
Early prediction of pressure injury 
risk in hospitalized patients using 
supervised machine learning 
models based on nursing records
Fredy Barriga-Gallegos1, Gonzalo Ríos-Vásquez2, Gabriela Morgado Tapia1,  
Catherine Almarza Garrido3 & Naldy Febré Vergara1

This study aimed to employ supervised models for predicting pressure injuries in hospitalized patients 
using data collected within the first eight hours after admission, thus providing a tool for early 
assessment and prevention. The dataset included 446 patients admitted to multiple hospital wards 
at Félix Bulnes Clinical Service Hospital in Santiago, Chile, between January and December 2022. 
After preprocessing the data through imputation and feature selection, we evaluated five machine 
learning models, Decision Tree, Logistic Regression, Random Forest, Extreme Gradient Boosting, and 
Support Vector Machines, using cross-validation. Their performance was assessed using accuracy, 
precision, recall, and AUC. The incidence of pressure injuries was 18.8%, with 9.86% occurring in the 
adult medical-surgical unit. Key risk factors identified included size, weight, total risk score, hospital 
ward, dependency risk, use of anti-decubitus mattresses, physical restraints, incontinence, and pre-
hospital pressure injuries (p-value < 0.01). The Random Forest model showed the best performance, 
achieving an AUC of 82.4%, an accuracy of 82.5%, a specificity of 86.9%, and an adjusted precision of 
93.3%. These results indicate that predictive models based on early nursing records can support clinical 
decision-making and enable timely prevention of pressure injuries in hospitalized patients.
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A pressure injury (PI) corresponds to an area of skin or underlying tissue that exhibits localized damage or 
trauma, usually over a bony prominence, as a result of prolonged pressure, either alone or in combination with 
shear forces. When this damage occurs over a bony area and leads to skin breakdown, it is commonly called a 
“pressure ulcer”1.

PIs affect more than 10% of hospitalized adults, with Stage I wounds being the most frequent and preventable 
forms2. These injuries are highly prevalent among critically ill or immobilized patients, especially during early 
hospitalization, and are associated with increased morbidity, prolonged hospital stays, and significant healthcare 
costs3. In particular, emergency and intensive care units represent high-risk environments due to the limited 
mobility of patients, physiological instability, and high dependency on medical care4.

The economic burden of PI is substantial. In the United States alone, the total annual cost of acute care 
attributable to hospital-acquired pressure injuries is estimated to exceed $26.8 billion5. Beyond their financial 
impact, these injuries adversely affect multiple dimensions of health-related quality of life, including physical 
functioning, emotional well-being, and social participation6. Consequently, early identification and prevention 
strategies are critical for reducing the incidence and impact of PI7.

A wide range of clinical risk factors has been consistently associated with the development of PI. Advanced 
age, comorbidities, reduced tissue tolerance, and impaired mobility are widely recognized as key determinants8,9. 
Additional contributors include decreased sensory perception, nutritional deficits, and high levels of care 
dependency3,10. Incontinence and moisture-associated skin damage also compromise skin integrity and 
significantly increase the risk of PI11,12. Similarly, the use of vasopressors (commonly administered in critical care) 
has been strongly linked to impaired perfusion and tissue ischemia3,13. In contrast, preventive strategies such 
as pressure-relieving surfaces and systematic repositioning have proven effective in reducing PI incidence14,15.
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Medical device-related PIs have increasingly been recognized as a significant source of harm. These injuries 
result from prolonged contact with invasive or noninvasive devices and are particularly common in intensive 
care settings, where patient immobility and continuous equipment use are prevalent16–18.

Despite the use of standard tools such as the Braden Scale, traditional risk assessment methods cannot 
fully capture the complexity of patient conditions. These tools often rely on subjective assessments and may 
underestimate risk, especially in patients with incontinence12, intermediate Braden scores10, or obesity-related 
vulnerabilities19,20. These limitations highlight the need for complementary, data-driven approaches that can 
enhance early risk stratification and guide targeted preventive care. We therefore propose a machine learning 
(ML) framework that uses early nursing records to anticipate PI development and support timely, targeted 
prevention.

In recent years, ML techniques have shown considerable promise in predicting PIs. These models can 
capture complex, non-linear relationships among clinical variables and have often outperformed traditional risk 
assessment tools, particularly when using data from electronic health records (EHRs). However, many existing 
models require a large number of variables, including laboratory tests and longitudinal data, which are often 
unavailable during the early hours of admission, especially in emergency care settings21.

In this paper, we propose an ML-based predictive approach that relies exclusively on basic nursing records 
collected within the first eight hours after hospital admission. In line with the TRIPOD guidelines, this study 
is designed as a prognostic prediction model, aiming to estimate the probability that a patient will develop a 
PI during hospitalization, based on predictors collected at baseline. Unlike diagnostic models, which identify 
an existing condition at the time of assessment, prognostic models estimate the future risk of an event. This 
time frame aligns with institutional protocols for the initial clinical evaluation and reflects realistic operational 
workflows.

We acknowledge that PI may arise through different pathways, depending on patient characteristics and 
hospital wards. Although ward-specific models could capture such heterogeneity, they require large, stratified 
datasets, which increase operational complexity for deployment. Given the need for a single early warning tool, 
we developed a unified model that covers multiple wards. This approach allows for consistent integration into 
hospital-wide EHRs and triage systems while still accounting for ward-level variation through the inclusion of 
the hospital ward as a feature.

Our approach bridges the clinical need for early prediction of PI with a data-driven solution by leveraging 
routinely collected information to build a practical, interpretable, and high-performance ML model.

Related works on machine learning for pressure injury prediction
Numerous studies have explored the application of ML and statistical techniques for PI prediction, often using 
features derived from demographic variables, clinical records, EHRs, laboratory test results, and medical 
assessments. Several systematic reviews, meta-analyses, and scoping reviews have also summarized current 
research directions and efforts in this field22–26.

ML techniques are particularly well-suited to capture the complex, nonlinear interactions that characterize 
clinical data27. In the context of PI prediction, models have been trained using EHRs data from various hospital 
units21,28,29, with the choice of algorithm typically adapted to the data structure and availability. Approaches have 
ranged from Bayesian networks30, mixed-variable graphical models31, and regression trees32 to deep learning 
frameworks33.

Other efforts have explored non-traditional data sources to enhance model performance. These include 
estimated skin temperature derived from imaging or sensors34, as well as unstructured clinical notes integrated 
through natural language processing techniques35.

Additionally, many models incorporate laboratory features such as oxygen saturation, white blood cell count, 
protein levels, blood glucose, and hemoglobin concentration to improve classification accuracy21,36–38.

Aims
This paper aims to develop efficient and interpretable ML-based models that predict PI risk using only basic 
nursing information available within the first eight hours of hospital admission. The input data reflect routine 
clinical information collected prior to laboratory tests or the use of invasive devices, in alignment with initial 
nursing evaluation protocols.

The proposed approach contributes by demonstrating that low-complexity, early-stage data can yield highly 
predictive performance, supporting timely and resource-efficient decision-making. This addresses a notable gap 
in the literature, as most existing models rely on extensive feature sets drawn from laboratory results, detailed 
clinical histories, and longitudinal records28,36,37,39.

Although some studies have explored parsimonious models, they generally focus on later time windows, such 
as predicting PI within seven days after admission, or on specific subpopulations, such as pediatric patients40. 
Other authors have used PI data not as a target variable but as a predictor of related outcomes, such as functional 
recovery or risk of falling41,42. In contrast, our paper explicitly focuses on the early prediction of PI using data 
available within a clinically actionable time-frame, with a design intended for general hospital populations.

Methods
This section outlines the methodological steps used to preprocess the data, select relevant features, train and 
evaluate ML models, and interpret the outputs. The steps are presented in Fig. 1, with details for each provided 
in the following paragraphs.
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Statistical analysis
Data preprocessing and ML model development were performed using Python 3.11.5, while statistical analyzes 
and performance comparisons were conducted in R 4.4.2. Descriptive statistics for categorical variables, 
considering the target variable, are presented as absolute frequencies, whereas continuous variables are reported 
as means with standard deviations. All preprocessing steps were implemented using Scikit-learn Pipelines to 
ensure that each transformation was fit exclusively on the training folds and never on the validation folds, 
thereby preventing any form of data leakage.

Study population and data collection
An observational, cross-sectional design was employed for this study, with data collected from a tertiary hospital 
located in an urban area of Santiago, Chile. The sample size was calculated using a 95% confidence level, a 5% 
margin of error, and an anticipated 20% loss, yielding an estimated sample of approximately 500 patients. Data 
were collected using a convenience sampling method conducted by healthcare professionals across different 
hospital wards. After excluding atypical data and duplicate entries, the final sample comprised 446 patients.

Data were collected using structured forms and patient records (data collection instruments for the 
prevalence study). These instruments were designed to capture information on both patient-related factors and 
those associated with the development of PIs. The data collection form was validated by a panel of experts who 
guided the mapping of free-text terms and shorthand notations into discrete, clinically meaningful categories. 
Furthermore, they validated the rules used for resolving conflicting entries. This process was divided into four 
sections: (i) demographic characteristics, (ii) clinical parameters at the time of admission, (iii) laboratory and 
diagnostic tests requested by the physician, with results available within 24 h of admission, and (iv) variables 
related to PIs, including PI risk, preventive measures implemented, and severity of tissue damage.

Dependency risk was classified using the Clasificación de Riesgo-Dependencia (CUDYR), a validated 
nursing care management instrument adopted by the Chilean Ministry of Health in 2008. This tool categorizes 
hospitalized patients according to their care needs, supporting resource allocation and clinical management. 
Categories range from A (highest dependency) to D (lowest dependency), with sublevels (1–3) indicating total 
dependence, partial dependence, and partial autonomy, respectively.

The definition of PI was established according to the criteria set by the National Pressure Injury Advisory 
Panel (NPIAP). The assessment of PI presence was dichotomous: patients were classified as having no PI if they 
presented no area of skin or tissue meeting the NPIAP definition, including cases of intact skin with transient, 
blanchable erythema. Conversely, patients were classified as having a PI if at least one lesion was identified, 
regardless of stage (Stage 1 to Stage 4 or suspected deep tissue injury). Thus, the identification of a single PI at 
any anatomical site was sufficient to classify the case as positive43.

As the data were gathered during the first eight hours after hospital admission, they correspond exclusively to 
the initial basic nursing information collected upon entry. This information was used as the predictive baseline, 
independent of whether patients subsequently underwent surgery or were transferred to another unit. At this 
stage, surgical procedures are not typically scheduled or performed. Any PI identified within this initial eight-
hour window was classified as a pre-hospital PI and was excluded from the outcome definition of hospital-
acquired PI. Therefore, the predictive models are based exclusively on early admission data, ensuring prognostic 
validity before any subsequent interventions, such as surgery, could influence the PI risk.

It is important to clarify that the initial basic nursing information corresponds to standardized nursing 
assessments that are systematically applied to all patients upon admission, regardless of their medical diagnoses. 
These variables capture clinical information independent of the admission condition, ensuring a comparison 
between heterogeneous patient groups. In addition, because these assessments are performed at admission, they 
can support the early allocation of nursing resources for preventive care.

Data preprocessing
The data wrangling and preprocessing stage involved transforming unstructured nursing data into structured 
datasets suitable for analysis. Relevant nursing documentation was extracted from the Hospital Information 

Fig. 1.  Methodology proposed for conducting the research in pictorial form.
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System (HIS) for each patient record. From this source data, key clinical concepts associated with PI development 
were identified. We worked closely with expert clinicians to convert text-based information into standardized, 
structured variables.

Given that HIS records often include multiple entries per patient, we implemented a comprehensive 
aggregation and conflict-resolution strategy. This process applied time-window aggregation to group entries 
within clinically meaningful periods. For categorical data, we resolved conflicts by selecting the most clinically 
severe or critical value. For frequency-based features, values were aggregated through summation to reflect the 
intensity or frequency of relevant events.

To address the missing values in the structured dataset, we applied imputation techniques based on the 
variable type. For continuous variables, the K-Nearest Neighbors (KNN) method was used to estimate and replace 
missing values based on similarities among patient profiles. This method works by replacing a missing value by 
looking at the k most similar rows (neighbors) in the dataset. Similarity is measured by Euclidean distance 
using the non-missing features. Given that the method relies on distance calculations, a scaling procedure was 
conducted to mitigate the dominance of features with different scales.

The KNN method requires choosing the best k to calculate similarities. For this purpose, artificial missingness 
values were created. It works by randomly masking a subset of non-missing entries and applying the KNN using 
different values of k. Later, the imputed values were compared to the original known values, and the k that gives 
the lowest error was chosen.

For categorical variables, frequency-based imputation was performed, incorporating contextual information 
such as the patient’s hospital ward and gender to maintain clinical relevance.

Feature selection
The feature selection process was conducted using the chi-square (χ2) test for categorical variables. This test is 
suitable for evaluating the relationship between categorical features and a categorical target variable by assessing 
whether there is a statistically significant association between them. A low p−value indicates that the feature is 
likely associated with the categories of the target variable.

For numerical features, the t−test was applied. This test evaluates whether two independent samples differ 
by comparing the means of the two groups while considering their variances. A low p−value indicates that the 
distributions across the two categories differ, suggesting that the feature may help predict the outcome.44.

Machine learning models
Five supervised ML models for binary classification were evaluated. These included tree-based models: 
Classification Decision Tree (DT), Random Forest (RF) for ensemble learning, and Extreme Gradient Boosting 
(XGB) for sequential learning; a logit model: Logistic Regression (LR); and margin-based models: Support 
Vector Machines (SVM) with different kernel types. This selection reflects a diverse set of learning paradigms 
suitable for capturing both linear and nonlinear patterns in clinical data. All of these models were fitted using 
the Scikit-Learn package version 1.7.145.

Ensemble learning can also combine heterogeneous models; however, in this study, we focused on tree-based 
approaches, such as RF. The selection of RF over other ensembling techniques is based on its balance of complexity 
and interpretability. Mixed ensembling combines models with different structures, making the overall ensemble 
harder to interpret compared to RF. In addition, training diverse models incurs higher computational costs, 
as each model requires distinct optimization procedures and sets of hyperparameters. Mixing heterogeneous 
models also increases the risk of overfitting in small datasets (fewer than 500 samples), since there is not enough 
data to train multiple models and perform cross-validation reliably46. Additionally, it demands careful tuning, 
whereas RF follows a more standardized tuning process47.

To ensure optimal model performance and fair comparisons between classifiers, grid search hyperparameter 
optimization was performed for each model. This process was embedded within a k−fold cross-validation loop. 
Hyperparameters were chosen based on common best practices and systematically explored to minimize the 
risk of underfitting or overfitting. Table 2 summarizes the ranges of specific hyperparameters explored for each 
algorithm. The first column indicates the model, while the second and third columns present the hyperparameters 
and their respective value ranges. This optimization step was essential, as model performance is influenced not 
only by data quality but also by the appropriate calibration of model complexity. Tuning these hyperparameters 
enhances the robustness, generalizability, and clinical utility of the predictive models48.

It is worth noting that for the models, class imbalance was addressed by applying balanced class weights 
based on the frequency of each category. This feature prevents the model from ignoring the minority class in the 
presence of imbalanced classes. It works by computing a weighted loss (WL), as shown in(1).

	
W L =

n∑
i=1

wyi l(ŷi, yi)� (1)

Where n denotes the sample size, wyi  is the weight for the true class of sample i, and l is the model’s loss, which 
depends on its specific implementation (e.g., log-loss for logistic regression, hinge loss for SVM, scaled POS 
weight for XGB)49.

This approach helps prevent the models from favoring the majority class and improves their ability to 
accurately classify minority class instances49. The decision to use this approach instead of artificial sampling 
methods is primarily due to the limited sample size. In small datasets, synthetic samples may cause overfitting 
by introducing unrealistic patterns that are not present in the actual data. This occurs because artificial sampling 
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techniques, such as SMOTE, assume sufficient density in the feature space for reliable interpolation, a condition 
that may not be met in smaller datasets50.

Furthermore, feature importance analysis was conducted to enhance the interpretability of the ML models, 
particularly those based on tree structures such as DT and RF. This procedure quantifies the relative contribution 
of each input variable to the model’s predictive performance by measuring the reduction attributed to splits on 
that feature across all decision nodes. Features with a higher importance value highlight a greater influence on 
the model’s decision process, providing insights into which variables most strongly drive the prediction of the 
outcome51. The computed importance values were later used for clinical interpretation and to identify key risk 
factors associated with patient outcomes.

Evaluation criteria
The evaluation metrics result from applying the models and obtaining classifications on the evaluation set. 
Accuracy, precision, Area Under the Curve (AUC), Recall, and Specificity are calculated. These metrics are 
calculated by a k−folds cross-validation process to mitigate issues related to overfitting and randomness in the 
results. The average, minimum, and maximum values of the scores were then computed and compared across 
models to assess their performance and reliability.

To compute these metrics, consider a target variable with two outcomes in a binary classification task, 
yi = {T ; N},and a predicted outcome in the form ŷi = {T ; N}. This leads to four possible outcomes due to 
the combination of the actual and predicted values. The combinations are shown in Table 1.

The accuracy is computed as the fraction of the classes correctly predicted out of the total predictions, as 
shown in (2).

Model Hyperparameter Values

DT Criterion of splitting {Gini, Entropy, Log-Loss}

Splitter in the nodes {Best, Random}

Maximum depth From 1 to 30 with steps of 5

Minimum size of samples per leaf From 2 to 30 with steps of 5

Minimum size of samples to split From 1 to 30 with steps of 5

Maximum number of features {Squared root, logarithmic}

Class weights {Standard, Balanced}

LR Penalty {L-1 norm, L-2 norm}

Size of penalization From 0.01 to 100 with steps of 0.05

Class weights {Standard, Balanced}

RF Number of trees From 10 to 200 with steps of 50

Criterion of splitting {Gini, Entropy, Log-Loss}

Maximum depth From 1 to 20 with steps of 5

Minimum size of samples per leaf From 2 to 20 with steps of 5

Minimum size of samples to split From 1 to 20 with steps of 5

Maximum number of features {Squared root, logarithmic}

Class weights {Standard, balanced}

XGB Number of trees From 10 to 200 with steps of 50

Maximum depth From 1 to 20 with steps of 5

Subsample ratio {0.2, 0.5, 0.8, 1.0}

Learning rate From 0.01 to 1 with steps of 0.2

Subsample ratio of columns {0.1, 0.2, 0.5, 1.0}

Class weights {Standard, balanced}

SVM Kernel {Linear, RBF}

Control parameter From 0.01 to 100 with steps of 0.5

Class weights {Standard, Balanced}

Table 2.  Set of hyperparameters and testing values chosen for the cross-validation optimization process on 
each ML model.

 

Positive Negative

Predicted positive True positive (TP) False positive (FP)

Predicted negative False negative (FN) True negative (TN)

Table 1.  Confusion matrix for a binary classification problem.
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Accuracy = T P + T N

T P + F P + F N + T N
� (2)

The precision, also called the positive predicted value, measures the proportion of predicted positive values that 
are actually positive. Its calculation is shown in (3),

	
P recision = T P

T P + F P
� (3)

The recall, also known as the True Positive Rate (TPR), measures the proportion of actual positive instances that 
are correctly identified. Its calculation is shown in (4)

	
Recall = T P

T P + F N
� (4)

The specificity, also known as the true negative rate, measures the ability of a model to classify negative classes. 
It works as a trade-off with the recall metric. Its calculation is shown in (5)

	
Specificity = T N

T N + F P
� (5)

The AUC is calculated from the ROC curve, which plots the TPR on the y-axis and the False Positive Rate (FPR) 
on the x-axis at various classification thresholds. It measures how well the model separates positive classes from 
negative classes at several decision thresholds. A value near 1.0 indicates a perfect classifier, while a model below 
0.5 denotes a model worse than randomness. The TPR and FPR metrics are shown in (6) and (7),

	
T P R = T P

T P + F N
� (6)

	
F P R = F P

F P + T N
� (7)

Later, the AUC can be computed as shown in (8)

	
AUC =

n−1∑
i=1

(F P Ri+1 − F P Ri)
T P Ri+1 + T P Ri

2 � (8)

The accuracy is used as the baseline performance across the models tested, along with the AUC metric. 
Furthermore, a high precision indicates that the results are trustworthy, while recall and specificity indicate the 
rate of false alarms that the model might have triggered, depending on the class being considered.

Post-hoc classification threshold optimization
The classification algorithms can be set to retrieve the probability that a data point belongs to a particular class 
(0 or 1) given a set of features x ∈ Rp, where p̂:

	 p̂(x) = P(y = 1|x)� (9)

The default classification rule assigns a label based on a fixed threshold t = 0.5:

	
ŷ =

{ 1 p̂(x) ≥ t = 0.5
0 otherwise � (10)

Let p̂i be the predicted probability for a model, and let ŷt be the predicted labels for the threshold t. We define 
precision shown in (3) as a performance metric. The goal is to find the threshold that maximizes this metric in 
the validation set, as shown in (11). This adjustment to the threshold yields adjusted performance metrics for 
binary classification.

	
t∗ = arg max

t∈[0,1]
{precision(t)}� (11)

The selection of t∗ relies on a grid-search setting conducted with the trained model. This process considers an 
exhaustive search of the t∗ ∈ [0, 1] embedded within the cross-validation procedure. To prevent data leakage, 
the selection was carried out using an out-of-fold procedure. Once this optimization process is conducted, the 
adjusted precision is defined as shown in (12).

	
Adjusted P recission = T P ∗

T P ∗ + F P ∗ � (12)

Where T P ∗ and F P ∗ denote the correctly predicted positive cases and the incorrectly predicted negative cases 
with the new threshold t∗ as defined in (10), In this way, we can define the adjusted accuracy as shown in (13) 
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in the same manner as (12) to highlight the change in the classification process with this metric as a baseline 
comparison.

	
Adjusted Accuracy = T P ∗ + T N∗

T P ∗ + F P ∗ + F N∗ + T N∗ � (13)

Once the metrics shown in (2), (3), (4), (5), (8), (12), and (13) are calculated per fold, the Kruskal–Wallis test and 
Dunn’s test are conducted to determine whether the differences in performance are statistically significant. These 
tests are appropriate for performing multiple pairwise comparisons while controlling the type I error during 
the process52. For the Dunn test, the null hypothesis for each pairwise comparison is that there is no difference 
between the groups being compared. If the p− value obtained from the pairwise test is small, the differences 
observed are statistically significant53.

The decision to optimize the classification threshold for higher precision is based on operational considerations 
in the resource-constrained environment of hospitals. In such environments, excessive false positive alerts 
can overload nursing staff and potentially reduce adherence to preventive interventions. Prioritizing precision 
increases the probability that a patient is truly at high risk, allowing for a more efficient allocation of preventive 
resources.

Results
This section reports the main findings. It includes descriptive statistics, univariate and multivariate analyzes, 
model performance metrics, and clinical interpretation based on feature importance. Figure 2 displays the 
percentage of missing values per column in the dataset. The weight column has the highest proportion of missing 
values, at about 50%. Age has approximately 5% missing values, while size and risk each have about 2.5% missing 
values. Nutritional management, position assistance, skin treatment, and pre-hospital PI show slightly above 0% 
in terms of missingness. Performing a complete case analysis would eliminate about 55% of the data.

Occurrence of pressure injuries
As defined in the Methods section, any PI identified within the first eight hours after admission was classified as 
pre-hospital and excluded from the outcome. Therefore, all reported results refer exclusively to hospital-acquired 
PIs occurring after this initial assessment window. The total incidence of PIs among hospitalized patients was 
18.8%. This corresponds to about 80 cases with PI development and 360 cases without. Half of the injuries 
occurred in the adult medical-surgical unit (9.86%), followed by the adult surgical unit (3.36%), and the adult 
intermediate care unit (2.24%). Approximately 54.7% of the patients were male. The mean age was 54 years for 
men and 46 years for women.

Univariate analysis of risk factors for pressure injuries
Table 3 presents the results of the univariate analysis for both categorical and numerical variables in relation to 
the development of PIs. The first column lists the variables. The second and third columns display the mean and 
standard deviation for numerical variables, or frequency counts for categorical variables, in patients with and 
without PIs. The fourth column shows the test statistic (t-test for numerical variables, χ2 for categorical ones), 
and the fifth column provides the corresponding p− value. All reported values correspond to the features after 
applying the imputation procedure, which was performed using the KNN method with k = 4 following its 
evaluation.

Significant factors include the hospital ward, dependency risk, usage of an anti-decubitus mattress, 
positional assistance, physical restraints, presence and type of incontinence, injuries due to adhesives, use of 
invasive devices, and the presence of pre-hospital PIs. Among the numerical features, the size (the height of the 
patients, measured in centimeters), the weight (measured in kilograms), and the total risk score were statistically 
significant. This analysis led to the selection of 13 predictive features for subsequent modeling. Details on the 

Fig. 2.  Percentage of missing values per column.
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Variable Group with PI Group without PI Statistic p−value

Age 65.0 ± 19.6 61.6 ± 11.3 1.1567 0.250

Size 148 ± 29.8 136.0 ± 35.6 7.895 0.005∗

Weight 73.5 ± 21.7 59.3 ± 31.5 15.328 ∼ 0.00∗

Total risk 15.3 ± 5.26 12.7 ± 4.30 17.404 ∼ 0.00∗

Hospital ward 47.64 ∼ 0.00∗

Neonatology 0 7

Urgency services 2 34

Adult medical-surgical 44 144

Pediatric medical-surgical 0 13

Adult surgery 15 37

Pediatric surgery 0 21

Neonatal intensive care 5 4

Neonatal intermediate care 0 12

Gynecology/obstetrics 0 8

Pediatric medicine 0 21

Recovery 0 3

Adult intensive care 8 17

Adult intermediate care 10 23

Pediatric intermediate care 0 18

Gender ∼ 0.00 ∼ 1.00
Male 46 198

Female 38 164

Dependency risk 26.9 0.002∗

A1 22 60

A2 2 3

B1 34 75

B2 3 24

B3 0 5

C1 13 77

C2 8 62

C3 2 30

D1 0 2

D2 0 2

D3 1 0

Anti-decubitus mattress 23.78 ∼ 0.00∗

No 27 225

Yes 57 137

Position assistance 7.35 0.007∗

No 20 152

Yes 64 210

Skin treatment 0.24 0.623

No 32 159

Yes 52 203

Nutritional management 0.086 0.769

No 54 236

Yes 30 126

Neuromuscular blockers 1.506 0.219

No 84 351

Yes 0 11

Trans-skeletal traction 1.938 0.164

No 81 330

Yes 3 32

Physical restraints 54.89 ∼ 0.00∗

No 52 336

Yes 26 32

Continued
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distribution of numerical features before and after data imputation are provided in Supplementary Material 1, 
Fig. A1, and Table A1.

Independent risk factor analysis of pressure injury
The significant features identified in the univariate analysis were encoded for model input. A process of one-hot 
encoding was applied to convert categorical features into dummy variables, with one category removed from 
each feature to prevent collinearity among categorical variables54. For numerical features, a standard out-of-fold 
scaling procedure was applied to address differences in variable scales55. This process was embedded within an 
out-of-fold setting to avoid data leakage from the training dataset to the testing dataset. Let xj  represent the 
numerical features that explain PI. The scaling procedure was conducted as shown in (14).

	
xj

scaled = xj − µj

σj
� (14)

This transformation ensured a zero mean and unit variance, which is critical for algorithms such as SVM and 
LR, as they are sensitive to feature magnitude. This is mainly due to their use of distance measures and coefficient 
penalties, respectively55.

Model performance
The model performance metrics are summarized in Table 4, which presents the adjusted performance metrics 
as defined in (11), along with the traditional metrics. The DT model had the lowest AUC (76.9%) and precision 
(40.9%), but the adjusted precision improved (71.6%), reflecting the results of the calibration step. The accuracy 
(74.9%) and adjusted accuracy (81.8%) were moderate, while recall and specificity were balanced (∼ 74%). The 
LR model shows better overall discrimination, as its AUC (81.7%) is better. The precision (44.3%) is low but 
better than that of the DT model. The recall and specificity are balanced (∼ 75%). The RF model had the highest 
AUC (82.4%) denoting the best discrimination ability among the models tested. Furthermore, it shows higher 
precision (66.3%) and adjusted precision (93.3%) compared to the DT and LR models. The recall (62.5%) is 
lower, but the specificity (86.9%) is the highest, indicating a strong ability to identify negatives. The SVM had 
a similar AUC (80.8%) to LR, along with low precision (42.5%) and adjusted precision (80.9%). Its accuracy 
(76.0%) and adjusted accuracy (82.7%) are moderate, while it is balanced in terms of recall and specificity (∼ 
75.0%). The XGB model had a similar AUC (81.9%) to the RF model, with high precision (62.3%) and adjusted 
precision (90.8%). It had the best accuracy (83.2%) and adjusted accuracy (83.2%), along with the lowest recall 

Variable Group with PI Group without PI Statistic p−value

Incontinence 13.79 ∼ 0.00∗

No 37 241

Yes 47 121

Incontinence type 32.77 ∼ 0.00∗

Fecal 9 4

Urinary 8 14

Mixed 30 103

No incontinence 37 241

Adhesive injuries 9.019 0.003∗

No 72 345

Yes 12 17

Non-invasive devices 4.257 0.039

No 44 236

Yes 40 126

Invasive devices 10.64 0.001∗

No 14 126

Yes 70 236

Recent surgery 0.233 0.629

No 63 282

Yes 21 80

Pre-hospital PI 14.61 ∼ 0.00∗

No 70 350

Yes 14 12

Table 3.  Univariate analysis of numerical and categorical factors used for the analysis. Asterisks (∗) denote 
statistical significance at the 1% level. Numerical variables were compared using two-sample t-tests with 
unequal variances, and categorical variables were compared using chi-square tests.
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(40.6%) and the highest specificity (93.1%), denoting a conservative model with the ability to correctly identify 
the negative class.

It is worth noting that for all models, the adjusted threshold values are 0.2 ± 0.1, highlighting the importance 
of optimizing this parameter to improve precision control and to manage class imbalance more effectively 
compared to relying on default classification thresholds. Details on the adjusted thresholds can be found in 
Supplementary material 2, Fig. A1. Furthermore, while this precision-oriented threshold optimization reduces 
false-positive alerts, it necessarily entails a trade-off with sensitivity, potentially leaving some high-risk patients 
unflagged. This consideration is further discussed in the context of clinical implementation.

The selected hyperparameters for each model are presented in Supplementary Material 2, Table A2, showing 
the different paradigms and structures addressed to handle the classification task. Additionally, a robustness 
check was conducted by fitting the models without the weight feature. It is worth noting that model performance 
remained stable after excluding the weight variable, indicating that predictive discrimination was not driven 
solely by this feature, despite its high missingness. Details of the model performance without this feature are 
provided in y Material 2, Table A1.

The Kruskal–Wallis test was performed to compare models across multiple performance metrics. Precision, 
accuracy, recall, and specificity all showed statistically significant differences among the models (p−value 
< 0.05), indicating that model choice had a meaningful impact on performance. Since precision, recall, and 
specificity differ significantly, the models vary in their trade-offs between false positives and false negatives, 
which carry important clinical implications. In contrast, the lack of significance in AUC suggests that, while 
overall discrimination is similar across thresholds, the operational performance differs between models.

Pairwise comparisons using Dunn’s test revealed that RF significantly outperformed DT, SVM, and LR in 
terms of accuracy, precision, recall, and specificity at the 95% confidence level. Furthermore, RF significantly 
outperformed the XGB model in recall (p−value: 0.057). This suggests that the RF model better identifies true 
positive cases, which is particularly important in clinical settings where missing positive cases can be costly.

Due to the consistently higher discrimination and precision metrics shown by the RF model, its advantages 
in predictive performance outweigh the variability, supporting its selection as a leading candidate for prospective 
validation and eventual deployment.

Figure 3 displays the ROC curves obtained through the cross-validation process for the RF model. The 
model showed consistently strong discrimination ability across folds. The ROC curves rise steeply on the left, 
showing high true positive rates with low false positive rates. Overall, the curves remain well above the diagonal 
line, confirming that the model performs better than random guessing. This demonstrates a solid ability to 
distinguish between the positive and negative classes. The differences in the AUC across folds are expected and 
consistent, with all values above 0.8 and only small variations.

Fig. 3.  Receiver operating characteristic curves for the Random Forest model in each fold in the validation set. 
Each curve represents one fold from the cross-validation procedure.

 

Model AUC (%) Precision (%) Adj. precision (%) Accuracy (%) Adj. accuracy (%) Recall (%) Specificity (%)

DT 76.9 ± 2.71 40.9 ± 6.51 71.6 ± 27.0 74.9 ± 3.91 81.8 ± 3.88 72.8 ± 3.94 75.4 ± 4.51
LR 81.7 ± 4.71 44.3 ± 5.81 79.3 ± 21.2 77.1 ± 4.45 82.9 ± 2.94 73.8 ± 10.8 77.8 ± 7.08
RF 82.4 ± 3.76 66.3 ± 12.8 93.3 ± 14.9 82.5 ± 3.74 82.9 ± 4.38 62.5 ± 7.18 86.9 ± 5.64
SVM 80.8 ± 2.64 42.5 ± 6.28 80.9 ± 17.5 76.0 ± 4.27 82.7 ± 3.94 75.5 ± 13.8 75.9 ± 7.03
XGB 81.9 ± 3.36 62.3 ± 16.9 90.8 ± 20.6 83.2 ± 4.18 83.2 ± 4.12 40.6 ± 3.81 93.1 ± 4.62

Table 4.  Model performance on the classification task with standard and adjusted metrics.
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Feature importance and clinical interpretation
To enhance interpretability, we assessed the relative importance of input features in the RF and DT models, 
as their calculation is straightforward. As shown in Fig. 4, the DT model assigns the greatest importance to 
patient weight, followed by the total risk score and physical restraints. The RF model prioritized the total risk 
score, patient weight, and patient size. In both models, the absence of invasive devices, the use of anti-decubitus 
mattresses, the presence of pre-hospital PI, and the absence of incontinence had similar impacts on classification 
performance.

Other relevant features that have a strong impact on the RF model include position assistance, dependency 
risk, and fecal incontinence. These findings are consistent with established clinical risk factors. They highlight 
the potential of this analysis to support early decision-making processes and early-stage assessments. In practice, 
identifying high-importance features enables clinical staff to prioritize interventions during initial patient 
evaluations.

Figure 5 shows the distribution of predicted risk across four incontinence types. Patients with fecal 
incontinence exhibit the highest median risk and the widest range, indicating both a higher central tendency 
toward higher risk and variability within this group. Mixed incontinence shows a lower median risk but includes 
several high-risk outliers, suggesting that while most individuals in this category have a relatively low predicted 
risk, a subset faces substantially elevated values. Urinary incontinence and no incontinence groups display 
similar median risks, both slightly below the overall average; however, the no incontinence group shows a wider 
spread toward higher values. This indicates the influence of additional risk factors beyond incontinence type. 
Overall, Fig. 5 suggests that incontinence type is associated with distinct patterns of predicted risk, with fecal 
incontinence standing out as the most strongly linked to higher risk levels.

Figure 6 shows the distribution of predicted risk across various hospital wards. Most wards have median risk 
values clustered around or below the average; however, notable differences are observed. The Adult Medical-
Surgical and Recovery wards show greater variability, with outliers indicating subsets of patients at significantly 
elevated risk of PI development. Neonatal Intensive Care and Adult Intensive Care units also display wide 
risk distributions, suggesting heterogeneous patient profiles with varying severity levels. In contrast, Pediatric 
Surgery and Pediatric Medical-Surgical wards show lower median risks and tighter ranges of variability, pointing 
to more consistent and lower risk profiles.

Fig. 5.  Distribution of pressure injury risk across different incontinence types fitted by RF model during 
testing stage. The red dashed line indicates the overall average risk level for all patients.

 

Fig. 4.  Feature importance comparison between DT and RF models for pressure injury prediction highlighting 
fifteen key variables and categories used in the modeling stage.
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Overall, these findings highlight that patient risk is not uniformly distributed across wards. Critical care and 
high-complexity units tend to show greater variability and a higher prevalence of extreme-risk cases, requiring 
special attention.

Discussion
This study evaluated the performance of five ML models for the early prediction of PI across multiple hospital 
wards. Among them, the RF model achieved the highest AUC and accuracy. This demonstrates superior 
reliability across cross-validation folds. Although LR reached a similar AUC, its higher variability between folds 
reduced its robustness. Notably, only tree-based models reached a precision of 100% by at least one fold.

The selected features for modeling align with the risk factors extensively reported in the literature. For example, 
several studies have analyzed the effectiveness of anti-decubitus mattresses in preventing the development of 
PI56. Regarding physical restraint, several studies have shown its association with a higher probability of PI 
development in hospital wards. This is largely explained by reduced physical activity while standing in the 
wards57,58. Incontinence is another common factor associated with PI and skin complications. Reviews and 
meta-analysis have shown that patients with mixed incontinence (urine and feces) present a higher prevalence 
of PI than other patients. This is mainly due to the development of dermatitis and other skin problems58–60. 
Similarly, injuries caused by medical adhesives, particularly in neonates, can result in substantial skin damage61. 
The use of invasive devices also contributes to PI risk due to localized tissue stress and ischemia62.

Compared to previous studies, this work presents four main advantages: (1) the use of basic nursing records 
collected within the first eight hours of hospitalization, allowing early prediction and proactive decision-making 
based on risk metrics before laboratory tests or major interventions are performed; (2) the development of 
a compact model composed of only 13 statistically selected features, supporting interpretability and clinical 
integration; (3) the ability to generate actionable and timely predictions aligned with hospital protocols; and (4) 
similar results in terms of classification performance compared to applications in the literature.

Previous ML-based PI prediction models often depend on a larger number of features, including laboratory 
results, detailed clinical histories, or longitudinal monitoring, which limits their feasibility during the early 
hours of admission28,29,37. For instance, studies that integrate laboratory tests and other clinical procedures have 
reported precisions around 80%, AUC values close to 90%, and accuracies near 80%63–65. While these results are 
strong, they rely on information that is not routinely available at admission. In contrast, our study shows that 
similar predictive performance can be achieved with nursing-based features collected at admission. This makes 
the model more practical for early prognosis.

These results highlight the strength of parsimonious models that focus on early, statistically validated 
features. By avoiding dependence on laboratory or longitudinal data, the model becomes suitable for real-time 
implementation in hospitals. It can also be applied in other high-turnover care environments. Importantly, the 
proposed model is intended to support, rather than replace, clinical judgment, serving as a decision-support aid 
to complement professional nursing assessment.

Clinical implications and applicability
The proposed approach offers a practical solution for predicting PI risk within the first eight hours after admission, 
based on routine nursing observations. Its simplicity and reliance on readily available clinical information 
facilitate seamless integration into existing workflows across diverse hospital wards. With demonstrated 
performance using 13 clinical variables, the model could be embedded within EHR systems or nurse-led triage 
systems to produce real-time risk alerts, along with decision-support dashboards that simplify integration for 
non-technical users.

For a triage use case, the system can assign PI risk scores in real-time settings, triggering high-risk patients 
to staff for immediate preventive measures or closer monitoring. These alerts would allow healthcare teams to 
prioritize preventive interventions for patients identified as high risk during their first hospital hours66. This, in 
turn, enables timely preventive strategies and more frequent skin assessments.

Fig. 6.  Distribution of pressure injury risk across hospital wards fitted by RF model during testing stage. The 
red dashed line marks the overall average risk level for all wards and patients.
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It is worth noting the barriers to implementation in settings with limited digital infrastructure. EHR systems 
without built-in analytic modules or with limited server capacity for running ML models in real time may 
restrict the applicability of the methodology. Other operational barriers include the need for adequate staff 
training to interpret results and the risk of alert fatigue if triggers are too frequent or non-specific67.

Furthermore, the model addresses a key limitation of traditional risk stratification tools: subjectivity. By 
automating predictions and standardizing risk evaluation, it reduces inter-rater variability and enhances 
consistency in clinical decision-making.

Implementation pathways will vary depending on the infrastructure. In digitally mature health centers, real-
time integration is feasible; whereas, in low-resource settings, simplified offline scoring tools or batch processing 
may be more practical. Successful deployment will require clear alert routing, actionable response protocols, 
strategies to minimize alert fatigue, and continuous updating of the model parameters to prevent data drift and 
maintain performance over time68.

By prioritizing precision over specificity or recall, our approach aims to minimize unnecessary preventive 
interventions in patients unlikely to develop PI, thereby preserving nursing resources and reducing alert fatigue. 
This trade-off is particularly relevant in high-demand hospital wards, where staff-to-patient ratios are often low, 
and preventive measures, such as frequent repositioning or the use of special mattresses, are resource-intensive. 
While this choice may result in some high-risk patients not being flagged, the operational benefits and higher 
confidence in alerts may enhance clinical adoption and support the long-term sustainability of the tool.

In clinical deployment, small variations in performance across patient subgroups are acceptable when the 
overall predictive ability remains consistently strong. Among all tested algorithms, RF achieved the highest 
discrimination and precision, making it the most effective at correctly identifying patients at high risk for 
developing a PI. Although its variability across folds was slightly higher than that of other models, this trade-off 
is outweighed by its superior operational performance and clinical utility.

Limitations
Although the proposed model demonstrates promising performance, several limitations should be acknowledged. 
First, while we included a comprehensive basic set of nursing records, it is possible that additional variables could 
further improve discrimination and predictive performance. For example, basic EHRs data, such as allergies, 
medications, cognitive status, or medical history, could enhance predictive accuracy without compromising the 
principle of relying on information available within the first eight hours after admission.

Second, the study relied on a convenience sampling procedure, which presents inherent limitations and 
resulted in a relatively small sample size. Although the results were evaluated in a cross-validation setting, the 
limited sample size constrains the generalizability of the findings to other centers with different care typologies, 
infrastructures, or patient populations. Furthermore, the utilization of convenience sampling may have 
introduced bias and limited the generalizability of the model to broader or more diverse clinical populations, as 
some groups of patients might be overrepresented or underrepresented.

While the models demonstrated promising performance within the current sample, external validation using 
independent datasets from different clinical settings is essential to assess their robustness and applicability across 
broader populations. This is highlighted not only by the convenience sampling procedure but also by the fact that 
the data were collected from a high-complexity hospital network, which may limit the model’s generalizability to 
other settings. External validation in different institutions and healthcare systems remains necessary to confirm 
its broader applicability.

The inclusion of neonatal and pediatric populations should be acknowledged as a limitation. Although these 
groups were part of the dataset, they presented no cases of PI, which may artificially increase overall model 
accuracy without improving clinical relevance. In practice, newborns and children are at very low risk of PI and 
are typically not considered for preventive interventions.

Finally, while the model performs well in prediction, its real-world impact on patient outcomes remains to be 
tested. Future research should assess its integration into practice and its effectiveness in reducing the incidence 
of PIs in real world settings through prospective validation trials. In addition, improved sampling procedures, 
such as increasing the sample size and including randomized methods, are needed to enhance statistical power, 
strengthen generalizability, and reduce selection bias. Furthermore, this improvement enables the application 
of ward-specific models, which may enhance the ability to capture specific features and heterogeneity across 
different ward typologies. A characteristic that is limited due to the sampling procedure conducted to retrieve 
the data in the current study.

Conclusions
This study demonstrates the feasibility of developing high-performing, interpretable ML models for the early 
prediction of PI using only routine nursing records collected within the first eight hours of hospital admission. 
Unlike most previous research, which relies on extensive and often delayed clinical information, such as 
laboratory tests or longitudinal monitoring, our approach achieves competitive predictive performance with a 
streamlined set of 13 statistically selected features.

Data were collected from patients admitted to a hospital in Santiago, Chile, and included 13 features 
selected through univariate statistical analysis. Among the models evaluated, the RF model achieved the highest 
performance, with an AUC of 82.4%, a precision of 93.3%, and an accuracy of 82.9%.

These results support the feasibility of implementing efficient, interpretable, and parsimonious predictive 
tools in routine clinical practice. Such models may assist healthcare professionals in the timely identification 
and stratification of at-risk patients in various hospital wards, ultimately contributing to improved prevention 
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strategies and patient outcomes. Nevertheless, this work should be regarded as an exploratory step toward future 
clinical deployment, requiring further external validation before being considered a definitive solution.

Data availability
The data sets used during the current study are available from the corresponding author on reasonable request.
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