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Abstract


Postpartum haemorrhage is one of the leading causes of maternal morbidity and mortality worldwide. The early identification of bleeding risk in individual women is crucial for enabling timely interventions and improving patient outcomes.This study aims to evaluate various exploratory and classification methodologies, alongside optimisation strategies, for identifying predictors of postpartum haemorrhage. K-means clustering was employed on a retrospective cohort of patients, incorporating demographic, obstetric, and laboratory variables, to delineate patient profiles and select pertinent features. Initially, a classical logistic regression model, implemented without cross-validation, facilitated the identification of six significant predictors for postpartum haemorrhage: lactate dehydrogenase, urea, platelet count, non-O blood group, gestational age, and first-degree lacerations, all of which are variables routinely available in clinical practice. Furthermore, machine learning algorithms—including stepwise logistic regression, ridge logistic regression, and random forest—were utilised, applying cross-validation to optimise predictive performance and enhance generalisability. Among these methodologies, ridge logistic regression emerged as the most effective model, achieving the following metrics: sensitivity 0.857, specificity 0.875, accuracy 0.871, F1-score 0.759, and AUC 0.907. While machine learning techniques demonstrated superior performance, the integration of classical statistical methods with machine learning approaches provides a robust framework for generating reliable predictions and fostering significant clinical insights.
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1. Introduction


Obstetric haemorrhage is a critical health issue directly responsible for nearly one-third of maternal deaths around the world [1]. Although most of these deaths occur in low-income countries [1], the incidence and morbidity associated with this haemorrhage persists at significant levels even in high-income countries [2,3,4,5,6,7,8,9,10,11,12,13,14,15,16], driven by factors that remain uncertain [9,13,14,17]. Accurately predicting postpartum haemorrhage (PPH) is crucial, as it enables efficient resource allocation for high-risk parturients and allows healthcare providers to implement preventive measures to reduce bleeding [18]. The potential for improvement is significant: up to one-third of obstetric haemorrhage is preventable. In these instances, 80% of the incidents could be avoided or mitigated with the timely identification of haemorrhage and a swift response [19,20,21]. However, clinicians are hindered in their capacity to predict postpartum haemorrhage, limiting their ability to provide the most effective and personalised care [22]. To tackle these challenges, machine learning (ML) algorithms have gained significant traction in recent years [23,24], with numerous risk factors being thoroughly examined and integrated into diverse statistical models, leading to the development of several scoring systems [4,23,25,26,27,28].



In a systematic review focused on identifying predictors of postpartum haemorrhage using machine learning techniques, Ranjbar et al. [29] emphasised the differing levels of accuracy across the four eligible studies, with the area under the curve (AUC) ranging from 0.706 to 0.979. Given the overall low to moderate risk of bias and the substantial sample sizes involved, the authors concluded that machine learning has the potential to make significant contributions. Sinambela et al. [24] highlighted logistic regression, extreme gradient boosting, random forest, and decision trees as the most commonly used machine learning techniques for predicting postpartum haemorrhage, showcasing their promising applicability in this field. Recently, Baeta et al. [23] conducted a literature review of 35 studies. Among these, two studies compared conventional statistical methods to machine learning models, revealing that the latter were superior. However, this advantage comes with drawbacks in real-world applications due to the increased complexity resulting from the large number of features included in the models. Liu et al. [30] investigated the applicability of 27 prediction models in severe postpartum haemorrhage (23 evolving logistic regression and 3 machine learning algorithms). The authors concluded their limited utility due to methodological flaws, especially in model development and validation. In a systematic review that addressed the impact of biomarkers on postpartum haemorrhage, Moreuil et al. [31] emphasised the variability between studies and reported no statistically significant findings for postpartum haemorrhage. Carr et al. [28] reviewed prognostic models and found no model ready for clinical application due to the high risk of bias. They emphasised the need for external validation of the sixteen included studies, all but one of which relied on multivariable logistic regression analysis. Aligned with these conclusions were the findings of another systematic review of prognostic models from Neary et al. [32]. The authors highlighted the considerable risk of bias and the need to develop robust prognostic models for the general obstetric population among the 14 studies included.



A novel approach for feature selection has been proposed, employing demographic, obstetric, and laboratory data in the context of postpartum haemorrhage for both vaginal and caesarean deliveries at a tertiary maternity hospital. To achieve this, a comparative analysis was conducted between classical logistic regression and three machine learning models, thereby evaluating a range of variables that are routinely assessed in clinical practice.



The structure of the paper commences with a descriptive analysis aimed at characterising the cohort of pregnant women involved in the study. This analysis provides a comprehensive overview of their demographic, obstetric, and laboratory characteristics. The results of this characterisation are in Appendix A.



Given the potential correlations among the variables, an unsupervised clustering analysis employing K-means was conducted to identify subgroups of patients with varying levels of predisposition to postpartum haemorrhage. This exploratory step sought to reveal clinically significant patterns, thereby assisting in the determination of whether specific profiles of women are at a higher risk or, conversely, more protected from postpartum haemorrhage, thus underscoring the clinical relevance of these distinctions.



Subsequent to this exploratory phase, the analysis returned to the original variables to identify individual risk factors for postpartum haemorrhage. To achieve this, classical logistic regression and machine learning approaches were employed, including logistic regression, ridge logistic regression, and random forest algorithms. The utilisation of machine learning techniques offers the advantage of capturing complex, potentially nonlinear relationships among predictors, thereby complementing traditional statistical methods and enhancing the robustness of the findings. The advancement in these statistical tools, alongside the largely preventable nature of obstetric haemorrhage, emphasises the significance of machine learning models as research targets aimed at mitigating the global burden of postpartum haemorrhage.




2. Recent Advances in Postpartum Haemorrhage Research


Several studies have explored the most effective models for analysing data to predict postpartum haemorrhage. Although there is still no consensus on the best method to achieve this goal, it is recognised that the number of features in a model is not directly correlated with its accuracy [23]. Simpler models may perform well and have greater applicability in real-world settings. The advantages of logistic regression models include their simplicity, transparency, and explainability for healthcare providers, and their ease of implementation [33]. In contrast, machine learning techniques excel at handling nonlinearity and can incorporate more complex data [33]. The lack of robust external validation remains the most significant barrier to the practical use of postpartum haemorrhage prediction models in everyday settings [34,35], where clinicians struggle with their limited ability to predict postpartum haemorrhage [22].



Table 1 presents a literature review with the main approaches and contributions to this issue.




3. Materials and Methods


3.1. Study Population


This study was a retrospective cohort analysis of all consecutive deliveries that occurred at Santa Maria University Hospital in Lisbon from February to July 2023. The study included participants aged 18 and older with a gestational age of more than 37 weeks who provided written informed consent for additional coagulation assays alongside standard blood tests. Conversely, patients admitted outside the laboratory operating hours were excluded, as specialised equipment and technicians were necessary to perform some of the tests in accordance with best practices. The study design and reporting adhered to the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) guidelines [43]. It was conducted in accordance with the Declaration of Helsinki and received approval from the Ethics Committee of the Lisbon Academic Medical Centre (protocol code 49/23).




3.2. Potential Risk Factors


The candidate predictors included both antepartum and intrapartum risk factors, along with a comprehensive screening of haemostatic variables available upon the patient’s arrival in the labour ward. The antepartum predictors included maternal age, body mass index (BMI) at delivery, the number of previous vaginal and/or caesarean deliveries, and total number of pregnancies and multiple pregnancies. Additionally, maternal ethnicity; existing medical conditions; medications; and any history of postpartum haemorrhage, placental disorder, coagulopathy, and anaemia were recorded. During the intrapartum period, mode of delivery was categorised in vaginal delivery, instrumental vaginal delivery, and caesarean section. Birthweight, lacerations (grade I, II, III, and IV), and episiotomy were also documented, along with obstetric haemorrhage.



Considering the haemostatic predictors, blood samples were collected from intravenous cannulae or by direct venipuncture at the time of patient’s admission to the labour ward (T0). The following laboratory tests were performed: complete blood count, standard coagulation tests (including fibrinogen, activated partial thromboplastin time (APTT), and pro-thrombin time), D-dimers, coagulation factor XIII (FXIII), fibrin monomers, alanine aminotransferase, creatinine, urea, C-reactive protein (CRP), and lactate dehydrogenase (LDH). Data reliability was ensured through a programme implemented in the labour ward, which involved accurate data collection by anaesthesiologists, obstetricians, and midwives regarding postpartum haemorrhage risk factors and intrapartum variables. Instead of relying on a subjective assessment of blood loss, which was also recorded and detailed in the Appendix A, this study utilised the change in haemoglobin concentration over 24 h after birth as an objective metric for quantifying haemorrhage.




3.3. Statistical Analysis


For this study, a retrospective database consisting of 147 pregnant women from Santa Maria University Hospital in Lisbon was utilised. This database encompasses demographic, obstetric, and laboratory variables, thereby enabling the identification of risk factors associated with postpartum haemorrhage. Given the presence of missing data, particularly in laboratory variables, imputation methods, specifically multiple imputation by chained equations (MICE), were employed.



To conduct an exploratory analysis, K-means clustering was applied as an unsupervised classification method to identify potential groups of related variables. After forming these groups, differences in mean haemoglobin levels were evaluated among the identified clusters. This step is valuable as it helps discern groups of women who may have a higher or lower risk of bleeding.



The primary objective of this study is to identify risk factors associated with postpartum haemorrhage. To this end, haemoglobin levels were assessed at two time points: before delivery (T0) and 24 h after delivery (T1), and the variation in haemoglobin levels (T1–T0) was calculated. This variation was subsequently categorised as a binary variable, with a difference of 2 g/dL deemed indicative of postpartum haemorrhage [44].



To identify factors that may predict postpartum haemorrhage, a standard multivariable logistic regression model was initially fitted to the complete dataset without utilising cross-validation. The stepwise selection method was used for variable selection. This classical model primarily served to interpret the coefficients and identify variables significantly associated with postpartum haemorrhage, thereby providing insights into the relative importance of these predictors.



Subsequently, machine learning models, including logistic regression, ridge logistic regression, and random forest, were trained and evaluated using 5-fold cross-validation to optimise predictive performance and mitigate overfitting. The variables identified in the classical model were retained to ensure consistency with the original model. Binary classification thresholds were optimised using Youden’s index, as it provides a clinically interpretable balance between sensitivity and specificity, particularly suited for clinical data where balanced sensitivity and specificity are desired, even under varying outcome prevalences [45].



To address class imbalance resulting from the low prevalence of postpartum haemorrhage, a comparison was performed between the ML models trained on the original dataset and those trained using random oversampling to preform random replications of the minority class [46]. Performance metrics, including AUC, sensitivity, specificity, and F1-score, were calculated to evaluate predictive ability and assess the effects of oversampling. A more detailed description of the methodologies employed throughout this research is provided below.



The statistical analysis was conducted using R software version 4.2.3. All the results were considered statistically significant at a 5% significance level.



3.3.1. Multiple Imputation by Chained Equations


The proportion of missing data varied between 0% to 9.5% across the analysed variables. To address this issue, MICE was employed, adhering to the missing at random (MAR) approach. This approach was chosen to mitigate the potential underestimation of standard errors often associated with simple mean imputation, thereby enhancing the reliability of the statistical inferences derived from the data [47].



Multiple imputation is a statistical technique for handling missing data that by using the distribution of the observed data results in the creation of multiple complete datasets in which the missing values are filled with the most plausible values.



MICE is a specific method of multiple imputation that runs through an iterative procedure. Initially, the available complete data is used to estimate the imputation model for the variable with the least missing values. Then, the variable with the second least missing values is imputed using both the complete data and the values imputed in the previous interaction. This process continues for all variables and the final iteration constitutes in one imputed dataset [48].



To assess the potential impact of imputation on model estimates, a sensitivity analysis was conducted. This involved comparing the classical logistic regression model fitted to the imputed dataset with the same model fitted only to the complete cases.




3.3.2. K-Means


Considering the number of variables and the clinical significance of identifying patterns that may elucidate varying predispositions to bleeding, K-means clustering was employed as a component of the exploratory analysis.



This methodology was applied before classifying the haemoglobin difference ≥ 2 g/dL as postpartum haemorrhage. This continuous variable was not used in the clustering process, allowing an assessment of whether significant differences existed in the mean haemoglobin difference between the generated clusters.



K-means is one of the most known and used unsupervised machine learning non-hierarchical clustering algorithm. Its implementation starts with initialising cluster centroids k randomly selected from the dataset and assigning each data point to the nearest centroid based on a distance metric. Once all the data points have been assigned, the clusters are updated by recalculating the centroids as the average of all the points in the respective clusters, and each point is reassigned to the new nearest centroid. This process is repeated iteratively until the centroids stabilise between successive iterations [49,50].



To compute the Euclidean distance, two distinct data points from the dataset, denoted x and y, are considered. These points represent individual observations that may differ across multiple specific features or variables. Assuming that each data point is characterised by n different variables, the vectors can be represented as   x = (  x 1  ,  x 2  , … ,  x n  )   and   y = (  y 1  ,  y 2  , … ,  y n  )   in a n-dimensional space, where the Euclidean distance is commonly used as a standard metric to quantify the dissimilarity between two points, such as x and y, and can be obtained with Equation (1) [50]. This distance metric assumes that all variables are continuous and equally scaled, which is why the variables should be standardised before applying this method.


  d  ( x , y )  =    ∑  i = 1  n    (  x i  −  y i  )  2     



(1)







To evaluate the quality of the clusters generated by the K-means algorithm, a silhouette analysis was performed. This method assesses how well each observation fits within its assigned cluster compared with other clusters. Higher values indicate that objects are close to their own cluster and well separated from other clusters. The number of clusters with the highest average silhouette score is considered optimal [51].



In order to effectively illustrate the outcomes of the K-means clustering analysis, a PCA was performed, resulting in a two-dimensional scatter plot representation of the data.




3.3.3. Classical Binary Logistic Regression


By categorizing the postpartum haemorrhage as a binary outcome (0—haemoglobin difference < 2 g/dL; 1—haemoglobin difference ≥ 2 g/dL), logistic regression was applied to assess which factors were predictive of postpartum haemorrhage. A haemoglobin difference of ≥2 g/dL was classified as postpartum haemorrhage and considered the outcome category [44].



In this way, the probability that a patient will present a haemoglobin difference ≥ 2 g/dL, can be given by the following:


   p i  =    exp   β 0  +  β 1   X  i 1   + ⋯ +  β k   X  i k      1 + exp   β 0  +  β 1   X  i 1   + ⋯ +  β k   X  i k        



(2)




where



	
  p i   is the probability that the i-th observation has haemoglobin difference ≥ 2 g/dL;



	
  β 0   is the intercept;



	
   β 1  ,  β 2  , … ,  β k    are the regression coefficients;



	
   X  i 1   ,  X  i 2   , … ,  X  i k     are the values of the independent variables for observation i.






Stepwise selection method was applied and the parameters were estimated using the maximum likelihood method. The statistical significance of each predictor was assessed using the Wald test.




3.3.4. Machine Learning Approaches


Machine learning models have gained significant traction in predicting postpartum haemorrhage. These models utilise extensive clinical datasets to generate haemorrhage predictions based on various input indicators. The primary advantages of machine learning include its ability to process non-additive relationships and account for complex interactions among indicators without the need to pre-specify these relationships [52]. In this subsection, the application of logistic regression, ridge logistic regression, and random forest models within a machine learning framework for the prediction of postpartum haemorrhage will be examined. In the context of logistic regression applied through machine learning techniques, the formulation of the model remains consistent with previous discussions; however, cross-validation and parameter optimisation are employed to prioritise predictive performance over interpretability. This approach facilitates a more robust evaluation of the model’s capacity to accurately forecast occurrences of postpartum haemorrhage.



	
Ridge logistic regression model






Ridge logistic regression extends standard logistic regression by incorporating an L2 penalty to address overfitting and multicollinearity among explanatory variables [53]. This shrinkage technique can yield more stable coefficient estimates and enhance predictive performance, thereby justifying its selection for the present study. The estimation of coefficients is achieved through the minimisation of the penalised negative log-likelihood function:


  J  ( β )  = −  ∑  i = 1  n    Y i  log  (  p i  )  +  ( 1 −  Y i  )  log  ( 1 −  p i  )   + λ  ∑  j = 1  p   β  j  2  ,  



(3)




where   p i   is the predicted probability for observation i,   β =   (  β 1  , … ,  β p  )  T    is the vector of coefficients for the p covariates, n is the number of observations, and  λ  is the ridge penalty parameter controlling the degree of shrinkage. The value of  λ  can range from 0 to ∞; when   λ = 0  , ridge logistic regression reduces to standard logistic regression since no penalty is applied [54]. In this case, the penalty parameter  λ  was selected via cross-validation over a predefined grid to balance bias and variance.



	
Random forest






Random forest models have consistently demonstrated robust performance in predicting postpartum haemorrhage, often surpassing other machine learning algorithms. Gong et al. [55] reported superior outcomes in comparison to extreme gradient boosting, classification and regression trees, and artificial neural networks, achieving an AUC of 0.893. Similarly, Holcroft et al. [40] identified the random forest model as the most effective classifier, attaining a specificity of 71.3%. Furthermore, Wang et al. [38] observed that the random forest model yielded the best predictive performance for the overall population, with an AUC of 0.84, and an even higher AUC of 0.95 specifically for caesarean deliveries.



Having this in consideration, random forest was implemented as a comparative method alongside standard and ridge logistic regression to evaluate which approach provides greater predictive performance in this study.



This type of ensemble learning method is widely used for both classification and regression tasks in machine learning. During training, random forest produces multiple decision trees and combines their outputs in order to get more stable and accurate predictions. Each tree is trained on a randomly selected subset of the training data (with replacement) and as a result some data may be used multiple times within a single tree’s training set, while others might never be used. In the end, the decision forest selects, as the predicted outcome, the classification that receives the highest number of votes (most frequent value) across all the trees [56]. This type of classifier requires the specification of two parameters to construct a predictive model: the number of decision trees to be generated (k), and the number of predictor variables (m) randomly selected at each node to make the tree grow. The dataset is classified using a constant number of m random predictive variables and each instance in the dataset is evaluated by the k trees. Regarding the selection of m, a good default value is given by the following:




	
For classification:   m =  p   ;



	
For regression:   m =   p 3    .








where p is the number of input variables [57].



A range of values for k and m was explored, including the default values. Each combination was systematically evaluated using cross-validation, and the configuration yielding the highest predictive performance was selected as optimal.



An additional benefit of the random forest is that it is able to access the relative importance of the different features or variables during the classification, which allows the user to understand how each predictive variable influences the classification model. To measure the importance of each feature, the values of a single predictor variable are randomly modified while all the other variables are kept constant, and the model determines the decrease in accuracy [58].






4. Results & Discussion


A total of 147 parturients were included, with the summary statistics presented in Table A1 for all the variables under analysis.



4.1. K-Means


Considering the presence of some moderate to strong correlations among the variables shown in Figure 1, the K-means clustering method was applied as part of the exploratory analysis in order to visualize how the sample could be organised in separate clusters in terms of this set of variables to understand which influence in a greater scale each cluster. Given that haemoglobin difference after delivery was not used in cluster generation, this methodology also provided valuable information on how the resulting clusters differ with respect to this variable.



The highest average silhouette score was observed with k = 3, indicating that three clusters provide the best balance between intra-cluster compactness and inter-cluster separation, so consistently with this method, three clusters were created.



Cluster 1 included 41 patients with the lowest mean haemoglobin difference at 0.815 g/dL, cluster 2 contained 51 patients and showed the highest mean haemoglobin difference at 1.592 g/dL, and cluster 3 was composed of 55 patients with a mean haemoglobin difference of 1.484 g/dL, suggesting varying patterns of haemoglobin difference between the patient’s admission to the labour ward (T0) and twenty-four hours after delivery (T1). By performing an analysis of variance using the ANOVA table (p-value = 0.0003) and the post-hoc Tukey test, cluster 1 was found to present a haemoglobin difference significantly different from the others.



In Figure 2, the arrows illustrate the original variables projected into a two-dimensional Principal Component Analysis space. The positioning of the clusters in relation to these arrows offers insights into which variables may be the most influential in determining the distribution of the three clusters. Clusters aligned with a specific arrow typically have higher values for that variable, while clusters pointed in the opposite direction tend to have lower values. As previously mentioned, cluster 1 exhibits the lowest value for haemoglobin difference. Therefore, it is crucial to understand how this cluster differs from the others and to identify the most influential variables contributing to its characteristics.



Analysing the direction of the arrows in relation to the position of the cluster (Figure 2) alongside the mean values per cluster presented in Table A2 indicates that cluster 1 is characterised by multiparous women (mean = 3.488 deliveries) with a lower gestational age (38.955 weeks). This cluster exhibits reduced levels of inflammatory biomarkers, as evidenced by low concentrations of C-reactive protein, leukocytes, and fibrinogen, which is both an acute phase protein and a coagulation factor. Additionally, this group demonstrates an increased pro-thrombotic state compared to the other clusters, as indicated by elevated levels of D-dimer and fibrin monomers. Other two biomarkers are comparatively lower: lactate dehydrogenase, which is associated with cellular necrosis, and urea. Lactate dehydrogenase levels rise in conditions characterised by cell death, whereas urea concentrations elevate due to renal impairment. Furthermore, cluster 1 displays the lowest difference in haemoglobin levels, suggesting that the interplay of multiparity, diminished inflammatory activity, and a pro-thrombotic state may contribute to a protective profile associated with reduced risk of bleeding.




4.2. Classification


In our cohort of 147 patients, 35 women experienced postpartum haemorrhage, which represents 23.8% of the total population. Of these, 22 women had vaginal deliveries and 13 underwent caesarean section. Significant differences were observed between the deliveries with postpartum haemorrhage and those without in several factors, including haematocrit, creatinine, lactate dehydrogenase, first-degree lacerations, and non-O blood type (Table 2). The results indicated a significantly lower number of first-degree lacerations in the postpartum haemorrhage group (p = 0.036) compared to what would be expected if the factors were independent. Additionally, individuals with postpartum haemorrhage exhibited a significantly higher prevalence of blood type O (p = 0.003).



Among the variables approaching statistical significance, gestational age, fibrinogen, fibrin monomers, and urea are noteworthy. These findings align with the results obtained through the K-means clustering analysis. Maternal age is a significant factor to consider, as women in the non-postpartum haemorrhage group tend to be older. This correlation may be linked to the number of previous deliveries, which serves as a protective factor against postpartum haemorrhage. Furthermore, while second-degree lacerations are relevant, they do not achieve statistical significance as a risk factor for postpartum haemorrhage. Specifically, these lacerations occurred in 8 out of 22 vaginal deliveries that experienced postpartum haemorrhage, in comparison to 9 out of 63 vaginal deliveries in the non-postpartum haemorrhage group.



4.2.1. Multivariable Classical Logistic Regression


The results of the multivariable classical logistic regression analysis (Table 3) identified significant features associated with a higher risk for postpartum haemorrhage. Lactate dehydrogenase is an intracellular enzyme whose serum levels increase in conditions associated with cellular death [59]. Currently, lactate dehydrogenase is being explored as a potential biomarker for the severity of preeclampsia, a common hypertensive disorder during pregnancy and a known risk factor for postpartum haemorrhage [60,61,62,63]. Urea, on the other hand, serves as a marker for renal impairment and has been found to increase in cases of pregnancy induced hypertensive disorders [64,65] and in postpartum bleeding [66]. In our study population, although both variables were within the normal range [67], elevated levels were linked to a higher likelihood of bleeding. This raises the question of whether elevated values that remain within the reference range could indicate trends or signal underlying subclinical conditions. Prepartum platelet counts were positively associated with haemorrhage, which is somewhat unexpected, as lower platelet counts typically indicate a higher risk. However, all our population values exceed the established threshold of   150 ×  10 9  / L  , which is a known risk factor for postpartum haemorrhage [62,68,69]. An extensive literature review by Moureuil et al. [31] on biomarkers for postpartum haemorrhage found that platelet counts do not have a statistically significant association with postpartum haemorrhage. However, on average, platelet were lower in women who experienced severe postpartum haemorrhage. In a subsequent study, the same research group observed statistical significance in the postpartum haemorrhage cohort, which showed lower platelet levels, although these values remained within the normal reference range [70].



Gestational age at delivery is increasingly recognised as an important risk factor contributing to the likelihood of bleeding (OR 1.545, 95% CI 1.071–2.298), which supports our findings [71,72]. The model includes two protective factors: non-O blood group (A, B, or AB) and first-degree laceration. The odds of a postpartum haemorrhage in pregnant women with non-O blood group is 0.182 (95% CI 0.067–0.453) compared to those with blood group O. While there is some controversy surrounding the influence of blood type on haemorrhage [73,74], several studies support this finding [75,76,77,78]. Perineal trauma is a frequent condition during vaginal delivery, affecting up to 90% of parturients [79]. A first-degree laceration is a mild type of perineal tear that affects only the skin [79]. Women who experience a first-degree laceration are nearly eight times less likely to have postpartum haemorrhage (OR 0.163, 95% CI 0.031–0.622) because the associated bleeding is minimal. In contrast, a second-degree laceration involves both the skin and the perineal muscles [79]. In our sample, 47% of women with second-degree laceration experienced postpartum haemorrhage, which exceeds the rates found in the existing literature [80,81,82]. No third- or fourth-degree lacerations were observed, as these are classified as the least common and most severe types.



This multivariable logistic regression model showed no evidence of multicollinearity (all VIFs < 2) and demonstrated adequate fit according to the Hosmer–Lemeshow test (p = 0.169). The model achieved good discrimination, with an AUC of 0.810 (95% CI: 0.723–0.896) (Figure 3). The overall accuracy of the model was 80.27%, with a sensitivity of 65.71% and specificity of 84.82%. These figures suggest that the model is proficient at distinguishing between different outcome categories. However, it demonstrated a greater effectiveness in identifying negative cases compared to positive ones.



To assess the potential impact of imputation on model estimates, a sensitivity analysis was conducted by comparing this logistic regression model fitted on the imputed dataset with the same model fitted on complete cases only. As shown in Figure 3, the models are very similar (AUCimputed = 0.810; AUCcomplete = 0.811), and the regression coefficients differed by less than 0.05 across all the predictors, indicating that the imputation procedure did not introduce substantial bias and that the model estimates are robust.




4.2.2. Machine Learning Approaches


This section discusses the predictive performance of three models: logistic regression, ridge logistic regression, and random forest. Consistent with the previous section, the logistic stepwise model was developed using the predictors outlined in Table 2 while excluding variables with high correlations to prevent multicollinearity. The random forest model was trained using the same six final predictors, which were also identified as the most influential features when the model was previously tested with the full set of initial variables. In contrast, the ridge logistic regression model employed the complete set of initial variables, as this approach can accommodate a greater number of correlated variables through coefficient penalisation, thus controlling for multicollinearity while retaining more information. Both standard training and oversampling of the minority class were considered to evaluate their impact on model performance. Key metrics, including accuracy, sensitivity, specificity, F1-score, and AUC, are reported in Table 4 and in Figure 4, providing a comparative analysis of the models and their respective training strategies.



Without the application of oversampling, ridge logistic regression attained the highest accuracy (0.871), F1-score (0.759), and AUC (0.907), thereby outperforming both logistic regression and random forest methods. Upon the implementation of oversampling, ridge logistic regression further enhanced its performance, achieving an accuracy of 0.893, an F1-score of 0.898, and an AUC of 0.928. Conversely, the application of oversampling resulted in a decline in accuracy for both random forest (dropping from 0.748 to 0.558) and logistic regression (decreasing from 0.735 to 0.599). While oversampling did increase the sensitivity of all the models, this effect was more pronounced in the random forest and logistic regression models, which demonstrated reduced specificity and F1-scores compared to ridge logistic regression.



Ridge logistic regression consistently demonstrated superior performance compared to both standard logistic regression and random forest across all the methodologies. It attained the highest accuracy, F1-score, and AUC, even in the absence of oversampling techniques. This robust performance can be attributed primarily to L2 regularisation, which allows the model to retain a greater number of predictive variables while effectively mitigating the risk of overfitting.



The diminished performance of logistic regression and random forest models when applied with oversampling techniques may be attributed to the introduction of synthetic samples. Although these samples can enhance sensitivity, they simultaneously introduce noise, decrease specificity, and alter feature distributions. Consistent with previous research, it appears that the random forest method is particularly adversely affected; this is likely due to the predominantly linear relationships between predictors and outcomes, which undermines the efficacy of tree-based models. Furthermore, oversampling may result in overfitting to these synthetic positive cases, leading to miscalibration and a reduction in predictive performance in comparison to models trained on the original dataset [83].






5. Conclusions


A considerable number of women who experience postpartum haemorrhage are inaccurately classified as low-risk due to a variety of factors [39,84,85]. Consequently, it is imperative to develop a statistical tool that accurately identifies individuals within this group who are unlikely to experience significant bleeding [32].



The primary objective of this study was to identify a limited selection of features from demographic, obstetric, and biomarker data in order to develop a model with enhanced predictive capabilities. This was achieved through the application of both classical statistical methods and machine learning techniques. The classical methods employed included logistic regression, whereas the machine learning approaches encompassed logistic regression, ridge logistic regression, and random forest algorithms. It is also important to highlight that K-means clustering has emerged as a valuable exploratory method for identifying distinct clinical profiles within the sample population. This approach facilitated the differentiation of subgroups exhibiting unique characteristics and enabled the identification of potentially influential variables for subsequent analyses.



Initially, a classical logistic regression model without cross-validation was employed to evaluate the model coefficients and to analyse the performance of MICE. This preliminary approach provided valuable insights into potential predictors and the relative importance of various variables. Subsequently, logistic regression with stepwise selection, ridge logistic regression, and random forest algorithms were implemented using cross-validation, yielding more robust estimates of predictive performance and generalisability.



While ridge logistic regression exhibited superior predictive capability, the classical logistic regression model, even in the absence of cross-validation, remains a valuable tool. Its computational accessibility and straightforward interpretability enhance our understanding of the effects of individual risk factors.



By employing this methodology, three biomarkers, one demographic factor, and two obstetric factors were found to influence postpartum haemorrhage significantly. The biomarkers identified include lactate dehydrogenase, urea, and platelet count. The demographic factor pertains to the non-O blood group (A, B, or AB), while the obstetric factors encompass gestational age and first-degree lacerations. These parameters are routinely collected, making these significant variables highly applicable in everyday practice.



The high preventability rate of postpartum haemorrhage underscores the importance of such a tool in clinical practice. As highlighted by research from Wolfson et al. and Lawton et al. [20,86], up to 30% of major blood loss cases can be prevented if additional measures are implemented during the peripartum period to prevent or mitigate excessive bleeding. Interventions such as ensuring the availability of a more experienced multidisciplinary team with senior staff, administration of tranexamic acid, and transferring patients to a higher level of care when necessary can significantly improve outcomes [18,87,88].



Our study has several strengths. It includes both vaginal and caesarean deliveries at a single tertiary centre, employing standardised protocols and bundles to address postpartum haemorrhage. Although small, our population consists of a diverse range of ethnicities from Europe, Africa, and South America. This diversity enhances the external validation of this model, as outcomes of postpartum bleeding are linked to race [2,89]. Postpartum haemorrhage was classified as a drop in haemoglobin of 2 g/dL or more within the first 24 h after delivery [44,90,91]. This approach improves the accuracy of postpartum haemorrhage diagnosis, which is often low when relying on visual estimation or even quantitative methods [44,90,92,93,94,95]. By measuring haemoglobin drop, improved comparability across trials is facilitated, as this method provides an objective metric for assessing blood loss. The incidence of postpartum haemorrhage in our population was 23.8%. This finding aligns with other studies [10,11,96,97] that follow the definition of postpartum haemorrhage which considers a blood loss of 500ml or more as the threshold [88], corresponding to a 2 g/dL drop in haemoglobin levels after delivery [44].



However, limitations can be found in this study, including its retrospective design and relatively small sample population from a single centre. While the vast majority of the established risk factors for postpartum haemorrhage [4,27,28,93] were accounted, the limited sample size may lead to overlooking some of them, potentially resulting in residual confounding. However, in comparison to other exploratory studies that examined maternal plasma biomarkers for postpartum haemorrhage—such as cytokines [98,99] and proteins [100]—our study considers a similar number of patients.



Future research could explore alternative machine learning methodologies, such as gradient boosting machines, which may more effectively capture complex relationships. Furthermore, conducting external validation on independent cohorts is essential to ascertain the model’s generalisability and applicability across diverse populations.



In summary, ridge logistic regression with cross-validation constitutes a robust predictive tool for postpartum haemorrhage, effectively balancing generalisation and variable retention. Conversely, classical logistic regression without cross-validation remains vital for interpreting coefficients and identifying potential predictors. The integration of these complementary approaches can yield both reliable predictions and significant clinical insights.
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Appendix A.1. Sample Characteristics




 





Table A1. Summary statistics for all variables under analysis.






Table A1. Summary statistics for all variables under analysis.









	Parameter
	Total Sample    ( n = 147 )   





	Maternal age (years)
	31.40 ± 6.23



	Body mass index (  kg /  m 2   )
	29.76 (26.74–33.34)



	Gestational age (weeks)
	39.40 ± 1.20



	Deliveries (n)
	0.00 (0.00–1.00)



	Birthweight (g)
	3285.00 (2985.00–3515.00)



	Blood type, n (%)
	



	     O
	55 (37.4%)



	     Other
	92 (62.6%)



	Ethnicity
	



	     Caucasian
	96 (65.3%)



	     Other
	51 (34.7%)



	Haematocrit (%)
	35 (33–37)



	Leukocytes (count)
	11,400 (8750–14,700)



	Platelets (  ×  10 9    L)
	224.21 ± 64.65



	International normalised ratio (n)
	0.92 (0.90–0.97)



	APTT ratio (n)
	0.90 (0.86–0.93)



	D-dimers (µg/mL)
	1.98 (1.46–2.68)



	Factor XIII (%)
	0.73 ± 0.15



	Fibrin monomers (µg/mL)
	5.25 (4.11–10.05)



	Fibrinogen (mg/dL)
	467.73 ± 76.31



	Creatinine (mg/dL)
	0.55 (0.48–0.65)



	Urea (mg/dL)
	18.00 (15.00–22.00)



	Glomerular filtration rate (mL/min)
	127.00 (119.00–133.00)



	C-reactive protein (mg/dL)
	0.68 (0.35–1.58)



	Lactate dehydrogenase (uni/L)
	192.00 (171.00–214.00)



	Type of delivery, n (%)
	



	     Unassisted vaginal delivery
	55 (37.4%)



	     Instrumental vaginal delivery
	30 (20.4%)



	     Caesarean delivery
	62 (42.2%)



	First-degree laceration, n (%)
	29 (34.1%)



	Second-degree laceration, n (%)
	17 (20.0%)



	Episiotomy, n (%)
	11 (12.9%)



	Gestational hypertension, n (%)
	8 (5.4%)



	Preeclampsia, n (%)
	4 (2.7%)



	Gestational diabetes, n (%)
	19 (12.9%)



	Hypothiroidism, n (%)
	11 (7.5%)



	Previous uterine incision, n (%)
	23 (15.6%)



	Multiple pregnancy, n (%)
	4 (2.7%)



	>4 Previous vaginal deliveries, n (%)
	1 (0.7%)



	History of coagulopathy, n (%)
	3 (2.0%)



	History of postpartum haemorrhage, n (%)
	4 (2.7%)



	Uterine fibroids, n (%)
	6 (4.1%)



	Chorioamnionitis, n (%)
	4 (2.7%)



	Placenta previa, n (%)
	5 (3.4%)



	Low-lying placenta, n (%)
	1 (0.7%)



	Placenta accreta, n (%)
	1 (0.7%)



	Hemoglobin < 10 g/dL, n (%)
	11 (7.5%)



	Platelets < 100,000/  μ L  , n (%)
	1 (0.7%)



	Haemorrhage on admission, n (%)
	1 (0.7%)



	History of fetal death, n (%)
	3 (2.0%)



	Estimated neonatal weight > 4 kg, n (%)
	2 (1.4%)



	In vitro fertilization, n (%)
	10 (6.8%)



	Smoker, n (%)
	16 (10.9%)







For normally distributed variables, mean ± standard deviation is reported, otherwise median and interquartile range (IQR) are shown. Lacerations (first and second degree) and episiotomy were registered only in the 85 vaginal and instrumental deliveries. APTTratio: activated partial thromboplastin time ratio.












Appendix A.2. Characterization of Clusters (Mean Values)




 





Table A2. Mean values of clusters according to variables used in clustering process.
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Cluster

	
Gestational Age (Weeks)

	
Deliveries (n)

	
Leukocytes (n)

	
Birthweight (g)






	
1

	
38.955

	
1.683

	
9870.732

	
3345.732




	
2

	
39.515

	
0.275

	
11,872.549

	
3341.667




	
3

	
39.629

	
0.255

	
13,578.182

	
3215.091




	
Cluster

	
Haematocrit (%)

	
LDH (U/L)

	
Fibrin Monomers (µg/mL)

	
Platelets (  ×  10 9    L)




	
1

	
33.468

	
185.049

	
28.489

	
226.756




	
2

	
36.208

	
206.588

	
15.740

	
192.745




	
3

	
34.996

	
193.455

	
12.366

	
251.491




	
Cluster

	
INR (n)

	
APTT Ratio (n)

	
Fibrinogen (mg/dL)

	
D-Dimers (µg/mL)

	
Pregnancies (n)




	
1

	
0.937

	
0.885

	
424.756

	
3.122

	
3.488




	
2

	
0.894

	
0.884

	
464.431

	
2.673

	
1.706




	
3

	
0.962

	
0.912

	
502.836

	
1.969

	
1.455




	
Cluster

	
Factor XIII (%)

	
Creatinine (mg/dL)

	
Urea (mg/dL)

	
CRP (mg/dL)

	
GFR (mL/min)




	
1

	
71.122

	
0.501

	
15.585

	
0.650

	
128.366




	
2

	
71.667

	
0.698

	
24.431

	
1.222

	
112.255




	
3

	
74.945

	
0.532

	
17.745

	
1.311

	
132.891










Appendix A.3. Laboratory Procedures


The blood samples were collected in citrate tubes (3.2% trisodium citrate) for coagulation assays and processed in our laboratory within 20 minutes of collection. An exception was made for fibrin monomer tests due to equipment limitations; the plasma samples were processed and stored at −80 °C for up to two months prior to analysis. For haematology tests, tubes containing ethylenediaminetetraacetic acid (1.6 mg EDTA per mL of blood) were used, while tubes with silicate were utilised for clinical chemistry analysis.




Appendix A.4. Quantification of Maternal Blood Loss


In vaginal delivery, blood was collected in a plastic bag placed under the parturient, with the volume being registered after subtracting the amniotic fluid and other liquids. Blood loss during a caesarean section was measured by weighing the blood-soaked surgical drapes on a scale. This involved subtracting the weight of the non-soiled drapes and adding the volume of blood collected in the suction container. Additionally, the amniotic fluid present on the drapes and in the suction container was calculated and deducted from the final blood loss value.
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Figure 1. Correlation matrix heat map. INR: international normalised ratio; APTTratio: activated partial thromboplastin time ratio; BMI: body mass index; FXIII: coagulation factor XIII; GFR: glomerular filtration rate; CRP: C-reactive protein; LDH: lactate dehydrogenase. 
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Figure 2. PCA plot showing K-means clusters. Points are colored by cluster, and arrows indicate variable contributions. INR: international normalised ratio; APTTratio: activated partial thromboplastin time ratio; BMI: body mass index; FXIII: coagulation factor XIII; GFR: glomerular filtration rate; CRP: C-reactive protein; LDH: lactate dehydrogenase. FM: FM. 
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Figure 3. ROC curves from classical logistic regression models fitted on imputed and complete-case datasets. 
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Figure 4. ROC curves for logistic (stepwise and ridge) regression and random forest models. 
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Table 1. Overview of recent studies applying machine learning techniques to predict postpartum haemorrhage.
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	Authors
	Study Description
	Methodology
	Findings
	Contributions





	Song et al. (2025) [36]
	
	–

	
Retrospective




	–

	
Multi-centre cohort




	–

	
27,932 patients




	–

	
Vaginal delivery




	–

	
China






	
	–

	
Extreme Gradient Boosting




	–

	
Light Gradient Boosting




	–

	
Gradient Boosting Decision Tree




	–

	
Gradient Boosting




	–

	
Adaptive Boosting




	–

	
Bernoulli Naive Bayes






	
	–

	
Extreme Gradient Boosting demonstrated superior performance compared to other models




	–

	
AUC 0.894




	–

	
Features 15






	The clinical utility of this model is constrained, as two of the fifteen features included in the model—newborn weight and length—are measured exclusively after childbirth.



	Clapp et al. (2025) [37]       
	
	–

	
Retrospective




	–

	
Single-centre cohort




	–

	
17,201 patients




	–

	
Vaginal and caesarean delivery




	–

	
United States of America






	
	–

	
Logistic Regression with stepwise backward selection




	–

	
Extreme Gradient Boosting




	–

	
Random Forest




	–

	
Lasso Regression




	–

	
Logistic Regression






	
	–

	
Logistic Regression with backward stepwise selection showed better performance




	–

	
AUC of 0.689




	–

	
Features 17






	The authors developed a model with limited predictive ability employing laboratory variables that rely exclusively on prepartum data from the second trimester of pregnancy.



	Wang et al. (2024) [38]
	
	–

	
Retrospective




	–

	
Single-centre cohort




	–

	
768 patients for feature selection and 156 patients for model testing




	–

	
Vaginal and caesarean delivery




	–

	
China






	
	–

	
Random Forest




	–

	
Adaptative Boosting




	–

	
Gaussian Naive Bayes




	–

	
Gaussian Process Classifier




	–

	
Gradient Boosting




	–

	
Histogram Gradient Boosting




	–

	
Multi-Layer Perceptron




	–

	
Logistic Regression




	–

	
Logistic Regression with Cross-Validation






	
	–

	
Random Forest algorithm used for caesarean delivery




	–

	
AUC 0.95




	–

	
Features 4




	–

	
Adaptative Boosting employed for vaginal delivery




	–

	
AUC 0.76




	–

	
Features 7






	This study evaluates several machine learning algorithms to construct two models with a restricted set of features gathered prior to delivery. However, the predictive abilities of these scores were not evident when applied to an external validation cohort.



	Lengerich et al. (2024) [39]
	
	–

	
Retrospective




	–

	
Multi-centre cohort




	–

	
85,766 patients




	–

	
Vaginal and caesarean delivery




	–

	
Unites States of America






	
	–

	
Generalised Additive Model






	
	–

	
Generalised Additive Model




	–

	
AUC 0.67




	–

	
Features 29






	The Generalised Additive Model exhibits enhanced performance when compared to a commonly employed score (California Maternal Quality Care Collaborative), relying exclusively on antepartum variables.



	Holcroft et al. (2024) [40]
	
	–

	
Prospective




	–

	
Multi-centre cohort




	–

	
430 patients




	–

	
Vaginal and caesarean delivery




	–

	
Rwanda






	
	–

	
Random Forest




	–

	
Extremely Randomised Trees




	–

	
Extreme Gradient Boosting




	–

	
Logistic Regression with elastic-net regularisation






	
	–

	
Random Forest outperformed other models




	–

	
Sensitivity 80.7%




	–

	
Specificity 71.3%




	–

	
Features 9






	The study focuses on a unique population with specific characteristics, which highlights the valuable application of machine learning in this context.



	Ahmadzia et al. (2024) [41]
	
	–

	
Retrospective




	–

	
Multi-centre




	–

	
185,413 patients




	–

	
Vaginal and caesarean delivery




	–

	
United States of America






	
	–

	
Gradient Boosting




	–

	
Random Forest




	–

	
Logistic Regression




	–

	
Support Vector Machines




	–

	
Multi-layer Perceptron




	–

	
Deep Learning Algorithms






	
	–

	
Gradient Boosting machine performs best overall




	–

	
AUC 0.83




	–

	
Features   > 25  






	The number of antepartum and intrapartum variables included in each model is unspecified.



	Susanu et al. (2024) [42]
	
	–

	
Prospective




	–

	
Multi-centre cohort




	–

	
203 patients




	–

	
Romenia






	
	–

	
Naive Bayes




	–

	
Decision Tree




	–

	
Support Vector Machine




	–

	
Random Forest






	
	–

	
Naive Bayes attained the highest performance among all models




	–

	
AUC 0.98




	–

	
Features not reported






	The exact number of variables included in the model is not reported.










 





Table 2. Characterisation of patients with postpartum haemorrhage.
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	Variables
	PPH (   n = 35   )
	Non-PPH (   n = 112   )
	p-Value





	Maternal age (years)
	29.74 ± 5.45
	31.92 ± 6.39
	0.052 †



	Body mass index (  kg /  m 2   )
	29.32 (26.63–32.25)
	30.06 (26.89–33.50)
	0.365 ‡



	Gestational age (weeks)
	39.57 (39.07–40.66)
	39.29 (38.57–40.04)
	0.060 ‡



	Deliveries (n)
	0.00 (0.00–1.00)
	0.00 (0.00–1.00)
	0.076 ‡



	Birthweight (g)
	3325.00 (3135.00–3465.00)
	3265.00 (2870.00–3556.25)
	0.353 ‡



	Haematocrit (%)
	36 (35–38)
	35 (33–37)
	0.014 ‡



	Leukocytes (n)
	12,800 (9400–14,850)
	10,500 (8600–14,425)
	0.129 ‡



	Platelets (  ×  10 9    L)
	234.00 (183.50–276.00)
	213.00 (181.50–260.25)
	0.262 ‡



	INR (n)
	0.92 (0.89–0.96)
	0.93 (0.90–0.97)
	0.841 ‡



	APTT ratio (n)
	0.91 ± 0.08
	0.89 ± 0.06
	0.153 †



	Fibrinogen (mg/dL)
	490.00 (435.00–523.00)
	461.00 (410.75–511.00)
	0.056 ‡



	D-dimers (µg/mL)
	1.87 (1.41–2.66)
	2.00 (1.50–2.67)
	0.590 ‡



	Factor XIII (%)
	0.74 (0.64–0.81)
	0.72 (0.63–0.80)
	0.776 ‡



	Fibrin monomers (µg/mL)
	4.65 (2.14)
	5.51 (8.00)
	0.058 ‡



	Creatinine (mg/dL)
	0.61 (0.54–0.68)
	0.55 (0.46–0.63)
	0.010 ‡



	Urea (mg/dL)
	21.00 (16.00–26.00)
	18.00 (15.00–22.00)
	0.077 ‡



	GFR (mL/min)
	126.00 (120.00–130.50)
	128.00 (119.00–133.25)
	0.339 ‡



	C-reactive protein (mg/dL)
	0.84 (0.41–1.77)
	0.63 (0.33–1.47)
	0.355 ‡



	Lactate dehydrogenase (uni/L)
	204.00 (179.50–226.00)
	187.50 (166.50–208.25)
	0.006 ‡



	Types of delivery
	
	
	0.634 *



	     Unassisted vaginal delivery
	13 (8.8%)
	42 (28.6%)
	



	     Caesarean delivery
	13 (8.8%)
	49 (33.3%)
	



	     Instrumental vaginal delivery
	9 (6.1%)
	21 (14.3%)
	



	First-degree laceration
	
	
	0.036 *



	     Yes
	3 (3.5%)
	26 (30.6%)
	



	     No
	19 (22.4%)
	37 (43.5%)
	



	Second-degree laceration
	
	
	0.055 *



	     Yes
	8 (9.4%)
	9 (10.6%)
	



	     No
	14 (16.5%)
	54 (63.5%)
	



	Episiotomy
	
	
	0.720 **



	     Yes
	2 (2.4%)
	9 (10.6%)
	



	     No
	20 (23.5%)
	54 (63.5%)
	



	Blood type
	
	
	0.003 *



	     O
	21 (14.3%)
	34 (23.1%)
	



	     Other
	14 (9.5%)
	78 (53.1%)
	



	Ethnicity
	
	
	0.581 *



	     Caucasian
	21 (14.3%)
	75 (51.0%)
	



	     Other
	14 (9.5%)
	37 (25.2%)
	







For normally distributed variables, mean ± standard deviation is reported, otherwise median and interquartile range (IQR) are shown. * χ2 test; ** Fisher’s exact test; † Two-sample t-test; ‡ Wilcoxon rank-sum test. Lacerations (first and second degree) and episiotomy were registered only in the 85 vaginal and instrumental deliveries. INR: international normalised ratio; GFR: glomerular filtration rate; APTT ratio: activated partial thromboplastin time ratio.













 





Table 3. Multivariable classical logistic model for postpartum haemorrhage.
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	Independent Risk Factors
	OR
	95% CI
	p-Value





	Gestational age (weeks)
	1.545
	1.071–2.298
	0.024



	Platelets (  ×  10 9    L)
	1.008
	1.002–1.015
	0.016



	Urea (mg/dL)
	1.097
	1.020–1.186
	0.014



	Lactate dehydrogenase (uni/L)
	1.019
	1.007–1.034
	0.005



	First-degree laceration
	
	
	



	     No
	Ref
	
	



	     Yes
	0.163
	0.031–0.622
	0.016



	Blood type
	
	
	



	     O
	Ref
	
	



	     Other
	0.182
	0.067–0.453
	<0.001







CI: confidence interval; OR: odds ratio; Ref: reference category.













 





Table 4. Performance metrics for different models with and without oversampling.
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Model

	
Accuracy

	
Sensitivity

	
Specificity

	
F1-Score

	
AUC






	
Without Oversampling




	
Logistic Regression

	
0.735

	
0.686

	
0.750

	
0.552

	
0.742




	
Ridge Logistic Regression

	
0.871

	
0.857

	
0.875

	
0.759

	
0.907




	
Random Forest

	
0.748

	
0.543

	
0.812

	
0.507

	
0.720




	
With Oversampling




	
Logistic Regression

	
0.599

	
0.829

	
0.527

	
0.496

	
0.727




	
Ridge Logistic Regression

	
0.893

	
0.946

	
0.839

	
0.898

	
0.928




	
Random Forest

	
0.558

	
0.857

	
0.464

	
0.480

	
0.722
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