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Abstract 

The field of critical care medicine is confronted every day with cases of surgical interventions. When Data Mining is properly 
applied in this field, it is possible through predictive models to identify if a patient, should or should not have surgery again upon 
the same problem. The goal of this work is to apply clustering techniques in collected data in order to categorize re-interventions 
in intensive care. By knowing the common characteristics of the re-intervention patients it will be possible to help the physician to 
predict a future resurgery. For this study various attributes were used related to the patient’s health problems like heart problems 
or organ failure. For this study it was also considered important aspects such as age and what type of surgery the patient was 
submitted. Classes were created with the patients’ age and the number of days after the first surgery. Another class was created 
where the type of surgery that the patient was operated upon was identified. This study comprised Davies Bouldin values between 
-0.977 and -0.416. The used variables, in addition to being provided by Hospital de Santo António in Porto, they are provided from 
the electronic medical record. 
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1. Introduction 

This study is inserted in the INTCare project. This study intends to use clustering techniques to characterize the 
resurgery patients. This is a pioneering approach because nothing has been done previously related to this work in 
intensive care. This work is different from all the other previously performed, since it addresses cases where patients 
needed further surgery (again to the same problem). This study aims to improve the performance of Intensive Care 
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Units (ICUs) assisting health professionals in their decision-making regarding their patients. The dataset used in this 
project was provided by ICU of Centro Hospitalar do Porto. A resurgery is performed when a patient needs to be 
operated upon again to a given problem. This has only recently been analyzed as a problem, which means that there 
is not an extensive work in this area. The goal of this work is to identify health problems and characteristics of 
resurgery patients in order to prevent these cases from happening again. This study presents some interesting results 
with the best value of Davies-Bouldin being -0.416. The negative value provides the fact that the tool used to assess 
this value always deliver results with negative value. This work is divided in five sections. The first one, Introduction, 
where the basic ideas for this work are presented, the second is the Background, where the problem will be defined 
and the theory behind the work, the third is the description of the study, d the methods and tools used are described, 
and understanding the data. In the fourth chapter, named Discussion, some views on the results of this study are 
presented. Finally, in the last chapter are presented some conclusions and and the future work. 
 

2. Background 

2.1. Intensive Care and INTCare 

In the 90s, experts realized that the available knowledge was not enough to solve complex real-life problems 1. The 
change was then induced, where the main focus was the collection of knowledge directly from data, using intelligent 
data analysis. After 90 years, the approach has gained more interest, especially in the medical field due to the large 
volume and complexity of clinical data 2. Intensive Medicine is categorized as a multidisciplinary field of medical 
science that specifically addresses the prevention, diagnosis and treatment of potentially reversible acute disease 
conditions in patients presenting imminent bankruptcy or established in one or more vital functions 3. First, they have 
to make a diagnosis and design their treatment plans to improve the patients conditions 4. However, doctors in intensive 
care units have to make decisions that are even more challenging, such as life support treatments. In this field appeared 
INTCare. The INTCare main goal is the development of an intelligent system able to predict clinical events 2 and can 
be accessed anytime and anywhere. Currently, INTCare is a pervasive intelligent decision support system based in a 
fully automated knowledge discovery process and in. It also uses the agent paradigm5, 6. The values automatically 
collected are validated by the nurses in order to ensure their quality 7. 

2.2. Interventions and re-interventions 

In the past, surgical interventions were seen as the last resort for certain diseases. However, due to the evolution of 
science, surgery also started to be used as a treatment. With the development of new techniques and the evolution of 
knowledge, surgical methods have been given preference, driven by advances in anesthesia, antisepsis, radiology and 
blood transfusion and the use of bone transplants or prostheses 8. Surgical procedures are part of their everyday life in 
health according to WHO, in a survey conducted in 56 countries In 2004, the percentage of surgeries was 20% 9. 
Another study 10 showed that only in industrialized countries the rate of complications of surgeries was 3% to 6%, the 
mortality rate between 0.4% and 0.8%. Three-quarters of surgical procedures are performed in only one third of the 
world population9. According Cunha11, surgical intervention can be divided into three phases: preoperative, 
intraoperative, and postoperative. In this case the incidence of trauma and complications are high and where there is 
a huge backlog of untreated surgical diseases12.  In a study provided by Lafortune et al 13 it is possible to observe that 
the most frequent intervention in Portugal is to cataracts. A resurgery occurs when a particular patient in this section 
need re-intervention to a given problem. Regarding resurgery made, in intensive medicine, is not possible to obtain 
any statistics since this is an area which is still under investigation.  

It should be stated that this problem was recently studied, since this is an aspect that only recently begun to be 
given as a problem. In practical terms, there is no DM practical work related to surgical re-interventions, however it 
was already developed data mining work in the medical field, for example work related with surgical interventions, 
however, related surgical re-intervention is a pioneering study as it addresses cases where patients have been 
intervened and requires a new intervention. Some work in this area were already developed in ICUs 14,15,16. Other 
works also were developed in data mining area, however not being included in the area of intensive care 17. 
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3. Study description 

3.1. Methods and Tools 

Clustering is a common descriptive task, which seeks to identify a finite set of categories or groups to describe the 
data 18. According Cheeseman and Slutz 19, the categories can be mutually exclusive and exhaustive or consist of a 
richer representation, as hierarchical or overlapping categories. Clustering can be seen as research into natural 
groupings of objects based on similarity measures, i.e., similar profiles 1. This is a process of partitioning a 
heterogeneous population homogeneous in various sub-groups 20. In Intensive medicine there is few works using 
clustering techniques. One of the examples is the categorization of readmitted patients 21. The CRISP-DM (Cross 
Industry Standard Process for Data Mining) was followed as the data mining methodology.  The life cycle of a data 
mining project 22 is divided into six phases: Business understanding; Data understanding; Data preparation; Modeling; 
Evaluation and Deployment. The tools used were Oracle SQL Developer, for data exploration and preparation, Orange 
and RapidMiner for building scenarios and clustering data. In Orange the following tests were used: Silhouette, Inter-
cluster distance and Distance to centroids. In Rapid Miner, k-means algorithm and Davies-Bouldin Index were used. 
According to Petrovic 23, the Davies-Bouldin index of the clustering is combined with the centroid diameters 
comparison between clusters. In the computation of the Davies-Bouldin index, the centroid linkage is used as the 
inter-cluster distance 23. During the development of the project two different tools, which enabled at the same time to 
explore two different evaluation metrics were used. The used scenarios in both tools are the same, which means that 
the end result quite reliable, since they are available two different methods for comparison. 

3.2. Business Understanding, Data understanding and Data preparation 

The idea of this work is providing information for professionals in this area in order to understand which patients 
that usually needs a resurgery. Data mining techniques were used with the goal to characterize these patients. 

Table 1 and Table 2 present the distinct values, the percentage of cases the average minimum and maximum values, 
in case of numeric variables, of the dataset used in this work. Notice that this study used real data acquired from CHP 
databases. Some data changes and corrections to eliminate the fields with errors were performed in order to improve 
the data quality. The used strategies have gone through the data standardizing, calculating the age of the patients 
according to their date of birth, as well as creating classes with these ages and the different types of surgery, that is, 
all surgeries belong to a specialty, and neurology, cardiology, or other. An important data changes made was to replace 
all the false and true for 0 and 1 respectively. In the table 1 it is possible see that the variable “sex” varies between 1 
and 2, being the male and female respectively. This variable was received with these values. 

Table 1 – Two Distinct Values Variables 
Variable Distinct Values Value 0 Value 1 
Sex 2 (1 or 2) 35.35% 64.65% 
CardiovascularDisease 2 (0 or 1) 96.74% 3.26% 
RespiratoryDisease 2 (0 or 1) 95.41% 4.59% 
NeurologicalDisease 2 (0 or 1) 99.62% 0.38% 
OncologicDisease 2 (0 or 1) 96.26% 3.74% 
Diabetes 2 (0 or 1) 99.53% 0.47% 
Transplant 2 (0 or 1) 93.78% 6.22% 
Immunosuppressed 2 (0 or 1) 96.49% 3.51% 
Hypocoagulability 2 (0 or 1) 99.53% 0.47% 
OtherDisease 1 2 (0 or 1) 93.49% 6.51% 
Sepsis 2 (0 or 1) 90.61% 9.39% 
CardiovascularInstability 2 (0 or 1) 93.49% 6.51% 
RespiratoryInstability 2 (0 or 1) 97.61% 2.39% 
HypovolemicShock 2 (0 or 1) 93.87% 6.13% 
OtherDisease2 2 (0 or 1) 97.99% 2.01% 
Urgency 2 (0 or 1) 41.57% 58.43% 
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Table 2 - Other variables 
Variable Distinct value Average Minimum Maximum 
DurationOfSurgery 51 - 01:48 (1) 06:15 (60) 
NDaysAfterFirstSurgery 39 25.109 0 179 
Age - 64.391 25 95 
SurgeryCategory 10 - Least (Pneumonia (6)) Most (Global Surgery (512)) 
ClassOfAges 14 - Least (25-30 (4)) Most (54-55 (265)) 

3.3. Modeling 

This phase was focused in achieving the business goals through the use of clustering techniques. In order to achieve 
the expected results nine scenarios that allow characterize the re-intervened patients were developed. The first set of 
attributes created was Case Mix, which contained all the variables from the table used. The next scenarios were created 
by using some criteria like the attributes targeting patients that had surgery, or patients that had neoplasms. Other 
scenarios (like 4 and 8) were created to understand if some variable had positive or negative impact in the final results. 
With these criteria 9 scenarios (S1-S9) were created. At Rapid Miner (DMM1), 9 models were generated and at Orange 
(DMM2), 27 models were generated. These models can be represented by: 

DMM1 = {9 Scenarios, 1 Technique, 1 Sampling Method, 1 Representation Method, 1 Target}  
DMM2 = {9 Scenarios, 3 Techniques, 1 Sampling Method, 1 Representation Method, 1 Target} 
 
S1:{MainDiagnosis, SurgeryType, CardiovascularDisease, RespiratoryDisease, NeurologicalDisease, DurationOfSurgery, 

OncologicDisease, Diabetes, Transplant, Immunosuppressed, Hypocoagulability, WoundInfectionorBurn, OtherDisease1, 
SurgeryCategory, Sepsis, ClassOfAges, CardiovascularInstability, ClassDaysAfterFirtsSurgery, RespiratoryInstability, 
HypovolemicShock, OtherDisease2, Sex, Urgency} 

S2:{MainDiagnosis, SurgeryType, CardiovascularDisease, RespiratoryDisease, NeurologicalDisease, DurationOfSurgery, 
OncologicDisease, Diabetes, Transplant, Immunosuppressed, Hypocoagulability, WoundInfectionorBurn, 
SurgeryCategory, Sepsis, ClassOfAges, CardiovascularInstability, ClassDaysAfterFirtsSurgery, RespiratoryInstability, 
HypovolemicShock, Urgency; 

S3:{CardiovascularDisease, RespiratoryDisease, NeurologicalDisease, DurationOfSurgery, OncologicDisease, Diabetes, 
Transplant, Immunosuppressed, Hypocoagulability, SurgeryCategory, Sepsis, ClassOfAges, CardiovascularInstability, 
ClassDaysAfterFirtsSurgery, RespiratoryInstability, HypovolemicShock, Urgency} 

S4:{CardiovascularDisease, RespiratoryDisease, NeurologicalDisease, OncologicDisease, Diabetes, Transplant, 
Immunosuppressed, Hypocoagulability, Sepsis, ClassOfAges, CardiovascularInstability, ClassDaysAfterFirtsSurgery, 
RespiratoryInstability, HypovolemicShock, Urgency, NDaysAfterFirstSurgery} 

S5:{Diabetes, SurgeryType , CardiovascularInstability, HypovolemicShock, RespiratoryDisease, Hypocoagulability, Urgency, 
Immunosuppressed, Transplant, Sepsis, OncologicDisease, NeurologicalDisease, RespiratoryDisease, CardiovascularDis} 

S6:{ClassOfAges, ClassDaysAfterFirtsSurgery, SurgeryCategory} 
S7:{ClassOfAges, SurgeryCategory, NDaysAfterFirstSurgery} 
S8:{ClassOfAges, SurgeryCategory, CardiovascularDisease, CardiovascularInstability, RespiratoryInstabilit, Urgency, 

HypovolemicShock, Sepsis, Hypocoagulability, Immunosuppressed, Transplant, Diabetes, OncologicDisease, 
NeurologicalDisease, RespiratoryDisease, NDaysAfterFirstSurgery} 

S9:{CardiovascularDisease, CardiovascularInstability, RespiratoryInstability, Urgency, HypovolemicShock, Sepsis, Diabetes. 
Hypocoagulability, Immunosuppressed, Transplant, OncologicDisease, NeurologicalDisease, RespiratoryDisease} 

 
In the table 3 are presented the settings used to carrying out the tests for scenarios. 

Table 3 - Algorithm settings 
Algorithm Setting Value 

k-means K 2 to 8 
Max Runs 10 
Max optimizations steps 300 
Measures type Numeric Measures 
Numerical Measures Silhouette; Inter-cluster distance and Distance to centroids 

 
To find the most correct number of clusters with k-means technique was used Davies-Bouldin Index. In the table 

4 are shown all realized scenarios, where the best results can be observed. 
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Table 4 - Orange and Rapid Miner results 
Scenario Silhouette Inter-cluster distance Distance to centroids Davies-Bouldin Index Number of clusters 

5 0.90 1.990 0.2300 -0.977 10 
7 0.81 61.990 6.2117 -0.416 3 
8 0.81 61.029 6.0280 -0.417 3 
9 0.89 1.430 0.2100 -0.977 10 

3.4. Evaluation 

The scenario were observed in detail in order to understand which models presents the best results in respect of 
defined metrics. The chosen scenario can be observed in greater detail in the table 4. This phase was focused first on 
the assessment of the results provided by the use of k-means. At this stage it was possible to observe which cluster 
presents the best results and what the best scenario to resolve the problem of re-interventions is. To build the table 4 
the models with best results were used. It is important to understand that the choice of the best cluster was based on 
the value of silhouette given by the used application. Analyzing in more detail the table 4 it is possible to observe that 
the majority of the re-interventions cases are distributed by the clusters 3 and 10. In figure 1 it is possible to observe 
the separation of Urgency variables with values 0(False) and 1(True) between the clusters 1 and 2. As it is possible to 
see, it is an important variable to categorize re-intervened patients to ICU. This information is grouped by the patients 
with an urgency admission. In the figure 2 it is possible to observe the distribution of the patients with Respiratory 
Disease. As can be seen in the figure 2, patients with Respiratory Disease should go to cluster 2 while patients who 
do not have this health problem should go to the cluster 1. 

 

Figure 1 - Distribution of Urgency for each cluster Figure 2 - Distribution of Respiratory Disease for each cluster 

4. Discussion 

After making the evaluation of the models it was possible observe that the number of days after the first surgery is 
one of the attributes with most impact. This variable can change the patient’s situation, i.e., if he is or not re-intervened. 

Attributes such as number the days after the surgery have great relevance in Resurgery predictive of patients. 
Analyzing figure 3 it is possible observe that there is a good separation between the three clusters (C1, C2, C3). In the 
case of patients with value of days after the surgery between 0 and 20 days they are almost in C1.  

 

Figure 3 - Distribution of DaysAfterFirstSurgery for each cluster 

5. Conclusion and Future Work 

When analyzing the related work it was possible to observe that there is not current practical work that can fit in 
this project. All the work done in prior scientific terms proved to be quite useful, since it has been used to realize not 
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only as the Intensive Care Unit act as the remaining points of the section number two. In the ICU, the number of 
patients and the number of variables available for each patient is huge. This situation means that the number of 
possibilities is quite high, however this study has provided a useful aid to characterize the re-intervened patients. 

The developed clusters cannot guarantee that patients will re-intervened but they provide information on which the 
clinical situation and the types of patients that should be considered by physicians. With this work new variables were 
created to predict resurgery patients. The number of days that the patient is re-intervened after the first surgery is one 
of the most important attributes. As mentioned in previous sections, to measure the quality of the created clusters and 
to define what best represent re-intervened patients, its necessary to have in mind the silhouette values, inter-cluster 
distance and distance to centroids.  Combining all the obtainable information from the set standards and the knowledge 
and experience of physicians and nurses, it should be possible to these health professionals to identify which patients 
are usually re-intervened. 
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