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Abstract: Pressure ulcers carry a significant risk in clinical practice and require effective preventive measures. 
This paper proposes a practical and interpretable approach to estimate the risk levels of pressure ulcers using 
decision tree models. In order to address the common problem of imbalanced learning in nursing classification 
datasets, various oversampling configurations are analyzed to improve data quality prior to modeling. The 
decision trees built are based on three easily identifiable and clinically relevant pressure ulcer risk indicators: 
mobility, activity and skin moisture. Their analysis allows nursing professionals to predict the risk levels of 
pressure ulcer and make informed decisions about patient care. Additionally, this research introduces a novel 
tabular visualization method to enhance the usability of the decision trees in clinical practice. The approach 
proposed aims to support nursing professionals in making timely decisions regarding the appropriate 
preventive interventions according to the risk levels of pressure ulcers, thus improving patient outcomes and 
healthcare costs. The usefulness and effectiveness of the models presented make them a valuable resource for 
nursing care in the prevention of pressure ulcers. 

Keywords: pressure ulcers; risk level; decision trees; nursing care; preventive measures 

 

1. Introduction 

Pressure ulcers (PUs) [1] are injuries to the skin and underlying tissues, mainly caused by 
prolonged pressure. These are common on the skin covering bony prominences of the body, such as 
elbows, hips or tailbone. PUs can cause swelling, warmth and pain in the affected area, among other 
symptoms [2]. They tend to heal slowly and, if left untreated, they can progressively damage deep 
tissues (including muscles and bones), making them a significant health problem. The impact of PUs 
extends beyond patients, affecting their families and overloading the resources of healthcare and 
socio-health systems [3,4]. Because of this, PUs are considered adverse outcomes in clinical practice 
and need to be avoided.  

The prevention of PUs should be, therefore, a priority for nurses, healthcare professionals and 
organizations around the world [5]. Nevertheless, the economic cost in healthcare systems of PUs 
prevention measures for patients at risk is usually lower than the cost of other treatments [3,6]. 
Despite the scientific evidence that has been generated over the years to improve prevention and 
treatment strategies, patients with PUs or those at risk of developing them do not always receive the 
most effective interventions. Decision-making in this field depends on the actions of professionals, 
their knowledge, attitudes, skills and other external conditions [7,8] This variability in nursing 
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practice, influenced by individual choices, highlights the importance of effective and efficient 
interventions in PU prevention.8 In this context, a better understanding of the risk level associated 
with PUs enable healthcare professionals to make informed decisions and avoid counterproductive 
practices. 

Thus, knowing the risk level of PUs is crucial for nursing praxis as it enables various applications 
for prevention and treatment. One of the main preventive measures against the development of PUs 
is the usage of special pressure management surfaces [9,10], such as beds, mattresses and cushions. 
The selection of the appropriate support surfaces based on the risk level is essential for the prevention 
of PUs, since it allows a distribution of pressure adapted to the needs of each patient [11]. For 
example, the Spanish national group GNEAUPP,12 which is devoted to the study and advice on PUs 
and chronic wounds, proposes assigning support surfaces to patients based on four levels of PU risk: 
no risk, mild risk, moderate risk and high risk. Consequently, patients without risk of PUs may 
benefit from static mattresses, while high-risk patients may require additional resources such as 
replacement mattresses, flotation systems or fluidized beds [12]. On the other hand, it is also 
important to prioritize the allocation of resources based on risk levels in healthcare facilities facing 
limitations. The identification of high-risk patients makes it possible to allocate resources, such as 
support surfaces, in order to optimize their usage and guarantee an efficient care. Risk levels can also 
be used to implement other personalized preventive strategies, such as promoting regular 
repositioning or encouraging the appropriate nutrition and hydration [13]. Additionally, monitoring 
high-risk patients allows for early detection of PUs through periodic examinations, enabling prompt 
interventions to prevent progression. Despite the above, determining the risk level of PUs is often a 
complex task. In this scenario, prediction models can be a useful alternative to estimate the risk level 
and make informed decisions for patients. 

The main aim of this paper is to propose interpretable prediction models that assist nursing 
professionals to estimate the risk level of PUs in each patient. This, in turn, will facilitate effective 
interventions, including the selection of support surfaces and other relevant applications. For this 
purpose, data from 16,215 patients in Granada (Spain) have been collected, focusing mainly on 
indicators that are quickly identifiable in practice by nursing professionals, such as mobility, activity 
and skin humidity [4] The data treated present a common problem in nursing classification datasets, 
such as the presence of class imbalance [14]. In order address this issue, the dataset is preprocessed 
and various oversampling configurations are studied to determine the best one allowing to improve 
data quality before modeling [15]. From the preprocessed data, a classification model based on 
decision trees has been created using the well-known Classification and Regression Trees (CART) 
[16] algorithm with the aim of predicting the risk level of developing PUs in each patient. 
Furthermore, to improve the interpretability of the model and its practical usage, this research 
proposes a tabular visualization format for the classifier. The models built are evaluated in terms of 
their classification performance using a stratified cross-validation scheme [17]. 

The remainder of this paper is organized as follows. First, the dataset and the methods used for 
the construction of the classification models are described. Then, the visual resources for estimating 
the risk level of PUs, which can be applied to the selection of support surfaces and other relevant 
interventions, are presented. Finally, the results obtained are discussed and the conclusions of this 
work are summarized, highlighting its main findings. 

2. Data Collection and Methods 

This section describes how the data collection process used in this paper was carried out, as well 
as the methods used to build the classification models. Thus, the data gathering procedure and the 
characteristics of the final dataset are presented initially, followed by a description of the algorithms 
involved in building the classifiers. 

2.1. Dataset description 

The study associated with this research has been carried out in accordance with the 1975 
Declaration of Helsinki [18] and is approved by the Clinical Research Ethics Committee at the 
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Andalusian Public Health System (AP-0086-2016), located in Spain. For data collection, a chronic 
wound registration system (SIRUPP), which is integrated into the Diraya health history application 
from the Andalusian Public Health System, is used. Data from 16,215 patients, who belong to the 
Granada-Metropolitan Primary Healthcare District in Granada (Spain), are collected. Their mean age 
is 84.13 years, with 30.2% of the patients being men and 69.8% women. Three indicators were 
analyzed for each of the patients under study: the degree of mobility, the degree of activity and the 
degree of moisture in the skin. These characteristics were specially chosen because they are easily 
and quickly identifiable by the nursing professional and have shown to provide competitive results 
in previous works focused on predicting the presence/absence of pressure ulcer risk.4 Note that this 
paper represents a significant advancement over these previous works as it focuses on determining 
the precise risk level of PUs, a task that is more complex and has numerous practical applications, as 
discussed earlier. 

After this, following the recommendations of risk levels of PUs provided by GNEAUPP,12 the 
risk level for each patient was determined using the Braden scale [19]: patients with a score of 19 or 
more are labeled as no risk, patients with a score between 15 and 18 as mild risk, patients with a score 
between 13 and 14 as moderate risk and, finally, patients with a score of 12 or less are labeled as high 
risk. A descriptive analysis of the input indicators (skin moisture, activity and mobility) and the 
output class (pressure ulcer risk) is shown in Table 1. 

Table 1. Description of the dataset on patients at risk of pressure ulcers, along with the number/ratio 
of observations at each modality of each indicator. 

Indicator Modality 

Pressure ulcer risk No risk Mild risk Moderate risk High risk 

observations 4371 7054 2670 2120 

ratio 26.96% 43.50% 16.47% 13.07% 

Skin moisture Rarely moist Occasionally moist Often moist Constantly wet 

observations 6371 6147 2762 935 

ratio 39.29% 37.91% 17.03% 5.77% 

Activity Walks frequently Walks occasionally Chairfast Bedfast 

observations 3158 7142 4249 1666 

ratio 19.48% 44.05% 26.20% 10.27% 

Mobility No limitations Slightly limited Very limited Completely immobile 

observations 1357 6458 7191 1209 

ratio 8.37% 39.83% 44.35% 7.46% 

The results in Table 1 show that most of the patients in the study have a mild risk of suffering 
from PUs (43.50%), whereas the highest risks occur in 29.54% of them. Skin moisture seems to be a 
recurring theme, since 60.71% of patients present it, at least, occasionally. The activity of the patients 
is also characterized mainly by walking occasionally (44.05% of observations), although cases in 
which most of the time they are saddled (26.20%) or bedridden (10.27%) are also frequent. Finally, 
the patient’s mobility is usually very limited (44.35%), which may be another influential factor in the 
appearance of PUs. 

2.2. Methodology for building the decision tree models 

In order to create the decision tree models that allow estimating the risk level of suffering from 
PUs based on the indicators of skin moisture, activity and mobility, a methodology consisting of two 
main stages is designed: 
1. Data preprocessing. Before building the final model to predict the risk level of PUs, the dataset 

is preprocessed to improve the quality of the information used by the classification algorithms 
in the subsequent phase. This stage primarily focuses on mitigating the issue of class imbalance 
[20] in the original dataset, as the distribution of classes is significantly uneven. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 January 2024                   doi:10.20944/preprints202401.0936.v1

https://doi.org/10.20944/preprints202401.0936.v1


 4 

 

2. Model building. After preprocessing the data, we proceed to create the classification model, 
which enables the estimation of the risk level for each patient in developing PUs. The model is 
built using a decision tree generator algorithm [16,21], whose output is easily interpretable and 
applicable in a multitude of contexts. 
Data preprocessing: As shown in Table 1, the dataset obtained is characterized by being 

imbalanced [14]. This fact indicates that the data present an unequal distribution among classes [15], 
implying that the percentage of observations at each PUs risk level is quite uneven. For example, the 
class high risk represents 13.07% of the observations, whereas the class mild risk represents 43.50%. 
In classification datasets, this problem may involve that the models that are built from the data are 
more prone to predict the majority classes, while reducing the importance of minority ones. In order 
to avoid the negative effect of imbalanced data in the construction of classifiers, it is common to apply 
preprocessing techniques known as resampling methods [15,20]. These aim to balance the number of 
observations between the different classes. Thus, once the data are preprocessed, classifier 
construction algorithms can be applied more reliably. 

In order to balance the number of observations in the minority classes, the random oversampling 
[20] technique is used. It is a simple but efficient resampling method that is commonly used with 
imbalanced classification data with categorical attributes. This mainly consists of choosing a minority 
class and replicating samples of such class to increase its size. For example, in order to balance the 
class high risk, random observations from this class are iteratively selected and replicated until the 
same number of observations from the majority class (mild risk) is reached. 

An important aspect to consider when dealing with imbalanced classification problems is the 
number of classes in the dataset. In binary problems, it is often sufficient to oversample the minority 
class to match the size of the majority class, which provides good results in most cases [22]. However, 
in the case of multi-class problems, previous works have shown that it is interesting to analyze the 
classes and samples to oversample [15]. Therefore, this research studies different oversampling 
configurations by preprocessing different combinations of classes, aiming to select the configuration 
that achieves the greatest improvement in data quality for building the decision trees. Each 
configuration involves preprocessing some of the minority classes in the dataset, that is, the classes 
high risk (13.07%), moderate risk (16.47%) and no risk (26.96%), until they reach the size of the 
majority class (mild risk). This procedure will allow minority but relevant classes to be more 
representative within the dataset for building the classification model later. 

Model building: After balancing the data, a decision tree building algorithm [21,23] is used to 
create the classification model. There exist a multitude of classification approaches based on the 
creation of decision trees, such as Random Forest (RF) [24], XGBoost [25] or bagging methods [26]. 
Among them, this research uses the CART 16,21 algorithm, which can be considered the basis of 
many other decision tree techniques, due to two main reasons: (i) it is widely used in other medical 
research works employing data science techniques [27–29]; and (ii) it is easily interpretable, unlike 
other ensemble-based models like the aforementioned RF or XGBoost [24,25]. 

The classifier created by CART is represented as a binary tree. Each node in the tree involves a 
single input attribute (that is, skin moisture, activity or mobility in our case) and its branches show 
the values this variable can take (that is, its different modalities shown in Table 1). Leaf nodes contain 
the output class that will be used to perform PUs risk level prediction. In order to create this binary 
tree, CART divides the attribute space into different regions allowing the observations to be 
categorized into different classes. These regions are defined using a greedy scheme based on a binary 
recursive partitioning, which searches all the attributes for the value that most reduces the impurity 
in the nodes (the level of mixing in the class labels of the observations in each of them) [16]. For this, 
different metrics can be used, such as the deviation function or the Gini index [16], considered in this 
research. 

As a result of the recursive partitioning, CART repeatedly divides the dataset according to 
impurity reduction until a stopping criterion is satisfied. Among the most usual stopping criteria is 
considering the minimum number of observations of a node to be partitioned. If the amount of data 
in a node is not enough, the split can be stopped. Another common procedure is applying a pruning 
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procedure to the tree that allows removing some of the nodes, making the final model more 
interpretable and reducing its overfitting to the training data. In this context, it is usual to use a 
complexity parameter that penalizes the tree for having too many splits. This research considers 20 
observations per node in the stopping criterion and a complexity parameter 0.01. 

The classification performance of the decision tree model is estimated using two metrics: 
accuracy and geometric mean. Accuracy is a commonly used measure in standard classification tasks, 
whereas the geometric mean is particularly suitable for imbalanced classification problems. The use 
of both metrics provides a comprehensive evaluation of the performance of the model across different 
aspects. In order to ensure robustness, the evaluation is conducted by averaging the test results of 10 
runs of a 10-fold cross-validation (10-fcv) [17]. 

3. Interpretable Models for Pressure Ulcer Risk Level Prediction 

This section presents the classification models built from the data. First, the different 
oversampling configurations are studied, as well as their impact on the classification performance in 
order to select the best preprocessing approach. Then, the decision tree generated by CART is 
analyzed. Finally, a new way of visualizing the information of the classification model in the form of 
table is proposed, aiming to provide a more straightforward and interpretable representation for 
healthcare professionals. 

3.1. Analysis of oversampling configurations 

This section presents the results obtained from different oversampling configurations and their 
impact on the classification performance. Table 2 provides the oversampling configurations for each 
risk level and the corresponding values of accuracy (ACC) and geometric mean (GM) for the decision 
trees using 10 runs of a 10-fcv. The Oversampling rows indicate whether each class (no risk, mild 
risk, moderate risk and high risk) are oversampled or not. 

Table 2. Classification performance of decision trees with eight oversampling configurations. In 
each configuration,  indicates that the corresponding class is oversampled, whereas  indicates 

that the class is not preprocessed. 

Oversampling 

No risk         

Mild risk         

Moderate 

risk 
        

High risk         

Metric 
ACC 0.7215 0.7006 0.7186 0.7255 0.7375 0.7000 0.7186 0.7378 

GM 0.6402 0.0000 0.6801 0.6475 0.7333 0.0000 0.6820 0.7356 

The analysis of the results in Table 2 shows that most of the oversampling configurations achieve 
relatively high accuracy scores, ranging from 0.7000 to 0.7378. This finding indicates that the decision 
trees built from oversampled data provide promising results in predicting the risk levels of PUs. 
However, some oversampling configurations, such as those considering high risk with oversampling 
and moderate risk without oversampling, obtain a geometric mean of 0. This fact suggests that these 
configurations encounter difficulties in effectively addressing the imbalanced nature of the dataset. 
On the other hand, the preprocessing configurations including the oversampling of the minority 
classes (both moderate risk and high risk) achieve the highest geometric mean scores (0.7333 and 
0.7356), which indicates that simultaneously oversampling the two highest risk levels of PUs has a 
positive impact on the classification performance. 

Thus, the analysis of the oversampling configurations highlights the importance of addressing 
the class imbalance problem in the dataset. The classification models achieve a better performance 
when the minority classes are oversampled, as indicated by the higher accuracies and geometric 
means. Since the preprocessing that improves the classification performance the most is the one that 
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oversamples all minority classes, we will choose this configuration to be used in the following 
sections when building the decision trees. 

3.2. Decision tree for pressure ulcer risk level estimation 

The decision tree built with CART distinguishing among the different risk levels of PUs is shown 
in Figure 1. As shown in Table 2, its classification accuracy is 0.7378 and its geometric mean is 0.7356. 
These scores, considering the complexity of the problem addressed, the ease of evaluation in practice 
of the indicators used and the interpretability of the resulting model, demonstrate a competitive 
performance. The elements that are part of this model are described below: 
1. Each node in the tree represents a characteristic of the patient (mobility, activity or skin 
moisture), whereas the leaves of the tree (at the bottom level) represent the different risk levels 
of PUs (no risk, mild risk, moderate risk or high risk). 
2. The branches of the tree that depart from each node A represent values that the 
characteristic A of the patient can take. 
3. In the leaf nodes, a label with the risk level of PUs is found in the first row. A different 
color has been associated with each of them: blue for no risk, yellow for mild risk, orange for 
moderate risk and red for high risk. 
4. The second row of each leaf shows 4 numbers in the interval [0, 1]. These can be viewed as 
the confidence of the model by classifying the observations at that leaf into the different classes, 
in order of high risk, moderate risk, mild risk and no risk. 
5. The third row of each leaf represents the percentage of the total observations classified in 
such leaf, which can be seen as the frequency of occurrence of the corresponding patient profile 
in practice. 

 

Figure 1. Decision tree for pressure ulcer risk level estimation. 

Note that the consultation of the confidences and the percentage of observations in each leaf 
node by the healthcare professional can provide important additional information when making the 
final decision in each case. For example, the sixth leaf node (starting from the left) with a mild risk 
has a frequency of occurrence of 7%, which can be considered as an indicator of dealing with a 
relatively common patient profile in practice. On the other hand, it can be observed that, although 
the patient profile corresponding to this leaf probably has a mild risk of suffering from PUs 
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(confidence 0.6), it must be taken into account that a moderate risk is also highly possible (confidence 
0.38). These results can indicate to the professional that, although the risk is probably mild risk and 
preventive measures (such as support surfaces) could be adapted to this risk level, special attention 
should be paid in case that additional measures corresponding to the level of moderate risk are 
required. 

In order to use the tree, the nursing professional starts from the root node (in the top of the tree) 
and descends through its branches until reaching a particular leaf. Going through each node we have 
a characteristic, and through each of its branches the values that it must meet. Finally, leaf nodes 
indicate the class corresponding to the patients with such profile. Thus, observing the classification 
model, the characteristics of the following PUs risk profiles can be distinguished: 
1. Characteristics of patients without risk of pressure ulcer. According to the decision tree, these 
patients are characterized by a mobility with no limitations or slightly limited. Also, either their skin 
is rarely moist or they walk frequently. 
2. Characteristics of patients with mild risk of pressure ulcer. If the conditions of skin moisture 
and activity of the previous point are not met, patients have a mild risk of suffering from pressure 
ulcers. On the other hand, when mobility is quite limited (very limited or completely immobile), but 
patients are not bedridden and their skin is rarely moist, they are also at mild risk. This risk is also 
present if they are not saddled or bedridden and their skin is occasionally wet. 
3. Characteristics of patients with moderate risk of pressure ulcer. If patients’ mobility is very 
limited and their skin is often moist (but they are not bedridden), they are at moderate risk for 
pressure ulcers. On the other hand, patients with very limited mobility or completely immobile, who 
are saddled and their skin is occasionally moist, are also at this risk level. 
4. Characteristics of patients with high risk of pressure ulcer. Patients with very limited mobility 
or completely immobile, who are bedridden or whose skin is constantly wet are at high risk of 
pressure ulcers. Also, if they are not bedridden and their skin is slightly less moist (that is, often 
moist), but they are completely immobile, they are also at high risk. 

The study of the aforementioned profiles in clinical practice makes it possible to identify the 
main characteristics of patients at each level of PUs risk based on the indicators studied, which are 
easily recognizable by nursing professionals through direct observation of the patient. In turn, this 
information can be used as a complement to the experience of nurses in making decisions related to 
these patients, including the selection of support surfaces and other relevant applications. 

3.4. A tabular visualization resource to increase interpretability 

Nursing professionals often face the challenge of making timely decisions for a large number of 
patients to prevent the occurrence of PUs. The usage of instruments, such as the one previously 
presented, can help them make decisions in less time, since they are based on objective and quickly 
identifiable characteristics. This section proposes a novel resource, in tabular form, which aims to 
further simplify and speed up the decision-making process. This resource, which is based on the 
information shown in Figure 1 but in a more interpretable way, is presented in Figure 2. It has the 
following characteristics: 
1. Excluding the legend at the top, it is divided into two main parts, depending on the mobility of 
the patient. The upper part focuses on patients with acceptable mobility (no limitations or slightly 
limited), whereas the lower part focuses on patients with greater mobility problems (very limited or 
completely immobile). 
2. Within each part, it is possible to easily identify the level of activity of the patient (in the rows), 
as well as the level of moisture of the skin (in the columns). Thus, all the characteristics that determine 
the patient’s profile are determined. 
3. Once the patient’s profile has been identified, the corresponding cell in the table provides 
information on their risk level of developing PUs. Its color indicates the most probable risk level: blue 
for patients with no risk, yellow for patients with mild risk, orange for patients with moderate risk 
and red for patients with high risk. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 January 2024                   doi:10.20944/preprints202401.0936.v1

https://doi.org/10.20944/preprints202401.0936.v1


 8 

 

4. Within each cell there is also a main percentage (outside the parentheses). This indicates the 
confidence of the classification model that the patient has the level of PU risk indicated by the color. 
5. Finally, within each cell there is also a second percentage in parentheses, accompanied by an 
arrow. This percentage indicates the confidence in the second most likely risk level, while the arrow 
(↑ or ↓) indicates if this second level is the upper (↑) or lower (↓) level with respect to the main level 
expected for that profile. Risk levels are considered in order of no risk, mild risk, moderate risk and 
high risk. 

 

Figure 2. Tabular visualization model to determine the risk level of pressure ulcers. The color of each 
cell indicates the most probable risk level: blue for no risk, yellow for mild risk, orange for moderate risk 
and red for high risk. In the lower table, † is used for cells that refer only to patients with very limited 
mobility, whereas ∗ is used only for completely immobile patients. 

As can be appreciated, the tabular model presented in this section allows a rapid categorization 
of PU risk levels simply by identifying the appropriate row and column to determine the patient’s 
profile. In addition, it maintains useful information that can be employed by nurses, such as the 
confidences in the most likely PUs risk levels based on the profile. Thus, for example, among patients 
with very limited mobility or completely immobile who walk frequently, both those with rarely moist 
and occasionally moist skin have a mild risk of PUs. The former have a 70% probability of being at 
this risk level, with a tendency to a no risk level (18%). However, in patients with occasionally moist 
skin, the probability of being in mild risk level is lower (60%) and there is a high tendency to present 
a moderate risk level of PUs (38%). 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 January 2024                   doi:10.20944/preprints202401.0936.v1

https://doi.org/10.20944/preprints202401.0936.v1


 9 

 

4. Discussion 

In the field of health research, applications where data science models are used are becoming 
more frequent [30,31]. One specific area in which these techniques are applied is in the prevention 
and management of Pus [32–34]. For example, Ting and Garnett [32] conducted a systematic review 
to evaluate the impact of e-health decision support technologies on the prevention and management 
of PUs. The review highlighted the usability and accuracy of these methods in improving clinician 
adherence to prevention practices and reducing healthcare costs. Lee et al. [34] utilized data-mining 
techniques to identify risk factors related to different stages of PUs. On the other hand, among data 
science methods, decision trees [21,23] provide particular benefits in this context, since they are 
characterized by simultaneously offering classifiers with predictive quality and interpretability. For 
example, risk factors for PUs were analyzed using demographic, laboratory and Braden variables by 
Raju et al. [35], whereas decision trees were also used by Moon and Lee [36] on data with numerous 
variables on patients in long-term care facilities. 

Decision support models that assist nursing professionals in estimating the risk level of PUs for 
each patient and, consequently, in making informed decisions regarding appropriate interventions, 
can facilitate their work. This paper has proposed a model based on decision trees that allows 
distinguishing four levels of PU risk in patients based on three characteristics easily observable by 
nurses (mobility, activity and skin moisture). This differentiation into four risk levels enables the 
selection of suitable interventions, including the usage of appropriate special support surfaces, in 
accordance with expert guidelines on PUs prevention and treatment (such as those provided by the 
technical document of the Spanish national group GNEAUPP) [12]. 

As previously mentioned, interpretable classification models, such as decision trees, are 
commonly applied in clinical practice where the professional often needs to know the reasons for the 
decision provided. However, it should be noted that there are other, more elaborate classification 
algorithms, such as XGBoost [25] or RF [24], which could provide more accurate classification results 
at the cost of interpretability. This fact may imply that the clinical application of these non-
interpretable models is not as simple and efficient in all healthcare settings as the models presented 
in this research. 

A possible limitation of the present work is the cross-sectional nature of the study, which has 
involved the usage of the Braden scale to label patients according to the risk level of suffering from 
PUs. It is interesting to extend this research over time through a longitudinal study, so that the final 
labeling of patients more accurately reflects the reality of whether they finally suffered from PUs in 
the future, also including the degree of severity of the lesions. 

5. Conclusions 

This research has proposed the usage of classification models based on decision trees to predict 
the risk level of developing PUs. Being able to estimate the risk level of PUs is especially useful, for 
example, to assign the special support surfaces to be used for each patient according to their needs. 
The use of models that help the nursing professional in this context can save time and resources in 
their choices and serve as an instrument to prevent possible unwanted situations that may arise in 
the future. In addition to presenting these models, one of the main objectives of this work is to make 
them highly interpretable by nurses. To this end, the models have been developed based on 
characteristics that are easily identifiable by professionals, such as skin moisture, mobility and 
activity of each patient. Furthermore, this work has helped to train professionals in the use of this 
type of instruments, explaining their operation in a simple way to favor the efficient use of these 
resources. 

After preprocessing the dataset to overcome the imbalance learning problem, a decision tree 
model has been built to classify the risk levels of PUs. This model has been created with the well-
known CART algorithm, whose resulting tree can be easily interpreted. This allows nurses to know 
the characteristics of the patient that are indicators of a potential risk level of PUs. The model built 
also offers different confidences that the patients in each profile may belong to different risk levels, 
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which can be used as additional information when making the decision about the appropriate 
interventions to use. 

Although the presented decision tree is interpretable, its structure and binary character give rise 
to improvements to increase its practical possibilities. For this reason, this work has also proposed a 
form of tabular visualization of the extracted decision tree with the aim of further improving its 
interpretability and applicability in real-world situations. This way of presenting the model in tabular 
form, which maintains information useful to the nurses (such as the confidences in the most probable 
risk levels), makes it possible to quickly determine the risk level of PUs for each patient simply by 
locating the row and the column of the table associated with the patient’s profile. 

Thus, the models presented in this paper are characterized by being simple and interpretable 
and they will serve as a support instrument for the nursing professional to decide efficiently which 
may be the most appropriate interventions according to the patient’s needs. Furthermore, the 
proposed models could be easily included within clinical practice guidelines where decision-making 
regarding the choice of resources and other preventive measures is organized. 

In future work, we plan to study within the clinical setting whether these models lead to 
significant reductions in PUs cases in patients at risk by assigning the most appropriate support 
surfaces in each case. Furthermore, it is interesting to delve into other aspects of data preprocessing 
in order to further improve the models created, in addition to the class imbalance that has been 
addressed, such as overlapping among classes or noise [37]. 
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