > 0.7 suggests 

acceptable predictive accuracy, AUC > 0.8 

indicates good predictive accuracy, and AUC > 

0.9 reflects excellent predictive power. 

 

Method: 

Statistical analysis was carried out in SPSS 

29.0. 

         

Results: 

The Database: 

We illustrate the previously described 

analytical procedure using a realistic dataset 

generated with the help of AI, focusing on risk 

factors for endometrial cancer as reported in the 

scientific literature [6-9]. To obtain realistic 

data, a request was formulated for the 

generation of a table with 400 records 

(including both positive and negative cases), 

containing eight risk factors that are frequently 

reported in the literature for endometrial 

cancer—without specifying individual case 

details. The AI application returned a dataset 

consisting of 148 women diagnosed with 

endometrial cancer (37.0%) and 252 without 

cancer (63.0%). The selected risk factors, based 

on their prevalence in the literature, were: 

Age (in years), BMI, Menarche Age, Parity, 

Diabetes, Hypertension, Estrogen Therapy, and 

Family History. The values of these predictors 

were not generated randomly, but were 

modelled according to biologically plausible 

distributions, also derived from published data 

(table 1).     

 

Table 1. The database’s structure: the selected risk factors  

and the criteria used to generate values (AI) 

Variable Values Distribution Motivation 

Age N(60, 10) Most cases of endometrial cancer appear after the age of 50 years 

BMI N(30, 5) Obesity is a major risk factor 

Menarche age N(13, 1.5) Early menarche is associated with an increased risk 

Parity 0–3, not uniform distribution Nulliparity is a recognized risk factor 
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Variable Values Distribution Motivation 

Diabetes Bernoulli(p=0.25) Diabetes is associated with a higher risk 

Hypertension Bernoulli(p=0.35) Hypertension is frequently linked to metabolic syndrome 

Estrogen therapy Bernoulli(p=0.15) Estrogen therapy without progesterone increases the risk 

Family history Bernoulli(p=0.10) Family history is a well-established risk factor 

 

The Analysis: 

Using the resulting dataset, we will apply binary logistic regression to analyze the combined effect of 

the eight risk factors in predicting the likelihood of endometrial cancer. 

The standard approach for initiating this type of analysis is through univariate analysis (using Pearson 

Chi-squared, Student's t-test, or the Mann–Whitney U test, as appropriate), which aims to identify 

independent risk factors for endometrial cancer and their corresponding effects – i.e. odds ratios (ORs). 

In this case, however, such analysis is redundant, since all eight predictors are already established risk 

factors based on the way the dataset was generated. Nevertheless, the results obtained are presented in 

table 2. 

 

Table 2. Univariate analysis of the selected risk factors 

 

Cancer Total t-Student / 

Pearson Chi-

squared 

OR 

present absent  (95% CI) 

N % N % N % 

Age M  SD 62.22  9.914 59.10  9.269 60.26  9.619 t = -3.160  

min  max 40  87 28  99 28  99 p = 0.002**  

median 62.00 59.00 61.00   

IQR 54.00  69.00 53.00  65.00 53.00  66.00   

BMI M  SD 31.10  4.703 29.05  5.080 29.81  5.035 t = -3.990  

min  max 18.90  45.40 16.50  43.20 16.50  45.40 p 0.001**  

median 30.75 28.95 29.80   

IQR 27.95  34.20 25.43  32.48 26.23  33.10   

Menarche 

age 
M  SD 12.94  1.454 13.35  1.494 13.20  1.490 t = 2.636  

min  max 8.7  16.1 8.70  16.80 8.70  16.80 p = 0.009**  

median 13.10 13.30 13.20   

IQR 12.00  13.90 12.30  14.40 12.20  14.20   

Parity 0 38 25.7% 45 17.9% 83 20.8% Chi2 = 6.219 - 

1 35 23.6% 74 29.4% 109 27.3% p = 0.101 - 

2 53 35.8% 80 31.7% 133 33.3%   

3 22 14.9% 53 21.0% 75 18.8%   

Parity 0 yes 38 25.7% 45 17.9% 83 20.8% Chi2 = 3.466 1.589 

no 110 74.3% 207 82.1% 317 79.3% p = 0.063+ (0.974  2.593) 

Diabetes yes 51 34.5% 48 19.0% 99 24.8% Chi2 = 11.891 2.235 

no 97 65.5% 204 81.0% 301 75.3% p 0.001** (1.407  3.548) 

Hypertension yes 63 42.6% 72 28.6% 135 33.8% Chi2 = 8.169 1.853 

no 85 57.4% 180 71.4% 265 66.3% p = 0.004** (1.211  2.835) 

Estrogen therapy yes 34 23.0% 29 11.5% 63 15.8% Chi2 = 9.236 2.293 

no 114 77.0% 223 88.5% 337 84.3% p = 0.002** (1.331  3.953) 

Family history yes 21 14.2% 9 3.6% 30 7.5% Chi2 = 15.152 4.465 

no 127 85.8% 243 96.4% 370 92.5% p 0.001** (1.986  10.034) 

Total 148 100.0% 252 100.0% 400 100.0%   

 

The previously formulated hypothesis is thus 

confirmed: univariate analysis reveals 

statistically significant differences in the values 

of all eight selected risk factors between 
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patients with endometrial cancer and those 

without, with one exception—parity. The 

values for this variable were generated under 

the assumption that nulliparity is a risk factor; 

although the proportion of women with no 

births is higher among patients with 

endometrial cancer, the observed differences 

do not reach the threshold for statistical 

significance. n the case of multinomial 

variables acting as predictors for a dependent 

variable, in order to evaluate the corresponding 

risk (odds ratio), binarization of the variable 

can be performed. We applied this approach to 

the variable Parity, reducing the original four 

categories to just two: presence vs. absence of 

nulliparity, and repeated the univariate 

analysis. This time, the observed difference 

between women with endometrial cancer and 

those without was close to the statistical 

significance threshold (p = 0.063), yet still did 

not surpass it. In situations where the statistical 

significance threshold is not met, even though 

an odds ratio (OR) can technically be 

calculated, it should not be considered valid. 

This is because the associated 95% confidence 

interval includes the reference value of one, 

which invalidates the risk estimate. 

For the three quantitative predictors included in 

the study (age, BMI, and menarche age), 

statistically significant differences were also 

observed between the values recorded for 

patients with endometrial cancer and those 

without. These predictors can be included in the 

multivariate analysis as continuous variables, 

but they can also be binarized in order to obtain 

a more precise estimation of their odds ratios, 

especially in relation to the other predictors 

included in the model. The simplest technique 

for binarizing quantitative variables is by 

performing ROC curve analysis and identifying 

the cut-off value that best differentiates 

between the categories of the dependent 

variable. The results obtained are shown in 

table 3. The identification of the cut-off value 

is done by visually examining the ROC curve 

(figures 1–3) and selecting the point closest to 

the top-left corner of the plot. A more objective 

numerical selection criterion was proposed by 

Youden, and it is easier to apply in practice: the 

cut-off value is the one that maximizes the sum 

of sensitivity and specificity.

 

 

Table 3. ROC analysis of the quantitative predictors 
Variable AUC 

coefficient 

95% CI 

p-value 

Cut-off value Sensitivity Specificity 

Age 0.588 0.529  0.646 0.003** 67.50 0.331 0.845 

BMI 0.617 0.561  0.673 0.000** 27.15 0.838 0.389 

Menarche age 0.567 0.510  0.625 0.024* 13.55 0.662 0.440 

 

 
Figure 1. ROC curve: Age 

(years) 

Figure 2. ROC curve: BMI Figure 3. ROC curve: 

Menarche age (years) 
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Although the predictive accuracy of the identified cut-off values is modest in this case (a fact that is 

not particularly relevant, given that the dataset used for the study is hypothetical), these cut-off values 

were nonetheless suitable for the binarization of the three quantitative predictors. Subsequently, we 

performed univariate analysis for the binarized variables and calculated the associated odds ratios, as 

presented in table 4. 

 

Table 4. Univariate analysis of the binarized quantitative predictors 

 

Cancer Total t-Student / 

Pearson Chi-

squared 

OR 

present absent  (95% CI) 

N % N % N % 

Age  67.50 years yes 49 33.1% 39 15.5% 88 22.0% Chi2 = 16.892 2.703 

no 99 66.9% 213 84.5% 312 78.0% p 0.001** (1.667  4.384) 

BMI  27.15 yes 124 83.8% 154 61.1% 278 69.5% Chi2 = 22.611 3.288 

no 24 16.2% 98 38.9% 122 30.5% p 0.001** (1.984  5.449) 

Menarche age  13.55 

years 

yes 98 66.2% 141 56.0% 239 59.8% Chi2 = 4.084 1.543 

no 50 33.8% 111 44.0% 161 40.3% p = 0.043* (1.012  2.352) 

Total 148 100.0% 252 100.0% 400 100.0%   

 

The next stage involves multivariate analysis, 

which can be approached in two ways 

depending on how the investigated predictors 

are included in the model. 

The first approach involves including the 

predictors in their original form (quantitative or 

qualitative, multinomial or binary variables). 

We applied this method, incorporating all eight 

predictors into the model, including Parity, 

which was not identified as a significant risk 

factor for endometrial cancer in the univariate 

analysis. The resulting model, built using the 

Enter selection method, demonstrates 

acceptable predictive capacity for endometrial 

cancer (Omnibus Tests of Model Coefficients, 

p < 0.001, and Hosmer and Lemeshow Test, p 

= 0.552), and explains 28.6% of the variance in 

the occurrence of the disease (Nagelkerke R-

Squared = 0.286). The percentage of correctly 

classified cases improves from 63.0% (initial) 

to 74.8% after applying the model, with a 

sensitivity of 53.4% (correct classification of 

true positive cases) and a specificity of 87.3% 

(correct classification of true negative cases). 

All eight predictors included in the model are 

statistically significant (table 5). 

 

Table 5. Multivariate analysis of the investigated predictors 

 B S.E. Wald df Sig. Exp(B) 

95% C.I.for EXP(B) 

Lower Upper 

 Age 0.050 0.013 15.381 1 <0.001** 1.052 1.026 1.079 

BMI 0.105 0.025 18.001 1 <0.001** 1.111 1.058 1.167 

Menarche age -0.225 0.082 7.580 1 0.006** 0.798 0.680 0.937 

Parity   10.782 3 0.013*    

Parity(1) -0.984 0.347 8.058 1 0.005** 0.374 0.189 0.737 

Parity(2) -0.538 0.324 2.752 1 0.097 0.584 0.309 1.103 

Parity(3) -1.068 0.387 7.630 1 0.006** 0.344 0.161 0.733 

Diabetes(1) 1.039 0.268 15.037 1 <0.001** 2.827 1.672 4.779 

Hypertension(1) 0.802 0.251 10.174 1 0.001** 2.230 1.362 3.650 

Estrogen therapy(1) 0.921 0.311 8.781 1 0.003** 2.511 1.366 4.618 

Family history(1) 1.743 0.454 14.731 1 <0.001** 5.717 2.347 13.927 

Constant -4.027 1.584 6.464 1 0.011 0.018   

 

The interpretation of these predictors is carried 

out as follows: 
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- Age: OR = 1.052 – for every one-year 

increase in age, the risk of endometrial 

cancer increases by 5.2%; 

- BMI: OR = 1.111 – each additional unit of 

BMI increases the risk by 11.1%; 

- Menarche age: OR = 0.798 – for every 

additional year in age at menarche, the risk 

of endometrial cancer decreases by 20.2%; 

- Parity (1) vs. reference: OR = 0.374 – 

women with one child have a 62.6% lower 

risk of endometrial cancer compared to 

nulliparous women; 

- Parity (2) vs. reference: marginally non-

significant predictor; 

- Parity (3) vs. reference: OR = 0.344 – 

women with three children have a 65.6% 

lower risk of endometrial cancer compared 

to nulliparous women; 

- Diabetes (1): OR = 2.827 – women with 

diabetes have a 2.827-fold higher risk of 

endometrial cancer than those without; 

- Hypertension (1): OR = 2.230 – women 

with hypertension have a 2.230-fold higher 

risk than normotensive women; 

- Estrogen therapy (1): OR = 2.511 – 

women who received estrogen therapy 

have a 2.511-fold higher risk of 

endometrial cancer; 

- Family history (1): OR = 5.717 – women 

with a family history of cancer have a 

5.717-fold higher risk of developing 

endometrial cancer. 

The role of the investigated predictors in 

assessing the risk of endometrial cancer can be 

visually represented using a Forest Plot, which 

displays the odds ratios along with their 

corresponding 95% confidence intervals (fig. 

4). 

The immediate practical utility of this model 

lies in the fact that, using the logistic regression 

equation, it is possible to calculate the 

probability that a patient will develop 

endometrial cancer, based on the evaluation of 

the eight predictors used in the model. The 

equation identified by the model is: 

logit(P) = -4.027 + 0.050Age + 0.105BMI – 

0.225Menarche age – 0.984Parity(1) – 

0.538Parity(2) – 1.068Parity(3) + 

1.039Diabetes + 0.802Hypertension + 

0.921Estrogen therapy + 1.743Family 

history  

Therefore, for a 62-year-old woman with a 

BMI of 33, menarche at age 11, who has had 

three children, has diabetes, hypertension, and 

a family history of cancer, but has not 

undergone estrogen therapy, the estimated 

probability of having endometrial cancer will 

be: 

logit(P) = -4.027 + 0.05062 + 0.10533 – 

0.22511 – 1.0681 + 1.0391 + 0.8021 + 

0.9210 + 1.7431 = 2.579 

 P = 1/(1+e-2.579) = 0.929  

Therefore, this probability is 92.9%.
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Figure 4. Forest Plot – Predictors of the Endometrial 

Cancer 

Figure 5. ROC curve of the generated 

model 

 

The final evaluation of the quality of the 

constructed model is carried out by plotting the 

ROC curve for the predicted probabilities 

(figure 5). The corresponding AUC coefficient 

has a value of 0.781, which is statistically 

significant, indicating an acceptable to good 

performance of the model in predicting 

endometrial cancer. 

A second approach involves including in the 

model only the statistically significant binary 

predictors (obtained by binarizing the 

quantitative and multinomial qualitative 

variables). In this case, this means that the 

Parity predictor will no longer be included in 

the model, as it does not contribute 

significantly to identifying endometrial cancer. 

The resulting model, also constructed using the 

Enter selection method, shows acceptable 

predictive performance for endometrial cancer 

(Omnibus Tests of Model Coefficients, p < 

0.001; Hosmer and Lemeshow Test, p = 0.780), 

and explains 27.1% of the variance in the 

occurrence of the disease (Nagelkerke R-

Squared = 0.271). The percentage of correctly 

classified cases improves from 63.0% initially 

to 71.5% after applying the model, with a 

sensitivity of 50.0% (correct classification of 

true positives) and a specificity of 84.1% 

(correct classification of true negatives). Only 

6 out of the 7 predictors included in the model 

are statistically significant (table 6). 

 

Table 6. Multivariate analysis of the investigated predictors 

 B S.E. Wald df Sig. Exp(B) 

95% C.I.for EXP(B) 

Lower Upper 

 Age67.5 1.148 0.277 17.189 1 <0.001** 3.150 1.831 5.420 

BMI27.15 1.274 0.286 19.808 1 <0.001** 3.574 2.040 6.262 

Menarche age13.55 0.450 0.243 3.429 1 0.064 1.568 0.974 2.524 

Diabetes 0.908 0.265 11.775 1 <0.001** 2.478 1.476 4.162 

Hypertension 0.693 0.244 8.090 1 0.004** 2.000 1.241 3.226 

Estrogen therapy 0.931 0.308 9.140 1 0.003** 2.537 1.387 4.640 

Family history 1.653 0.458 13.007 1 <0.001** 5.225 2.127 12.833 

Constant -2.792 0.347 64.571 1 <0.001 0.061   

 

The model shows a slight decrease in overall 

quality compared to the previous approach, but 

the interpretation of the investigated predictors 

is simpler. Specifically: 
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- Age over 67.5 years increases the risk 

of endometrial cancer by 3.150 times; 

- BMI greater than 27.15 increases the 

risk by 3.574 times; 

- Menarche age under 13.55 years does 

not significantly influence the risk of 

endometrial cancer; 

- The presence of diabetes increases the 

risk by 2.478 times; 

- The presence of hypertension increases 

the risk by 2.000 times; 

- Estrogen therapy increases the risk by 

2.537 times; 

- A family history of cancer increases the 

risk by 5.225 times. 

 

A graph is also generated to illustrate the odds 

ratios (ORs) and the confidence intervals of the 

predictors included in the model. It can be 

observed that, in this case, all predictors have 

odds ratios greater than one, with more 

pronounced risk estimates than in the previous 

model (fig. 6). The ROC curve corresponding 

to the probability predicted by the model (fig. 

7) is qualitatively similar to the previous one, 

with a comparable AUC coefficient of 0.768. 

 

 
Figure 6. Forest Plot – Predictors of the Endometrial 

Cancer 

Figure 7. ROC curve of the generated 

model 

 

The model, however, can be more easily used 

to calculate the probabilities of endometrial 

cancer based on the logistic regression 

equation, as the included predictors are more 

intuitive to interpret and apply. The equation 

identified by the model is: 

logit(P) = -2.792 + 1.148(Age67.5) + 

1.274(BMI27.15) + 0.450(Menarche 

age13.55) + 0.908Diabetes + 

0.693Hypertension + 0.931Estrogen therapy 

+ 1.653Family history  

Therefore, for the same 62-year-old woman 

with a BMI of 33, menarche at age 11, who has 

had three children, has diabetes, hypertension, 

and a family history of cancer, but has not 

undergone estrogen therapy, the estimated 

probability of having endometrial cancer will 

be: 

logit(P) = -2.792 + 1.1480 + 1.2741 + 

0.4501 + 0.9081 + 0.6931 + 0.9310 + 

1.6531 = 2.186 

 P = 1/(1+e-2.186) = 0.899  

Therefore, this probability is 89.9%. It can be 

observed that binarizing the variables and 

eliminating non-significant predictors altered 

the prediction very slightly—by only 3 

percentage points, which is below the 5% 

margin of error—a difference that is perfectly 

acceptable. 
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Discussions: 

Logistic regression represents an alternative to 

the classical method of discriminant analysis, 

which is generally used when working with 

multiple qualitative dependent variables. In the 

case of a single dependent variable, logistic 

regression is better suited to the nature of the 

data than discriminant analysis, making it the 

preferred solution. Other notable advantages of 

this method, which make it preferable in many 

situations, include the following: 

1. After fitting the regression model, the 

statistical significance of each predictor 

variable included in the model is 

assessed—by calculating the Wald 

statistics and comparing the estimated 

coefficients to those from a univariate 

model that contains only that predictor. 

Variables that do not contribute 

significantly to the model according to this 

criterion can thus be identified and 

excluded, allowing a new fitted model to 

be generated [10]. 

2. The model accepts predictors that are not 

necessarily qualitative; moreover, the 

dependent variable does not need to be 

normally distributed, as the model is 

designed to handle nonparametric 

distributions—a situation frequently 

encountered in medical studies, making 

logistic regression a highly useful 

investigative tool in such contexts [11].  

3. Relative risks are calculated, which are 

useful for identifying potential risk factors 

among the predictor variables, as well as 

the estimated probabilities of disease for 

each individual case in the dataset—

information that is extremely valuable in 

clinical research studies. 

The interpretation of binary or multinomial 

logistic regression results must, however, be 

approached with caution, as the predictive 

model is limited to the variables included—

while other relevant predictors may have been 

overlooked, either intentionally or 

unintentionally. Another important limitation 

of the model concerns the sample size, which 

must be sufficiently large to ensure reliable 

results. A minimum requirement is to have at 

least 100 units in the sample; other studies 

recommend at least 50 cases per predictor, or 

20–30 cases per predictor for samples 

exceeding 300 units. The commonly 

recommended sample size, for a significance 

level of 0.05, a power of 0.80, and a medium 

effect size, is around 300 units per sample; 

however, if greater statistical power is desired, 

the required sample size can easily increase to 

1,000 units or more.  

It is equally important to control the number of 

predictors included in the model. When the 

independent variables are qualitative, a 

common rule of thumb is to use the smallest 

group size as a reference and divide it by 10. 

For example, in a sample with 100 men and 50 

women, the reference group would be the 

women, and based on this rule, no more than 5 

predictors could be included in the model.  

As with all statistical techniques used for data 

analysis, it must be remembered that statistical 

significance does not necessarily imply clinical 

significance—a point frequently emphasized in 

clinical studies [12–15]. Thus, p-values below 

the 0.05 threshold, while indicating a 

statistically significant association, must be 

interpreted in conjunction with the effect size 

(evaluated, in the case of qualitative variables, 

by the OR) and within the clinical context, 

since a statistically significant effect may still 

be clinically irrelevant. 

Another crucial point—which applies to most 

statistical techniques—is that logistic 

regression identifies associations, not causal 

relationships [16–17]. This has direct 

implications for how results should be 

interpreted, which must always be related to the 

biological, pathophysiological, and clinical 

context. 

 

Conclusions: 

Binary logistic regression is an analytical tool 

highly useful in medical research, currently 

used nowadays in clinical studies due to its 

ability to estimate the occurrence probability 

for binary events in the presence of potential 
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predictors. The method is useful, flexible, and 

adaptable, because it is able to provide a 

rigorous framework for informed clinical 

decision-making, personalized treatment 

strategies, or optimization of screening 

programs. One of its many notable advantages 

is its capacity to compare risks and to assist the 

medical researchers in creating predictive 

scores highly appliable in clinical settings, 

based on the combined action of carefully 

selected predictors.  

If it is properly applied, binary logistic 

regression has the capacity to provide 

significant benefits, even if its usefulness 

depends heavily on the accurate interpretation 

of the results, sustained by a clear 

understanding of the method's limitations and 

its clinical implications.
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