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What is already known about the topic?

The Braden scale is one of the widely used tool for
assessing pressure ulcer risk.
Data mining techniques have been applied extensively in
health care, but are not widely used in nursing research.

� The nursing research studies use one or another
technique but do not compare them.

What the paper adds?

� This paper adds to our knowledge of how other
factors enhance assessing the probability of developing
pressure ulcers when combined with the Braden
scale.
� The paper extends the knowledge of data mining to the

nursing statistical toolbox.
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A B S T R A C T

Background: Pressure ulcers are associated with a nearly three-fold increase in in-hospital

mortality. It is essential to investigate how other factors besides the Braden scale could

enhance the prediction of pressure ulcers. Data mining modeling techniques can be

beneficial to conduct this type of analysis. Data mining techniques have been applied

extensively in health care, but are not widely used in nursing research.

Purpose: To remedy this methodological gap, this paper will review, explain, and compare

several data mining models to examine patient level factors associated with pressure

ulcers based on a four year study from military hospitals in the United States.

Methods: The variables included in the analysis are easily accessible demographic

information and medical measurements. Logistic regression, decision trees, random forests,

and multivariate adaptive regression splines were compared based on their performance

and interpretability.

Results: The random forests model had the highest accuracy (C-statistic) with the

following variables, in order of importance, ranked highest in predicting pressure ulcers:

days in the hospital, serum albumin, age, blood urea nitrogen, and total Braden score.

Conclusion: Data mining, particularly, random forests are useful in predictive modeling. It

is important for hospitals and health care systems to use their own data over time for

pressure ulcer risk prediction, to develop risk models based upon more than the total

Braden score, and specific to their patient population.

� 2014 Elsevier Ltd. All rights reserved.
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. Introduction

Pressure ulcers (PU) are a substantial burden for
atients and for the health care system in general. The
ational Patient Care Safety Monitoring Study (Lyder et al.,
012) of over 51,000 patients found that 4.5% of Medicare
eneficiaries developed a pressure ulcer during their
ospital stay and 5.8% had a pressure ulcer on admission.
ressure ulcers regardless of whether they were present on
dmission were associated with a nearly three-fold
crease in in-hospital mortality, 69% increase in 30-day
ortality, and an increased length of stay of 6.4 days
yder et al., 2012). As of 2008, hospital acquired stage III

nd IV pressure ulcers are no longer reimbursed by the U.S.
enters for Medicare and Medicaid Services (CMS), leaving
e hospitals themselves to absorb the cost of care for

atients, which is estimated at $43,180 per patient
rmstrong et al., 2008). Thus it is imperative to discover
ctors associated with both community and hospital

cquired pressure ulcers and institute additional care
easures to prevent their occurrence.

Because the causative factors for pressure ulcers are
multifactorial and not well understood’’ (Benoit and
ion, 2012, p. 341), it is critical for hospitals, nursing

omes, and home care agencies to systematically monitor
atients for pressure ulcer rates, assess risk, and enhance
revention efforts. Although not all pressure ulcers are
voidable (Black et al., 2011), frequent monitoring may
ad to better risk predictions and more thoughtful

pplication of resources (i.e., evidence-based nursing
reventive interventions such as turning and reposition-
g) to those who need it most. As more hospitals adopt

lectronic medical records, the large clinical data reposi-
ories could help improve clinical care through the study
f their own best practices and lessons learned directly
om their patients. Analyzing clinical data collected from
ischarge abstracts or directly from clinical records and
omparing those who developed or did not develop a
ressure ulcer can inform problem identification in
uality improvement. Data mining modeling techniques
an be beneficial to conduct this analysis. The purpose of
his paper is to build and compare data mining models for
ressure ulcer prevalence (both community and hospital
cquired) and determine the variables that are associated
ith pressure ulcers based on a four year study database

ollected from 12 military hospitals. The variables
cluded in the analysis are easily accessible demograph-
al information and medical measurements. We carefully

elected a group of data mining techniques that not only
upply high predictive accuracy but also allow for
eaningful interpretations. The Braden scale developed

y Bergstrom et al. (1987) is one currently available tool
r assessing pressure ulcer risk. Given the multifaceted

ature of pressure ulcers, it is of keen interest to see
hether and how other factors could enhance the

erformance of predicting pressure ulcers when com-
ined with the Braden scale. The eventual wide scale use
f electronic medical records will enable hospitals to
pply these data mining techniques to their own patient
vel data to determine factors associated with pressure

2. Background

Identifying patients who may have a pressure ulcer on
admission to a health care facility or who may develop one
during hospitalization is the starting point for primary,
secondary and tertiary preventive activities aimed at
reducing this costly and debilitating complication. A recent
systematic review of 54 pressure ulcer studies (Coleman
et al., 2013) identified three primary risk factors: mobility
level, perfusion, and skin status. Other secondary risk
factors that emerged from this literature were skin
moisture, age, basic serum metabolic measures, nutrition
and general health status.

Risk assessment scales have been used for many years
to forecast the patients who are at high risk for developing
pressure ulcers; however, their sensitivity and specificity
are far from ideal (Pancorbo-Hidalgo et al., 2006;
Schoonhoven et al., 2006). It is important that risk
assessment scales predict the likelihood of getting a
pressure ulcer, so that scarce resources can be applied in
an evidence-based manner to the highest risk patients. The
Braden Scale for Predicting Pressure Sore Risk (Bergstrom
et al., 1987) is the most widely used and most widely
researched risk prediction scale for pressure ulcers (Balzer
et al., 2007; Pancorbo-Hidalgo et al., 2006). According to a
meta-analysis of risk assessment scales, the Braden has the
‘‘best sensitivity and specificity balance’’ (weighted means
were 57.1% and 67.5% respectively) and was the best at
predicting risk (Odds Ratio of 4.08, 95% CI = 2.56–6.48)
compared to Norton Scale, Waterlow Scale, and Nurses’
clinical judgment (Pancorbo-Hidalgo et al., 2006).

The Braden scale consists of six subscales derived from
two main components of a patients’ skin, pressure and
tissue tolerance. The subscales mobility, activity, and
sensory perception are associated with pressure, whereas
the subscales moisture, friction/shear, and nutritional
status are associated with the level of tissue tolerance
for pressure. These six subscales are rated on scales of 1–4,
with the exception of the friction/shear scale which is rated
1–3. When added together, the scores range from 6 to 23,
with lower numbers indicating higher risk for pressure
ulcer development. Scores of 18–23 indicate no risk; 15–18
for low risk; 13–14 moderate risk; 10–12 high risk, and 6–9
very high risk (Cremasco et al., 2012).

Although the Braden scale is widely used for predicting
patients at risk, it is not infallible. In the Coleman et al.
(2013) review, mobility subscale scores were found more
predictive than total risk assessment scores among all risk
assessment scales. Furthermore, the Braden scale does not
evaluate perfusion and skin status as defined in the
Coleman study. There are other factors important to
consider in predicting patients at risk. For example, in 7 of
the 11 studies Coleman et al. (2013) reviewed that
evaluated serum albumin, it was noted to be statistically
associated with pressure ulcer development, such that
lower albumin was associated with pressure ulcers (odds
ratios of 0.4–0.8). Serum albumin is associated with
nutritional status, which is of practical importance in
wound healing. Because of the difficulty in capturing all
aspects important to predict pressure ulcers, we used data
ining techniques to provide a comprehensive assessment
lcers. m
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 determining the factors associated with pressure ulcers
 our population.

. Data mining

Data mining is the digging for or ‘‘mining’’ of prior
known useful information from data. Defined as ‘‘the
ploration and analysis, by automatic or semiautomatic
eans of large quantities of data in order to discover
eaningful patterns and rules’’ (Berry and Linoff, 2004),
ta mining applies diverse algorithms for finding patterns

 data. Data mining predictive models are non-parametric
 nature. Therefore, unlike classical statistical techniques,
ost of the data mining has minimal prior assumptions for
odel building. Data mining is useful for the following
rposes:

Exploratory data analysis – examining the dataset with
graphical pictures and basic descriptive statistics;
Descriptive modeling – partitioning the data into
groups;
Predictive modeling – building statistical models to
predict the target variable;
Discovering patterns and rules – discover items that
occur frequently in databases; and
Retrieval by content – finding patterns in a new dataset
using the procedures from a prior analysis (Hand et al.,
2001).

Data mining techniques have been applied extensively
 health care, but are not widely used in nursing research.
 a pressure ulcer study, Lahmann and Kottner (2011)
ed Chi-square Automated Interaction Detection (CHAID)
orithm, a data mining technique to explore empirical

lationships between friction forces and category II
essure ulcers and between pressure forces and catego-
s III and IV pressure ulcers. A few recent studies in
rsing data mining application used either decision trees

 logistic regression models (Lahmann and Kottner, 2011;
hmann et al., 2011; Almasalha et al., 2013; Kottner et al.,
14). Typically in nursing research when data mining

chniques are used, only one or two types of models are
plained (Cheng et al., 2005; Lee et al., 2011; Vincent

 al., 2010). To remedy this methodological gap, this paper
ill review, explain, and test several data mining models to
amine patient level factors associated with pressure
cers.

 Methods

. Data mining models

There are numerous methods and procedures available
r exploring factors associated with binary outcome (i.e.,
evalence of pressure ulcers), but of course, the model
oices depend on the research aims. Because the research
jectives were to accurately predict pressure ulcer
evalence and identify clinically relevant factors that are
sociated with pressure ulcers, we cautiously selected four
edictive modeling methods: logistic regression, decision
es, random forests (RF), and multivariate adaptive

regression splines (MARS). These four data mining models
were selected because of their high predictive performance
and meaningful interpretations they supply.

3.1.1. Logistic regression

Logistic regression (see, e.g., Hosmer and Lemeshow,
2000) is the standard statistical Generalized Linear Model
(GLM) approach for modeling binary outcomes, i.e.,
whether or not a pressure ulcer is present. In this approach,
the logit of the conditional probability of having pressure
ulcer is formulated as a linear function of covariates.

The slope parameters in a logistic model can be
interpreted as log of odds ratio. The advantages of logistic
regression include simple linear structure, widely available
fitting software, some flexibility to deal with categorical
variables and model interaction terms. Its disadvantages
mainly stem from linearity as well. The linear functional
form may not provide satisfactory fit when strong
nonlinearity and complex interactions are present. The
idea is to approximate nonlinear curve with broken lines
(first-order spline functions) with thresholds. These terms
are data driven and found by automated greedy search
procedures.

3.1.2. Decision trees

Decision trees fit piecewise constant models by
recursively partitioning the predictor spaces. They are
helpful in identifying sub-populations with high/low
pressure ulcer incidence rates via easily interpreted
grouping rules. A rule is induced by a binary split on
covariates with questions such as ‘‘Is age less than 40?’’ or
‘‘Is subject male or female?’’ According to some criterion,
the algorithm searches for the best split among all possible
splits and the data is partitioned accordingly. The
procedure is repeated till the data set is split into a
number of mutually exclusive groups. To address the tree
model selection and other issues, Breiman et al. (1984)
proposed the Classification and Regression Trees (CART)
procedure, which has made tree models widely popular in
various application fields. Su et al. (2011) introduced
different decision tree methods to nursing research.
Advantages of decision trees include efficiency in handling
categorical variables, invariance to monotone transforma-
tions on predictors, ease of understanding, handling
missing data, and ability to deal with complex interactions.
One of the drawbacks is that the tree models are highly
data-adaptive and unstable, meaning that minor altera-
tions in the sample data may cause dramatic changes in the
tree model structure. Also predictions from a single tree
analysis are often unsatisfactory.

3.1.3. Random forests

The random forests (RF) are among the techniques that
help to address the weakness of a single decision tree, by
borrowing strength from the instability of tree models. Trees
are instable in the sense that predictions from each single
tree tend to have small bias but large variance. As a model
ensemble method, random forests reduce variance by
averaging the predicted values from a number of tree
models. The main idea is model ensemble: build up a large
number of tree models by perturbation (e.g., bootstrapping)
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nd then combine the predictive power from all tree models.
F achieves high prediction accuracy and can handle a large
umber of predictors of different types and missing data.
he Gini index is used to calculate the importance rank of
redictors (Brieman, 2001). The drawback of random forests

 that it does not supply an explicit functional form (i.e. an
quation) for the predictive model and the model interpre-
tion is not so easy compared to a single tree model. To

emedy this, random forests implements two ways of
xtracting interpretation: variable importance ranking
elps sort variables in terms of their predictive power
nd partial dependence plot depicts the functional relation-
hip between each predictor and the response after
djusting for other predictors.

.1.4. Multivariate adaptive regression splines

Multivariate adaptive regression splines (Friedman,
991) adaptively fits piecewise linear models with
uncated power (often of first order for the sake of
asibility) spline basis functions. The final multivariate

daptive regression splines (MARS) model can be written
s a model form. MARS is similar to logistic regression in
etaining a model form, however adds more flexibility in
andling categorical variables and nonlinear patterns and
teractions and little requirement on data preparation

nd variable selection. Its drawback is that it does not
rovide as good a fit as random forest technique.

.2. Software

R programming language was used as the data mining
oftware for all the analyses. The following R packages
cilitated building the different data mining models:

) Logistic regression model – inbuilt R function glm with
logit family option. To select variables, nonconvex
penalty Smooth Clipped Absolute Deviation (SCAD)
was used as implemented in R package ncvreg (Breheny
and Huang, 2011).

) Decision tree model – package rpart by Therneau and
Atkinson (2012).

) Random forests model and imputation – package
randomForest by Brieman and Cutler (2011).

) MARS model – package polspine by Kooperberg (2013).

.3. Dataset

We extracted data from the Military Nursing Outcomes
atabase (MilNOD), a nurse staffing and adverse event
atabase that was compiled over four years (2003–2006)
atrician et al., 2010). The pressure ulcer data used for this

nalysis was obtained by annual prevalence studies in the
articipating hospitals’ medical–surgical, critical care, and
tep-down units (N = 1653 patients). In addition to
ocumenting pressure ulcer presence and stage, the
atients’ age, gender, Braden scale and subscale scores,
urse-assessed risk, metabolic test data (blood urea
itrogen, creatinine, and serum albumin), admission
ource, and days in hospital were collected. The full
ataset had many less severely ill patients that were less
kely to receive metabolic screening for blood urea

nitrogen (BUN), and creatinine, and highly unlikely to
undergo serum albumin laboratory tests, therefore these
lab values were missing on a large number of patients (54%
was missing). For that reason, patients without serum
albumin values were removed. This dataset with patients
without serum albumin values was the actual data that
were used for building the data mining models (N = 680).
The missing data across all variables for the dataset ranged
from 0 to 5%. The data were imputed using random forests
technique in the first step and then the data mining models
were built (see Fig. 1). This imputation method uses similar
algorithm as the random forest modeling technique
discussed earlier (Brieman, 2001). This non-parametric
random forest imputation technique can handle high
dimensional data (continuous or discrete) with higher
computational efficiency (Stekhoven and Bühlmann,
2012). Random Forest imputation method averages many
regression trees which constitutes a multiple imputation
scheme. Shah et al. (2014) noted that random forest
imputation may be useful for imputing complex epidemi-
ologic datasets in which some patients have missing data.
Therefore the random forests method was not only used as
modeling strategy but was also used as imputation method
for all data mining models. Random forests provides high
classification accuracy, ranks variable importance, models
complex interactions, and its algorithm for imputation
decreases bias in the imputed values by preserving
variability in the data (Cutler et al., 2007).

To resolve the problem of highly correlated variables,
e.g., Braden score and its subscales, we applied a
nonconvex penalty Smoothly Clipped Absolute Deviation
(SCAD) to handle the variable selection in logistic
regression model only (because decision trees, RF, and
MARS methods make automatic variable selection in a
recursive manner which accounts for correlated variables).

All models were fit with all predictors as indicated in
Fig. 1. All models were cross-validated using a 10-fold cross-
validation method of sampling to ensure that each
observation was represented at least once in both training
and validation data. A 10-fold cross-validation method uses
a stratification method of sampling; the entire dataset is
divided 10 times (10 folds) and nine out of ten datasets are
used as training data and the left over dataset is used as
validation data. The same process is repeated 10 different
times so that each observation in the dataset has a predictive
probability for pressure ulcer prevalence when the obser-
vation belongs to a test sample. The C-index was computed
using the predicted probability. The C-statistic calculated
from receiver operating characteristics curve was used to
select the best predictive model (Nisbet et al., 2009). In
summary, patients with missing lab values for serum
albumin were deleted and then the dataset was imputed
using Random forests methods. Next, we used nonconvex
SCAD to address the variable selection for logistic regression.
The model building and selection process with all other
three methods were automated via built-in cross-validation
or bootstrap. Afterwards to compare these four data mining
models, we used 10-fold cross validation to compute the
predicted probabilities and accordingly obtain C index.
Finally, the best model was selected based on the C index.
Fig. 1 summarizes the model building process (see Fig. 1).
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 Results

. Exploratory data analysis

The full dataset contained 1653 patients, among which
3 (20%) had a pressure ulcer of any stage. Table 1 shows
e demographic and summary statistics of variables
cluded in the analysis for the full dataset. Serum Albumin
d the highest percent missing (753/1653 = .5) followed
 Creatinine (.3) and BUN (.2). The overall average patient

as 54 years old (SD 21.5; range 18–93) and was in the
spital nearly 11 days (SD 23.5; range 1–468). The Braden
ore for patients without pressure ulcers had a mean of
.0 (SD 3.5) whereas patients with pressure ulcer had a
ean of 15.7 (SD 4.0). The serum albumin lab values for
tients with and without pressure ulcer were 2.8 and 3.4,
spectively. The BUN level for patients without pressure
cer was lower (18.4) compared to patients with pressure
cer (25.2). The Wilcoxon rank-sum test indicated there
as no difference (p < .05) in creatinine level.

Column N shows the total number of observations for
l levels of discrete variables (see Table 2). The pressure
cer prevalence for female patients constitutes around
.5% compared to 22.2% for males. Of patients admitted
m home (N = 1219) 16.7% had a pressure ulcer and
.1% patients admitted from other acute facilities

 = 196) had a pressure ulcer. The highest proportion
 pressure ulcers was seen in the population presenting

 the hospital from skilled nursing facilities (45.2%) or
m rehabilitation centers (62.5%). Almost all patients

ere assessed for risk of pressure ulcer within 24 h of

admission (N = 1432). Patients who were assessed for risk
of pressure ulcer within 24 h had a pressure ulcer
prevalence of 21.2% compared to 16.1% for patients who
were not assessed. Of 239 patients assessed as at risk for a
pressure ulcer, 34.3% had a pressure ulcer. The final
dataset (after deleting subjects without serum albumin)
that was used to build all for data mining models
contained 680 patients with 240 subjects identified as
having a pressure ulcer (35.3%).

4.2. Data mining models

4.2.1. Logistic regression

Based on p < .05, the logistic regression model indicated
age, days in hospital, serum albumin, BUN, and mobility as
statistically significant factors associated with pressure
ulcers (Table 3).

4.2.2. Decision trees

The decision tree model showed that data was split
based on mobility subscale value of 2.5. The left side of the
branch contains cases with mobility greater than or equal
to 2.5. This node was further divided by the number of days
in hospital. There were 66 patients with pressure ulcer
who had mobility greater than or equal to 2.5 and spent
less than 11.5 days in hospital. Patients with days in
hospital greater than or equal to 11.5 were further divided
based on the level of BUN. There were 46 cases of pressure
ulcer for patients with mobility greater than or equal to 2.5
with days in hospital greater than 11.5 and level of BUN
greater than or equal to 11.5 (see Fig. 2).

Comparison :  

C Statistic

Logistic 

Regression

Decision 
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Random 
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PU Data
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Fig. 1. Data mining model building process.
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The second branch on the top right for missing serum
lbumin data contains cases with mobility less than 2.5.
his node was further partitioned with the level of serum
lbumin. There were 117 patients with pressure ulcer and
nly 58 patients without pressure ulcer when mobility was
ss than 2.5 and the level of serum albumin less than 3.8
ee Fig. 2).

.2.3. Random forests

The random forests model outputs the importance rank
f predictors that explains the importance by the size of
ertical bars (see Fig. 3). Random forest model ranked days

 hospital, serum albumin, age, Braden score, BUN,
reatinine respectively as variables that are associated
ith pressure ulcers (see Fig. 3).

The partial dependency plot facilitates in visualizing the
redictor effects in the generated Random Forests model
r all the variables. For illustrative purposes the partial

ependency plot for serum albumin is shown (see Fig. 4).
he plot indicates that patients with lower levels of serum
lbumin have higher pressure ulcer prevalence.

.2.4. Multivariate adaptive regression splines model

The MARS model identified serum albumin, mobility,
UN, and days in hospital as significant variables that are

associated with pressure ulcers (see Eq. (1)).

PU ¼ 0:52 þ 0:06ðserum albuminÞ � 0:03ðBUNÞ

� 0:01ðday in hospitalÞþ
� 0:003ðadmission sourceÞ þ 0:13ðmobilityÞ (1)

ðx � aÞþ ¼ x � a if x � a; and 0 otherwise.

4.2.5. Model comparison

Table 4 shows the C-statistics for each of the models.
The random forest model and logistic regression using
nonconvex SCAD technique had 83% and 82% C-statistic
values respectively. Overall the random forests model had
the highest C-statistic value followed by logistic regression
with SCAD and multivariate adaptive regression spline
models. The decision tree model had the lowest C-statistic.

5. Discussion

The prevalence of all stages of pressure ulcers among
this sample for the entire dataset, regardless of whether
hospital-acquired or not, was 20.3%, a much higher rate
than nationally reported in the recent literature. During
our data collection period, a 14–17% prevalence in acute
care settings was reported (Whittington and Briones,
2004). There is evidence that pressure ulcers have
decreased over time with national rates of 13.5 and
12.3 in 2008 and 2009, respectively (Vangilder et al.,
2009). During the period of data collection for this

able 1

ummary statistics of interval variables for complete data (N = 1653).

Total PU – no PU – yes Wilcoxon rank sum

n Mean SD n Mean SD p

Age 1639 1306 52.4 20.9 333 59.3 22.7 <.01*

Days in hosp. 1643 1309 7.8 14.1 334 22.3 40.1 <.01*

Serum albumin 753 499 3.4 0.9 254 2.8 0.8 <.01*

BUN 1080 767 18.4 13.9 313 25.2 21.2 <.01*

Creatinine 1088 776 1.4 5.1 312 1.6 2.7 0.1

Braden 1342 1039 19.0 3.5 303 15.7 4.0 <.01*

Sensory 1343 1040 3.6 0.7 303 3.0 0.9 <.01*

Activity 1342 1039 2.8 1.2 303 2.1 1.1 <.01*

Nutrition 1342 1039 3.0 0.8 303 2.5 0.9 <.01*

Moisture 1342 1039 3.6 0.7 303 3.2 0.9 <.01*

Mobility 1342 1039 3.2 0.8 303 2.5 0.9 <.01*

Friction 1342 1039 2.7 0.5 303 2.3 0.7 <.01*

* p < .05.

able 2

ummary statistics of discrete variables for complete data (N = 1653).

Variables Characteristics N PU – yes %

Gender Male 973 216 22.2

Female 669 117 17.5

Admission source Home 1219 203 16.7

Home care 22 7 31.8

Skilled nursing 31 14 45.2

Board/care 5 1 20.0

Other acute 196 59 30.1

Rehab 8 5 62.5

Other 116 40 34.5

PU assessment – 24 h No 155 25 16.1

Yes 1432 304 21.2

Patient @ risk No 897 143 15.9

Yes 239 82 34.3

Table 3

Logistic regression model.

Estimate SE p-Value

Logistic regression model with SCAD (N = 680)
Intercept 1.69 0.66 .01*

Age �0.01 0.00 <.01*

Days in hospital 0.02 0.00 <.01*

Serum albumin �0.50 0.12 <.01*

BUN 0.01 0.00 <.01*

Mobility �0.65 0.11 <.01*

Moisture �0.29 0.15 .05

Not assessed 517 109 21.1

* Indicates significance at a = .05.
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udy (2003–2006), the war in Iraq and Afghanistan was
going and many patients seen in our study hospitals

ere the younger, active duty military population who
ere returning to the US following injuries sustained in
e war (Crumble and Kane, 2010). The age range in our
mple was 18–93, with an average age of 59.3 (SD 22.7
ars) among those who had pressure ulcers; the age
nge of patients who had pressure ulcers in the National
edicare Patient Safety Monitoring study (Lyder et al.,
12) was statistically significantly older (78 years
erage with a lower SD of 11.2), representative of the
edicare beneficiary population upon which the study
as based.

The random forest model had highest accuracy for
ploring factors associated with pressure ulcers in this
mple, i.e. it produced the best C-statistics (.8). Further-
ore to compare the results obtained with list-wise
letion of missing values a post analysis was performed.
ce random forest had the highest C-statistic, a random

forest model was fit to a list-wise deleted dataset and a
completely imputed dataset. Whole sample (N = 1653) was
used and missing values were imputed. In addition a three
level variable was created indicating lab test status: 0 –
patient had no lab test for BUN, creatinine, or serum
albumin; 1 – patient had BUN and/or creatinine value, but
not serum albumin; 2 – patient had serum albumin level
documented in the medical record. This new variable,
serum albumin availability, served as a surrogate for lab
test. The results from the random forest model for the list-
wise deleted dataset and completely imputed dataset
produced the exact same results indicating following
variables in order of importance: days in the hospital,
serum albumin, age, total Braden score, BUN, creatinine,
and the Braden mobility subscale, less important associa-
tions of pressure ulcers were: admission source, the other
four Braden subscales, gender, and nurse-assessed risk.
This post analysis validated the results obtained from
building models with imputed dataset.

Fig. 2. Decision Tree model.
Fig. 3. Random forest model importance rank of predictors.
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The tree models had mobility and serum albumin as the
trongest predictors. Generally, logistic regression and
ecision trees with CART algorithm tend to produce similar
esults. All models (logistic regression, decision trees,
andom forests, and MARS) were in agreement that using

e Braden score alone is not adequate to explore factors
at are associated with pressure ulcers, as has been

iscussed recently by the instrument developer (Braden,
012). Out of all the data mining models, only the RF model
elected a total Braden score as a significant predictor (by
irtue of it being the fourth most important). All data
ining models selected the following as important factors
at are associated with pressure ulcers: days in hospital,

erum albumin, and the mobility subscale. When compar-
g our findings to that of the extant literature, it was

pparent that pressure ulcer studies are not consistent in
e variables that are measured, or even in the definitions

f prevalence and incidence (Baharestani et al., 2009).
owever several of our findings are similar to those

eported in the literature. The National Medicare Patient
afety Monitoring study (Lyder et al., 2012) found that
isk-adjusted length of stay for those with pressure ulcers
as 6.4 days longer than for patients without pressure

lcers. Length of stay was also found to be an important
redictor of pressure ulcers in a study by Cox (2011). Using
gistic regression analysis, she also found that age, the
obility subscale and several other factors we did not
easure (i.e., vasopressor infusion and cardiovascular

disease) in addition to the length of stay, explained a large
part of the variance in pressure ulcers.

Our finding that a low albumin level was predictive of
pressure ulcers has some support in the literature.
Coleman et al. (2013) reported in her systematic review
of pressure ulcer risk factors that 7 out of 11 studies
reported an association between low albumin levels and
pressure ulcer development. Serra et al. (2012) found that
hypoalbuminemia on admission to a critical care unit was
an independent risk factor for the development, and the
severity of pressure ulcers in intensive care. As described
by Cox (2012), nutritional deficiencies lead to low protein
states and protein-calorie malnutrition which can alter the
ability of the skin to tolerate prolonged pressure, thus
increasing the risk for pressure ulceration. However, the
physiologic and immunologic derangements in any acutely
ill or critically ill patient render biochemical analysis of
protein stores unreliable as albumin is an acute phase
reactant. This may explain why no studies examining
Braden subscales found the Nutrition subscale to be an
important predictor of pressure ulcer development in ICU
patients. Older age was predictive of pressure ulcers in
several studies (Coleman et al., 2013; Cox, 2011; Schoon-
hoven et al., 2006), but whether it is an independent risk
factor was equivocal. Elevated creatinine, along with BUN,
was found to be predictive of pressure ulcer development
in a study (Serpa and Santos, 2007), but not in another
(Okuwa et al., 2006). It is also important to note the cross-
sectional nature of the study which implies no causation.

Overall, the Braden score alone does not do a thorough
job in forecasting the risk of pressure ulcers. Its predictive
ability can be enhanced by other variables, namely serum
albumin, age, and days in the hospital. The mobility
subscale was found to be extremely important in predict-
ing pressure ulcer prevalence and it should be carefully
considered and measured daily. Coleman et al. (2013)
found mobility to be one of the three primary risk factors,

Fig. 4. Partial dependency plot for serum albumin.

able 4

-statistic values for all models.

Data mining models C-statistic

Random forest 0.83

Log regression – nonconvex SCAD 0.82

MARS 0.78

Decision trees 0.63
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ng with perfusion and skin/pressure status. Early
ogressive mobility protocols, if not contradicted, can

 important to preventing pressure ulcers. Indeed,
mobility for even short periods of time causes tissue
d muscle breakdown. Because serum albumin is a strong
edictor, care must be taken to address patients’
tritional needs on admission and re-evaluate with each
ift assessment. Keeping hospitalized patients without
od and fluids (as is often the case for diagnostic test
eparation) is detrimental to nutritional status and may
mpromise skin integrity. As with any secondary analysis,
e study is limited by the variables that were collected in
e original data set and there were missing serum
umin lab values for patients who were not severely

. Additionally the organizational and cultural character-
ics at military hospitals are dissimilar compared to
ilian hospitals.
Hence it is unreasonable to generalize the study to all

spitals in the United States. Nevertheless, the data
ining methodology used in this research can be
plicable to other hospitals in analyzing their respective
essure ulcer data to accurately find variables that are
ghly associated with pressure ulcers in their respective
tting, basing their problem identification on actual data.
en hospital leaders can plan pressure ulcer reduction
ategies to target these particular variables.

 Conclusion

Data mining is a useful method when one has a dataset
 many variables that are potentially associated with an
tcome. In particular, the Random Forest model was most
edictive of pressure ulcers in this sample. The final
edictive model included the following in order of
portance to predicting pressure ulcers: days in the
spital, serum albumin, age, BUN, and total Braden score.

is important for hospitals and health care systems to use
eir own data over time for pressure ulcer risk prediction,

 develop risk models based upon more than the total
aden score, and specific to their patient population. An
portant next step would be to validate this model using
other pressure ulcer prevalence data repository.
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