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Abstract 

Diagnosis related groups (DRGs) correspond to a classification system of great importance to the 

financing of healthcare providers. This classification system groups patients with similarities from the 

point of view of resources consumption and hospital stay duration, and is currently used in all hospitals 

in Portugal to define budget allocations for inpatient care to hospitals of the Portuguese National Health 

Service. This thesis explores the extent to which it is possible to predict DRGs with structured data from 

electronic health records (EHRs). Specifically, it develops a machine learning approach through the use 

of logistic regression models to predict DRGs, by using EHR structured data. The proposed approach 

was applied to a database with 5089 inpatient observations from the Fernando Fonseca Hospital. 

Furthermore, it was applied to the database a minimal-redundancy maximal-relevance filter in order to 

retrieve the most important attributes for each of the generated datasets. Each of the datasets was 

applied to a series of experiments in terms of finding the combination of variables that presented the 

best values for the sensitivity and predictive positive value performance measures. The results varied 

amongst predicted DRGs, with different model variations contributing to better model performance of 

distinct DRGs. For most DRGs, the best models presented high values for sensitivity and low values for 

predictive positive value. Results suggest that it is worth exploring the use of structure EHRs data to 

predict DRGs.  
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Resumo  

Grupos de diagnósticos homogéneos (GDHs) correspondem a um sistema de classificação de grande 

importância para o financiamento de instituições de saúde. Este sistema de classificação de grupos de 

pacientes com semelhanças do ponto de vista do consumo de recursos e de duração de internamento 

hospitalar é utiliza atualmente em todos os hospitais em Portugal, para definir alocações orçamentais 

para o internamento em hospitais do Serviço Nacional de Saúde Português. Esta tese explora a 

previsão de GDHs através de dados estruturados de registos de saúde eletrónicos (RSEs). 

Especificamente, desenvolve uma abordagem de aprendizagem automática através do uso de modelos 

de regressão logística para prever GDHs. A abordagem proposta foi aplicada a uma base dados com 

5089 observações de internamento do Hospital Fernando Fonseca. Adicionalmente, aplicou-se á base 

de dados um filtro de mínima redundância e máxima relevância, de modo a recuperar os atributos mais 

importantes para cada um dos conjuntos de dados gerados. Cada um dos conjuntos de dados foi 

aplicada uma série de experiencias de modo a encontrar a combinação de variáveis que apresentava 

os melhores valores para as medidas de desempenho de sensibilidade e valor preditivo positivo. Os 

resultados variaram entre os GDHs previstos, com diferentes variações dos modelos a contribuírem 

para um melhor desempenho dos modelos de GDHs distintos. Para a maioria dos DRGs, os melhores 

modelos apresentaram valores elevados de sensibilidade e valores baixos para o valor preditivo 

positivo. Os resultados sugerem que vale a pena explorar o uso de dados estruturados de RSEs para 

prever DRGs. 
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1. Introduction 

Diagnosis-related groups (DRGs) consist in a classification system for ambulatory and admitted 

patients, and it divides them into clinically coherent groups according to resource consumption and 

duration of hospital stay. Presently, this classification system is applied at all Portuguese National Health 

Service (NHS) hospitals in Portugal, in order to budget allocations coming from the NHS regarding the 

hospitals’ inpatient budgets (ACSS 2015). For this reason, correct assignment of DRGs are an important 

issue in hospital management, as the incorrect classification of a DRG may have as a consequence a 

fine, if a DRG associated with a larger payment than the correct one is used, or a loss of income, if a 

DRG associated with a larger payment gets skipped (Barros and Braun 2012). 

Thus, the goal of this thesis is to explore the extent to which it is possible to predict DRGs through the 

use of structured data from electronic health records (EHRs) present in the information system of 

hospitals. For this purpose, it is intended the use of a machine learning algorithm, more precisely by 

means of a supervised learning approach, in which the information used for the prediction of DRGs 

consist in structured patient data present in the EHRs of the Fernando Fonseca Hospital (HFF). 

 This study contributes to current literature in DRGs prediction because, in contrast to other studies, it 

only relies on the structured data of the EHRs as source of information. Furthermore, this is also the first 

study, according to our information, which focus on the prediction of DRGs in the Portuguese context. 

This work is organized as follows. Initially, in chapter 2, a context to the problem is provided, starting 

with the EHR, which are the source of the patient data, going through the coding of patient clinical 

information, to the DRGs and their preponderance in the financing of hospital. An insight of the context 

of the HFF hospital is also given. In Chapter 3 there is a literature review of the diverse methods that 

are used in the prediction and classification DRGs or similar classification systems, as well as an insight 

into the field of machine learning, particularly concerning in the techniques that may be used in the 

prediction of the DRGs. In chapter 4, the chosen methodology for the various experiments performed is 

presented. In chapter 5, the results of the DRG prediction models are shown and discussed. Finally, 

chapter 6 refers to the conclusions and to the perspectives of future work possibilities. 
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2. Context 

In this chapter it is given a perspective of the DRG classification system and its importance, in the 

Portuguese context. Initially it is given an outlook of the source of the inpatient information, the EHRs, 

followed by an analysis of EHRs information regarding the coding of inpatient clinical information. 

Afterwards, it is described the DRG classification system, its application and preponderance, in 

particular on the Portuguese Health System, through the contracting process. Furthermore it is given an 

insight about the HFF. At last, some final considerations about the context are presented. 

 

2.1 EHRs 

Technology is progressively altering the way healthcare systems work, producing significant changes in 

the methodologies and influencing the quality of the care delivered in healthcare institutions. This 

evolution is also affecting healthcare professionals, who enjoy enhancements in the technological 

support which assists them in their patient healthcare delivery tasks. While the quality of the products 

that hospitals produce improves, the quantity of data produced by the health institutions increases, with 

better quality and sources (Crammer et al. 2007). Moreover, this information (that is created and stored 

every day by healthcare providers) needs to be gathered and pooled in a way that it may be reused in 

order to support decisions and provide better services to patients (Chiaravalloti et al. 2014). Due to that 

fact, a need to provide support to manage this information has emerged, and to meet this requirement, 

the EHRs saw their importance grow.   

EHRs were not the first way to collect patient information ever implemented at healthcare institutions. 

They have as predecessors, the paper-based patient records, a form of recording patient information 

that presents a less malleable and adaptable approach than the EHRs (Tang and Mcdonald 2006). 

Nonetheless the application of EHR systems (EHRs) changed the methods used to acquire, store, 

process, manage and report patients’ data (Seckman 2013). 

An EHR consists of an important module for information management in an integrated healthcare 

system (Bird, Goodchild, and Tun 2003). It can be described as a meticulous assembly of electronic 

information on health and demographic data concerning an individual patient or a given population. Due 

to the digital format of the record, it can be shared throughout several healthcare settings, by being 

incorporated into the information systems of entire enterprises, which share common networks. This 

type of record (EHR) normally includes a huge variety of data, such as medical history, medication, 

allergies, immunization status, laboratory test results, radiology images, patient’s personal status and 

even billing information (Kierkegaard 2011).  

Concerning its primary use, EHRs are used to organize patient care, record the supply of care and 

assess the outcome of the care provided. Since the EHRs include information provided by healthcare 

professionals concerning the patients’ needs in the past periods, EHRs have influence over the outcome 

of patient care, since the diverse and vast information that they contain can be used in the decision-
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making process associated with patient care, the implementation of health policies and in the decision-

making process necessary to management (Häyrinen, Saranto, and Nykänen 2008).   

There are also extensive secondary uses for EHR that can be observed in table 1, in which each distinct 

area corresponds to one set of them (Bird et al. 2003):  

 

Table 1. Areas in which EHR have secondary uses (Bird et al. 2003). 

 

2.1.1 Types of Data Available in EHRs  

As previously described,  the EHRs were initially designed to support medical care (primary use) and 

contribute as a supporting tool in the billing process (secondary use), but  nonetheless they also started 

to gradually get involved with other functions related to the improvement of the quality of the health of a 

given population (secondary use) (Denny 2012). So the nature of the data present in the EHRs is 

influenced by both its present and future applications. Accordingly, the main types of information that 

can be retrieved from EHRs are found amongst the EHR data blocks of billing data, laboratory results 

and vital signals, provider documentation, documents from reports and tests and medication records 

(Denny 2012). The information regarding billing data and most of the laboratory results can typically be 

found within the system as a structured name-value data pair, while on the other hand, in the case of 

the clinical documentation and medication records, the information is often found in a narrative or semi-

narrative text format. In table 2 are described the types of information that are typically found in 

corresponding data blocks of the EHR (National Institutes of Health and National Center for Research 

Resources 2006). 

 

 

Secondary uses of EHR Description of secondary uses of EHR  

Medicolegal situations Proof that care was delivered, sign of conformity with legislation. 

Value management 
Performance monitoring, quality enhancement studies and consumption 

assessment. 

Research 

Epidemiological studies, improvement of new diagnostic methodologies, 

population health studies, disease prevention procedures and 

treatments. 

Policy development and  

healthcare service 

Resource distribution, health statistics investigations, case-mix analysis, 

reports and publications. 

Billing, finances and 

reimbursement 
Administration agencies, insurers or funding models. 
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Table 2. Type of information available in EHRs (National Institutes of Health and National Center for Research 

Resources 2006). 

Type of 

information 
Description of type of information in EHRs 

Billing data  

It consists mostly of codes derived from the International Classification of Diseases 

(ICD), which provides recognized codes and terminology for diseases, signs, 

symptoms, and procedures. 

Laboratory and 

vital signs 

The laboratory data and the vital signs are arranged in lists of structured data within 

the EHR and kept in a name-value data pair structure. Their fields and values can 

also be encoded by means of standard terminologies. 

Provider 

documentation 

A vast and diverse source of information. It is required for almost all of the tests and 

clinical visits billing processes, and it is normally stored within the EHR in text 

format. 

Documentation 

from reports 

and tests 

It comprises the reports generated from the health provider, patient test results and 

also some procedure’s results. The main quantity of the data is found in the form of 

narrative text results, but it is also present a combination of structured and 

unstructured results.  

Medication 

records 

They are found in different forms along with the EHR (in many cases thanks to the 

providers’ orders, which are stored in the computerized entry systems), and can be 

obtained from highly structured records. They are also used to confirm that the 

attending clinician assumed that the patient’s condition was severe enough for 

medication to be prescribed. 

 

2.1.2 Organization of data and use of EHRs  

Just as there is a typical set of data classes, there is also a classical way of arranging data in EHRs, 

which tends to be organized in a mixture of three different  methodologies: a time-oriented method in 

which the EHRs are observed chronologically;  a problem-oriented process where the notes are 

retrieved according to the situation of each patient (each situation is described with subjective 

information about the procedure performed); and finally, a source-oriented technique, in which the 

records are sorted in accordance with the method used to retrieve the information (Häyrinen et al. 2008).  

Even though there is a typical set of data and an organizational structure in the EHRs, due to the variety 

of applications of EHRs and sectors in which they are used, there are variations between both terms. 

EHRs are normally used in primary (care provided in the community by general practitioners), secondary 

(care delivered by a specialized facility) and tertiary care units (supplied by a group of specialists in a 

hospital), depending on the situation. Additionally the features and interfaces that are useful on a context 

or to a certain medical specialty  may also differ accordingly (National Institutes of Health and National 

Center for Research Resources 2006). Because of that, in EHRs, the available data, its format, level of 
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detail and even the method through which it is presented, can differ depending on the type of healthcare 

service that is being provided and also on who is the user that is accessing the EHR.  

  

2.1.3 EHR systems in Portugal  

In Portugal, there are several computerized systems and applications in various healthcare units, 

especially in hospitals. According with the 2012 report of the Portuguese National Statistics Institute 

(Instituto Nacional de Estatística 2012), from a total of 229 surveyed hospitals it was observed that all 

of those hospitals had internet access, and that 91,30% of the hospitals used some kind of medical 

software. The percentage of implementation of EHRs in various hospital services can also be observed 

in table 3.  

 

Table 3. implementation of EHRs in hospital services (Instituto Nacional de Estatística 2012). 

Hospital service  Percentage of implementation of EHRs   

Inpatient 90,00% 

External patient 84,30% 

Surgery 65,90% 

 

Globally, the implementation of EHRs in the surveyed hospitals was of around 76,90%. This piece of 

information demonstrates that the implementation of information technologies in healthcare services is 

lower than desired, and it can be a consequence of the resistance of some professionals to adopting  

new technologies (Jardim 2013).  

On another instance, in the context of the Portuguese health system, the most prominent health systems 

to take into account are the Medical Support System, the Electronic Prescription System and the 

Laboratory Management System. Generally, each one of the systems contains its own data repository, 

but the integration between the systems is low, and this process requires the implementation of several 

integration engines. Additionally taking into account the cost inherent to alterations of information 

systems, there are profound difficulties in the extraction of reliable information in order to support 

decisions (Jardim 2013).    

  

2.1.4 Soarian EHR system  

Soarian is one of the various healthcare information systems implemented in Portuguese hospitals. 

More precisely, it is amongst the information systems that are operated in the HFF (Hospital Prof. Doutor 

Fernando Fonseca 2013). It was initially introduced by Siemens Medical Solutions in October 2001 

(Haux et al. 2003), in compliance with the ISO 9001 standard. It can be described as a broad, clinically 

oriented software product designed for healthcare professional workstations. In the case of the HFF, the 
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Soarian Clinicals software is used in patient care, aiming at supporting healthcare professionals in their 

work concerning patients, transferring or discharging patients, managing their medication and 

processing documentation. In order to let healthcare professionals browse the various functionalities of 

the system, the Soarian system provides a workplace administration framework. It also provides a 

platform with an extensive list of features in order to develop the Soarian modules (persistence 

framework, security management, audit trail and version management, document management, event 

management, transaction management and cache management). Moreover, the Soarian system 

presents three main dissimilarities when compared to the same line of software products, which concern 

its workflow engine, its embedded analytics and its smart user interface (Haux et al. 2003).  

  

2.2 ICDs  

Since every health record contains a vast quantity of data, it is necessary to simplify that data and 

convert it into a format that is easier to manipulate (codes) (Cimino 1996). So, in order to abridge and 

manage such data, a categorization and classification systems is necessary (Crammer et al. 2007), and 

amongst the most prominent implemented classification systems for clinical care and healthcare 

procedures is the ICD, that is considered to be a standard diagnostic tool for health management and 

epidemiology (Chiaravalloti et al. 2014). The ICD system also embraces the analysis of the general 

healthcare condition of population groups, and it is used in a way that allows for the observation of 

incidents and  prevalence of diseases or other health-related issues (Schraffenberger 2006).  

The ICD system is based on World Health Organization guidelines (Crammer et al. 2007)  and consists 

of a healthcare classification system that provides an arrangement of diagnosis codes to classify 

diseases, injuries and procedures. It also maps out health conditions through generic categories, 

creating divisions inside those categories, by designing a code up to six characters long (containing 

typically five numerical characters and one alphabetic, but this can differ according with the ICD version), 

in a way that similar diseases or conditions are comprehended in the same major category 

(Schraffenberger 2006).   

Starting in 1900 from the ICD-1 version with only 179 codes, it has evolved into a system that contains 

more than 120,000 different codes as of the latest ICD-10-CM version (O’Malley et al. 2005). With the 

evolution of its initial intended use, from simply classifying morbidity and mortality information according 

to statistical drives (Chiaravalloti et al. 2014), into a wider range of applications, such as reimbursements 

from a third party, administrative issues, epidemiological uses and healthcare services related research 

(in which ICD codes are used to study quality, costs effectiveness and access to care). With the 

introduction of the first prospective payment system by Medicare, the diagnosis related groups (DRGs) 

that were based on ICD codes came forward as an important part of the hospital reimbursement 

process. As the reimbursement process gained importance within the healthcare system, the ICD coding 

system also became a fundamental tool in healthcare operations, due to its capacity to establish 

workload and analyze the quality of the care provided (O’Malley et al. 2005).  
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In Portugal is used ICD coding ninth revision of the ICD norm, with clinical modifications (ICD-9-CM), 

which was imported from the United States. The consensus to this classification system results from the 

study, interpretation and evaluation of adequacy of the coding rules in the Portuguese clinical practice, 

unanimously obtained by the coding physicians and auditors collaborating with the ACSS 

(’Administração Central do Sistema de Saúde’) (ACSS 2011a). It is mandatory, by order of the Ministry 

of Health, that every public health institution uses the ICD-9-CM to codify every admission and 

ambulatory of patients in order to place them under specific DRGs. 

  

2.2.1 ICD-9-CM classification and nomenclature  

Consisting of an adapted version of the ICD-9 system, the ICD-9-CM system is used to classify morbidity 

and it is a source of primary information for administrative management of medical services, as it 

characterizes the major coding system for inpatient diagnoses and procedures in many countries. The 

ICD-9-CM system uses information from the patients’ records, and groups injuries, diseases, tests, 

symptoms, data from patients’ personal history or procedures under numerical codes (Crammer et al. 

2007). These codes encapsulate the clinical procedures that indirectly lead to the reimbursement of the 

healthcare provider by a third party payer, by being amongst the main variables that affect the DRG 

assignment (Government of Western Australia 2011). ICD-9-CM codes also envelop both diagnosis and 

procedure codes (Alexander, Conner, and Slaughter 2003), containing two volumes dedicated to 

diagnosis codes and one volume to procedure codes. Moreover, the organization of the codes follows 

a strict hierarchical model based on the digits of the code (Cimino 1996), since the high level codes that 

only have 3 digits consist of broader groupings of classification while the lower level 4 to 5 digits codes 

tend to contain more specific information (Crammer et al. 2007).  

Diagnosis codes are used to report the primary and secondary diagnosis made during inpatient stay, 

those codes consist of 3 to 5 numerical or alphanumerical characters, and can be grouped into one of 

17 main partitions of codes. Codes that only contain 3 digits represent a category header and are 

inserted in one of the 17 existing main partitions, which is the minimum amount of detail needed to code 

a diagnosis (Alexander et al. 2003). When a diagnosis code has more than 4 characters, a decimal point 

precedes the third character. The use of the fourth (code subcategory) and fifth (code sub classification) 

digits provides additional subdivisions inside the groups in which the codes are inserted, offering more 

details about the diagnosis (figure 1). In order to create proper coding the largest number of possible 

digits for the occurrence should be used, so as to say that a detailed code should have 5 digits if there 

is a possibility to code with such detail (Centers for Medicare and Medicaid Services and National Center 

for Health Statistics 2011).  
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Figure 1. Example of a diagnosis ICD code, using a category header, a subcategory and a subclassification 

(Alexander et al. 2003). 

 

Unlike diagnostic codes, procedure codes comprise only 3 or 4 numerical characters with a decimal 

point after the second character. The first two numbers describe the category of the procedure 

assembled by the different systems of the human body, while the third and fourth numbers provide 

further division within the body system (Alexander et al. 2003).  

Moreover there are also additional classification codes that are alphanumeric, and start either with the 

letter E or V. In the case of the E codes, they portrait the ’Classification of External Causes of Injury and 

Poisoning‘, while the V codes describe the ’Factors Influencing Health Status Contact with Health 

Services‘, and can be used to assign a main diagnosis or an additional diagnosis indicating patient 

history or health status (Alexander et al. 2003).   

 

2.2.2 Coding data from health records  

During the coding process, the coder needs to examine all the documents from which information that 

can contribute to correctly assigning the right ICD-9-CM code can be retrieved. When a patient presents 

multiple diagnoses after allocating the codes, an order is assigned to them. Inside the hospital setting, 

certain designations determine primary and secondary diagnoses. The latter can be further divided into 

complications and comorbidities in the DRG system (Alexander et al. 2003). Good documentation 

serves multiple purposes. Not only does it enhance the quality and continuity of care through a better 

assessment of the patients’ conditions and treatments during their stay inside the health organization, 

but it also works as the only source of data for hospital billing, because the ICD-9-CM codes are 

assigned on account of what is documented in the patient records. Therefore, the accuracy  of the 

documentation provided by physicians greatly influences the quality of coding (Farkas and Szarvas 

2008). Taking into account that ICD-9-CM codes are mainly used for billing purposes, the absence of 

codes that should have been included will cause a loss in the income of the healthcare provider 

institution, while on the other hand over coding, that is, the inclusion of codes that do not correspond to 

the patient diagnosis or performed procedures puts the healthcare institution at risk of being prosecuted 

for fraud. The ICD-9-CM codes are assigned through strict coding guidelines (Centers for Medicare and 

Medicaid Services and National Center for Health Statistics 2011), and according to them, medical 

reports can have an undefined number of ICD-9-CM codes. Additionally, in compliance with the 

guidelines, if a patient’s symptom is unclear, a code should not be assigned; on the contrary, every 

specific diagnoses and procedures performed should be assigned to a corresponding ICD-9-CM code 

(Crammer et al. 2007).  
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As a way to further understand the ICD coding process in health institutions, an information pathway 

(along with the patient’s trajectory) used for a typical coding process is described for the case inpatient 

stay.  However, it has to be taken into account that specific contexts might require some variations, that 

is, even though this is a typical basic process, the details of any given phase may vary in any given 

institution, even though its main structure and purposes tend to be maintained. In order to completely 

comprehend the ICD code allocating process, the patients’ trajectory within the healthcare unit must be 

taken into account, as well as their interaction with the various healthcare providers, which reflects itself 

as an update of the patient’s health record alongside its progress within the institution (O’Malley et al. 

2005).  

A patient’s trajectory begins with the arrival at the health institution, in which the admission worker 

executes a precertification based on the admitting diagnosis. After being admitted, considering the 

clinicians’ admission diagnosis and initial examinations, patients are subjected to a set of diagnostic 

tests and undergo some procedures or treatments prescribed by the clinician through a computerized 

provider order entry system.  

At a later stage, patients meet with various medical staff members of the hospital in order to exchange 

information, and in certain cases the patient may be instructed to take supplementary tests, or be subject 

to additional procedures or treatments. Accordingly, the admission diagnosis can be altered. 

Additionally, if the care provider realizes there to be any complications they should be added to the 

patient’s set of diagnoses (O’Malley et al. 2005).  

 At the moment of a patient’s discharge, the attending physician writes a discharge summary that 

incorporates a set-up of primary and secondary diagnoses, and designates a follow-up plan. Afterwards, 

its corresponding health record and all its related documentation are conveyed in a health information 

management department, where they are analyzed in order to verify if the health record is complete and 

if the information contained in it is accurate (O’Malley et al. 2005).  

 After revising the health records, a coder assigns the various procedure and diagnosis codes, in 

accordance with current ICD coding guidelines and conventions (Perotte et al. 2014). In this process, 

after analyzing all the relevant data in the health record, the coder assigns a code for the main diagnosis, 

so that condition will be considered  the main responsible for the patient’s admission into the healthcare 

institution. Additionally, the main performed procedure is also coded, as well as, in other situations, any 

procedure that may have had to be performed in order to definitively treat a condition or a complication 

(in the case of multiple procedures, all of them are coded).   

Supplementary diagnosis codes are also assigned in the case of diagnoses that involved clinical 

evaluation, therapeutic interventions, and diagnoses or procedures that include prolonged periods of 

hospitalization or a high degree of monitoring. Other classes of codes can be assigned, for instance, V 

codes that describe disorders present throughout a patient’s stay,  E codes that consist in additional 

classification factors that influence said patient’s health status and his or her interaction with the health 

service environment,  and finally M codes that comprise an additional classification of the morphology 
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of neoplasms (O’Malley et al. 2005). Moreover, figure 2 represents the patient’s trajectory and health 

record information update in accordance with a similar timeline, along with the coding process.  

 

 

 

 

 

 

 

 

 

 

2.2.3 Accuracy in ICD coding  

Due to the wide application of the ICD system outside its original use, and thanks to its widespread use 

in clinical processes, in funding procedures and at research, the relevance given to code accuracy 

suffered a significant increase (O’Malley et al. 2005). It consists in the comprehensiveness of an 

assigned code to clarify a patient’s condition, and so it has a large impact on the quality of the decisions 

based on ICD codes. As accuracy tends to affect the application of each code in a different way, the 

Figure 2. Inpatient’s trajectory inside the health institution (on the left) and corresponding steps on the health record 

(on the right) during the ICD coding process.                                                       
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users of disease classification systems have to consider the accuracy of the classifications in diverse 

situations, so that an evaluation of the context in which disease classifications occur improves decisions 

based on them, reinforce research results, and overall improve how all this data is used.   

So if the allocation of ICD codes is taken as a simple measurement process, the patient’s condition 

would represent the true variable, while the ICD code would represent the observed variable. A method 

to evaluate the discrepancy between those variables (evaluate ICD code accuracy) is to examine 

potential sources that can lead to assigning a diagnosis code that does not correspond to the patient’s 

condition (O’Malley et al. 2005). Some general points found in table 4, regarding documentation and 

coding, can, if taken into consideration, prove to be helpful in increasing coding accuracy (Alexander et 

al. 2003).  

 

Table 4. General points regarding documentation and coding (Alexander et al. 2003). 

General points regarding documentation and coding 

The attending clinician is the responsible authority when it comes to the clinical documentation in the 

patient’s record.   

Clinicians should, as much as possible, document the basis behind their treatment decisions, by, for 

instance, documenting a diagnosis that the physicians want to confirm through tests. 

The goal of an improvement program must be to deliver a complete, specific and clear data 

documentation to the EHR.     

Enhancement of documentation is a process that influences the quality of care and financial status of 

the healthcare provider. The improvement of the documentation also falls into the hands of the 

various healthcare professionals. 

The idea that it is fundamental to provide complete documentation regarding the patient’s record 

should be reinforced amongst physicians. 

 

2.3 DRGs   

DRGs correspond to a classification system of admitted and ambulatory patients in clinically coherent 

groups with similarities from the point of view of resources consumption (costs of diagnosing and treating 

the patient) and duration of hospital stay (Costa, Lopes, and Santana 2008). They are constructed 

through the characteristics of the diagnosis and the patients’ therapeutic profiles, in order to elucidate 

what each patient’s consumption of resources in the hospital is (Santana 2006).  

Moreover, the necessary data for the DRG classification comes from general information that is available 

in hospitals, especially in discharge summaries. In fact, the designation of a DRG episode is completed 

through the use of the information registered in the discharge summaries and by using the following 

variables: main diagnosis (ICD-9-CM), secondary diagnosis (ICD-9-CM), performed procedures (ICD-
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9-CM), age, gender, discharge status and, in the case of newborns, the weight at birth (Borges et al. 

2010). This data enables an establishment with an average resource consumption rate to have 

estimations that can be used as a reference variable in asserting the duration of the patient’s 

hospitalization (Santana 2006).  

Furthermore, DRG classification is a phased process, which procedure follows the ICD-9-CM coding. 

After a medical record coder assigns diagnosis and procedure ICD-9-CM codes in the hospital’s medical 

records department, data concerning the ICD codes, along with the patient’s age, gender, discharge 

status and even, in the case of newborns, the weight at birth, is sent electronically to an intermediary 

(coder), which inputs the data into a claim processing system (Gottlober 2001). This system is 

engineered to analyze all the cases and select the ones that require further revision before being 

classified into specific a DRG. Subsequently, through an automated algorithm (grouper), all cases are 

divided into 25 Major Diagnostic Categories (MDCs) and, after a follow-up process assigned into a 

specific DRG. Finally a file is submitted, containing all the payment data assigned to each DRG (Busse 

et al. 2013).  

In addition, it can be assumed that there are two similar intentions when implementing a DRG system: 

improve the transparency of the services that are provided in the hospital, that as an example can be 

obtained by measuring the hospital’s output through patient classification, and also the implementation 

of a DRG-based payment system, that would give incentives for an efficient use of the hospital 

resources, by making payments according to the numbers and types of cases treated within the hospital 

(Busse et al. 2013). A DRG-based payment system can also offer a strong incentive to increase the 

number of cases treated and reduce the number of services used in each case, thus prompting hospitals 

to limit their activities to necessary services.   

 

 2.3.1 Early DRG classification system  

The first version of the DRG classification system was originally developed by the Health Systems 

Management Group at Yale University (Reid and Sutch 2008), with the objective of developing an 

inpatient classification system that listed the amount of  hospital resources necessary to provide care, 

and that at the same time was clinically coherent (Busse et al. 2013), considering that the designed 

groups were expected to suggest a series of clinical responses that resulted in an analogous pattern of 

resource consumption. This first version of the DRG was developed in 1973 and originally involved 54 

MDCs and 333 DRGs. The first application at a large scale of the DRG system was present In the 

prospective payment system gradually introduced by Medicare in 1983, with the version of the Health 

Care Financing Administration Diagnosis Related Groups (HCFA-DRG) system, which at that moment 

involved 470 in 23 MDCs (Busse et al. 2013).  

That first implementation of a DRG system came to gradually take the place of a previous retrospective 

cost-based reimbursement system that was established in Medicare, in which all care costs were 

reimbursed to hospitals (Busse et al. 2013). This was viewed as wasteful since the retrospective 

payment methodologies paid service providers based on their charges for providing services, which 
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produced an incentive to deliver more services, and also encouraged the acquisition and use of costly 

medical technology (Gago 2008).   

So in order to restrain the amount of resources spent on Medicare and in an effort to control payment 

growths, the DRG-based prospective payment system was implemented (Busse et al. 2013). The 

system consisted of a per-case reimbursement mechanism under which the admitted inpatients where 

divided into homogenous categories, the DRGs (Gago 2008). According with this methodology, the 

hospitals were paid an uniform amount per-case for inpatient care depending on which DRG a patient 

was classified into, or in the case of an extreme situation, like a prolonged stay or the cost of a particular 

hospitalization (outliers), the health institutions were bound to receive additional payments of minor 

dimensions when compared to the cost of the outlier hospital stays, thus maintaining a reward system 

for efficient hospitals and promoting effectiveness in less efficient hospitals, therefore providing the care 

taker with means by which resources can be optimized, in order to reduce the costs of inpatients (Busse 

et al. 2013). Additionally, according to the prospective payment system methodology, medical and 

surgical services were cataloged in DRGs, as they cluster services that were required to treat patients 

with specific diseases and develop a payment basis on the average cost to deliver care. Furthermore, 

the routine operations costs related with patient care in the DRG payments were also covered (Gago 

2008).  

In the primary version of the DRG classification system, patients were initially assigned into a specific 

DRG by using their main diagnosis (ICD code) to consign the patient into a specific MDC (a patient can 

only be assigned to one of the MDCs) that was typically related to a specific organ system or etiology. 

As a follow-up, the patients’ characteristics that would further affect the consumption of hospital 

resources were taken into account, and a patient was assigned to either a surgical category if the patient 

had performed procedures that required the use of the operating room, or to a clinical category if the 

patient had not required the use of the operating room. In the surgical group, due to the possible variety 

and quantity of performed procedures, patients were classified in accordance with the procedure that 

presented the highest hierarchy, while in the medical group patients were categorized according to the 

main diagnosis for their admission into the hospital. Moreover, in both cases of surgical and medical 

groups, further evaluation was conducted, to define if the patient’s age and complications or 

comorbidities (secondary diagnosis) would influence the consumption of hospital resources. 

Complications and comorbidities were classified based on their significance. They would be considered 

major comorbidities or complications if their association with the main diagnosis increased the length of 

hospitalization from at least one day up to three fourths. Lastly, the patient discharge status was used 

as a final factor in the classification process,  in order to assign the patient to the corresponding DRG 

(Averill et al. 2003). 
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2.3.2 DRG Groupers  

DRG groupers are algorithms that assign DRGs with the goal of clustering patients into categories based 

on their analogous clinical conditions and similarity in hospital resources used. These categories are 

identified by using the DRGs, and appointing each one of them is to a relative weight suited for the 

expected relative amount of hospital resources to be used in the patient’s treatment, relatively to the 

average amount of resources that are used normally used on a typical patient. The weights are also 

projected to take into account the cost variations between the different types of treatments. So, the 

average uniform charge for each DRG is calculated by adding the charges of all the cases of that DRG 

and dividing that value by the number of cases that were classified in that DRG. These weights do not 

vary between hospitals, but rather on a national basis.  

By associating these relative weights with the DRGs, the value of the reimbursement tends to vary in 

accordance with the patients’ resource consumption. For this reason, if a patient consumes more 

resources than foreseen, then a superior weight will be appointed to that patient in order to affect the 

hospital’s reimbursement. Thus, the most appropriated DRG grouper is the one that, with regards to a 

given population, can accurately foresee the relative hospital resources used for all the provided 

services that are to be reimbursed. In order to do so, DRG groupers should categorize hospital stays in 

a way that accurately predicts the use of resources by the hospital for the care provided. This is also a 

means for categorizing the diverse types of care that are reimbursed by the payers. Below are the tables 

5 and 6, which represent two different groupers in order to exemplify a comparison between DRG 

groupers (Borges 2012).  

  

Table 5. HCFA-DRG 16 Grouper (Borges 2012). 

DRG Description Frequency Relative weight (ordinance 132/2003) 

481 Bone marrow transplant  200 31,47  

 

 

Table 6. All Patients 21 Grouper (Borges 2012). 

DRG  Description  Frequency  Percentage   
Relative weight 

(ordinance 110-A/2007) 

803 Allogeneic bone marrow transplant  90 45,00% 22,68  

804 
Autologous bone marrow 

transplant  
110 55,00% 18,48  

 

As it can be seen in the tables 5 and 6, the type of grouper will determine the way differences between 

hospital services are drawn, as different groupers associate dissimilar DRGs with different weights. In 

table 5, the HCFA-DRG 16 grouper only possesses a DRG that describes a bone marrow transplant 
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and associates it with a weight of 31,47; while in table 6 the AP 21 grouper ensures two different cases 

of bone marrow transplant (autologous and allogeneic) and for each of them different weights are 

assigned, 18,48 to the autologous transplant and 22,68 to the allogeneic transplant. The fact that each 

algorithm assigns different weights permits each of the groupers to relate to a different hospital context, 

in other words, since the most appropriated grouper is the one that, for a hospital’s specific population, 

gives the best estimate regarding the amount of hospital resources used, for different contexts there 

may  not be a grouper that will suit all of them, but instead various groupers that are better at addressing 

each specific case (Borges 2012).  

Moreover, every DRG grouper should be evaluated in terms of its long-term viability and reliability, taking 

into account as standards for this evaluation the groupers and their accuracy in sorting out the relative 

costs of care for all of the reimbursed services.  It is on the long-term viability of a developing healthcare 

industry that the grouper’s ability to contribute in measuring the hospital’s quality and familiarity and 

experiment in the healthcare industry is.   

Additionally, since one of the main issues associated with the introduction of the DRG payment system 

is the inadequacy of the DRG weights in the context to which they are applied (Santana 2006) and in 

order to systematically adapt the compensations to the costs in the DRG payment system, DRGs have 

to constantly be revised and their weights need to be recalibrated (Busse et al. 2013). The first step 

toward this goal is the reclassification of DRGs updates, thus rearranging their suitability within the 

MDCs, and reclassifying codes in order to account for new medical technologies and treatments. 

Subsequently, in the recalibration process, DRG weights are recalculated, in a way that takes into 

account the possible changes in medical practices, technology and the variety of cases within the DRGs. 

This process makes sure that the weights truthfully reflect the value of the resources used in each patient 

classification, thus ensuring that they an efficient value for each product of the DRG classification system 

(Santana 2006).  

Furthermore, a case of a specific DRG grouper is the All Patients Diagnostic Related Groups (AP-DRG), 

that is the current grouper at use in Portugal, and was initially put into use in the US in 1988 by the  3M 

Health Information Systems Group (Averill et al. 2003). It appeared from the necessity of applying the 

DRG classification to a population different from the one on Medicare (elderly population). From the 

original Medicare DRG grouper a set of changes that enabled this application was made (Costa et al. 

2008). A relevant difference between the earlier DRG classification algorithms and the AP-DRGs is that, 

while previously the MDC were always based on the main diagnosis or procedure, the AP-DRG 

presented an MDC (Neonatal MDC) which was based on the patient’s age, more precisely, patients 

were assigned to the Neonatal MDC if they were less than 29 days old, regardless of what the main 

diagnosis was(Averill et al. 2003).  

Moreover, for the conception of the AP-DRG, the various comorbidities and complications (CCs) that 

were relevant for the specific situations were reviewed, and the CCs (secondary diagnosis) that could 

be considered as major in the corresponding situations were identified (Costa et al. 2008). So in each 

MDC, specific DRGs where the patients were grouped in accordance with the influence of their CC in 
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the use of hospital resources were created, since in many cases the presence of a major CC tended to 

have a vast relation with the patients’ use of resources (Averill et al. 2003). Currently in the AP-DRG 

there are three levels of comorbidities or complications: major CCs, the significant CCs, and no 

significant CCs (Fischer 2011). One of the advantages of this algorithm is that by settling the Major CCs 

on the level of the MDCs, it provides a manageable number of DRGs. The AP-DRG system is also 

revised annually, and a description of the AP-DRG version 12.0 can be seen on figure 3.   

 

 

Figure 3. Hierarchical Levels of AP-DRG (Fischer 2011). 

 

As seen above, Figure 3 describes the AP-DRG system version 12.0 (containing at that point 641 DRGs) 

and it serves as an illustration for the hierarchical steps taken in the DRG grouping by the AP-DRG 

algorithm (Fischer 2011), with the following order:   

1. For each hospital case, the AP-DRG grouper classifies the patient’s main diagnosis into one of 

the MDCs. There are some DRGs that cannot be grouped (1%) and some exceptions to the 

process (the cases of the transplantations and the tracheostomies).  

2. Then the algorithm performs a subdivision, separating each of the MDCs into surgical and 

medical categories.   
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3. Following that, the grouper classifies the case regarding the appearance or not of major CCs. 

In case of a Major CC the process reaches the end and the respective DRG is assigned.  

4. However, if a major CC is not detected, the final code will belong to a range of adjacent AP-

DRGs, that is, similar DRGs. In this point there are also some exceptions, as are the cases of 

newborns, HIV, and multiple traumas. 

5. Finally, amongst the adjacent AP-DRGs, there is a subdivision regarding two characteristics, 

the occurrence of CCs and the age of the patient. So the DRG can belong to four different 

groups, that is, DRGs that are divided on basis of CCs and age, only on CCs, only on age or 

that are divided neither in regard to CCs or age (Fischer 2011). To sum it up, the secondary 

diagnoses or CCs are a frequent means of characterizing the AP-DRGs (Noronha, Portela, and 

Lebrão 2004), because they consist of important information regarding the patient’s case 

complexity. Furthermore, the secondary diagnoses more firmly taken under consideration are 

the ones that differ from the main diagnosis typical process, and thus add additional complexity 

to the problem and increase the consumption of resources.  

 

2.3.3 DRGs in Portugal  

In Portugal, DRG classification systems had an early implementation led by the example of the Medicare 

Program in the United States. In accordance with the development of prospective payment systems that 

were being developed throughout Europe (Busse et al. 2013), Portugal started the implementation 

process of a DRG-based prospective payment system in 1984 (Santana 2006). Its operationalization 

was only achieved in 1990, and although the initial intention was to comprise all of the hospitals’ heath 

care related production lines into a DRG payment system, the highlight was given to the inpatient service 

in its dual aspect of billing to third party payers and payments for services within the NHS (Santana 

2006).  

Upon the initial introduction of DRG’s in Portuguese hospitals, two key objectives were established. The 

first was to generate an integrated information system to use in hospital management, established on a 

set of essential and uniform data that would allow all the levels of management to quantify and control 

their productivity, support their decision making, help on the planning of budgets and be used in the 

establishment of unbiased financial criteria; the second objective was the development of an information 

system with the ability to successfully collect, treat, analyze and transmit information within and between 

hospitals and central departments (Santana 2006).   

The current DRG system that is used in Portugal is a non-modified version of the AP-DRG that was 

imported in 2006. This DRG system is applied to all NHS hospital and patients in Portugal, in the 

production lines of inpatient services, as well as surgical and medical ambulatory (ACSS 2015). 

Moreover, the only institutions that do not apply the DRG system in the NHS are the psychiatric and 

rehabilitation care settings. Private hospitals generally do not apply the system either, but there are 

occasional exceptions.  
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Currently, the present AP-DRG system in Portugal has 660 DRGs defined within 25 MDCs, where each 

corresponds to an organ or a physiological system. DRGs are presently used in DRG-based hospital 

budget allocations coming from the NHS, where the DRG-based hospital budgets come up to around 

75-85 percent of the total of the hospitals inpatient budgets. DRGs are also used for DRG-based case 

payments from third-party payers (other organizations besides the healthcare provider and the patient). 

This type of payments corresponds to the remaining 15-25 percent of the hospitals budget (Busse et al. 

2013).  

Nonetheless the AP-DRG grouper  is a property algorithm that is not available to use for research (Averill 

et al. 2003). Thus, taking into account that a goal of this work is to develop a methodology to test the 

possibility of predicting DRGs based on structured data from EHRs, alternatives to the AP-DRG grouper 

should be searched from the available literature. 

 

2.4 Contracting  

As the funding of healthcare institutions  has evolved from a retrospective payment system into a price-

defined prospective payment system (a DRG-based system), the payments have become more 

aggregated as well, that is, the health institutions production lines started to be part of a contract at a 

hospital level, thus providing more incentives to hospitals to deliver a cost-effective care and to innovate 

technologically, in order to reduce costs and prevent deaths (Valente 2010). These contracts themselves 

were a way for the payers to have the necessities of the population attended to by appropriated medical 

care, as they establish a relation between the financial resources, the outputs and the outcomes of the 

care provided (Valente 2010). Clarifying also the responsibilities of the payer and provider of care and 

thus focusing the provision of care in its fundamental points for both parties.  

Typically, in the healthcare sector, process contracts are used. They were developed to bond the various 

healthcare products provided by the healthcare institutions, focusing mainly on the payment of inputs, 

performance or outputs. Prominently in the process contracts, there are the per-case contract types, 

which define a basic price for a specific treatment. This type of contracts is measured by taking into 

account the number of cases, the services provided on those cases and respective diagnosis, thus 

making them precise in terms of outputs,  as in the case of the DRGs that are used in hospitals for 

inpatients and ambulatory patients (Valente 2010). Additionally the typical variables that are included in 

those contracts include the volume of the service, duration, price and billing.  

The contracting process in Portugal involves a scheduling of actions concerning the ACSS, the 

departments of contracting from the Regional Health Administrations, the Ministry of Health and the 

healthcare providing institutions (both hospitals and local health units). The process consists of a 

correlation between the funding entities (buyers of the service) and the healthcare providers and it is 

stated in these program contracts what the expected healthcare results for the amount of financing 

provided are (ACSS 2011b). There are three phases involved in the contracting process: the design of 

the performance plan that adjusts the activity levels to the prospected results in accordance with the 

institutions activity and performance guidelines, the negotiations phase, in which the production 
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proposals are adjusted to the necessities of the population, and the monitoring and supervision segment, 

in which information recollected in order to perform a comparative analysis of the real performance of 

the healthcare institutions.  

Moreover, the main production areas that are contemplated in the contracts include the inpatient 

services, ambulatory, external consultations, emergency service and day hospital. Being the DRG 

system applied to the production areas of inpatient services and ambulatory. The contracts indicate a 

basic value for the different types of activities, taking into account the costs according with the specific 

hospital case. Through the contracts, the contractors establish with the providers (the hospitals) the 

quantities of the final products in each activity and their respective case-mix index, the basic prices for 

procedures, and goals concerning quality and efficiency (Valente 2010). If the healthcare services 

delivered by the provider correspond to the production contracted, each service is paid in accordance 

with the contracted reference price. Otherwise, in the case of an  inferior production, only a percentage 

of the reference price is paid (it can go from 50% to 100%), while if the health institution surpasses the 

contracted volume of services, the paying entity assumes the marginal costs of the overproduction, until 

an excess limit of excess of 10% (ACSS 2013). Additionally a certain amount of goals relating to 

economic and financial performances, as well as efficiency, is set between providers of services and 

the financers as an incentive for the providers to raise their levels of exigency and accountability, that 

correspond, in the case of hospitals, to 5% of the value addresses in the contracted services programed 

(ACSS 2013).  

 

2.5 Characterization of the HFF 

HFF is the institution from which it was retrieved the clinical data used in this study. HFF, which can be 

designated as a public corporate entity, is amongst the group of Portuguese hospitals that have part of 

their production lines financed through contracts. It started its activity in 1995 with the intention to serve 

a population of 350.000 inhabitants (Hospital Prof. Doutor Fernando Fonseca 2013) and in accordance 

with the latest population analysis on the region (Censos 2011), the total resident population has evolved 

in the late years to  around 550.000 people. According to the national age averages, the population 

served by the hospital is characterized as young due to the fact that the number of people with less than 

14 years surpasses the number of individuals older than 65 years in the hospital’s assigned population. 

Nonetheless there is a tendency for the population being served to age.  

Currently the HFF presents itself as the only public healthcare unit for acute care serving the 

municipalities of Sintra and Amadora. It relies on 772 beds, and a hospital emergency system in terms 

of medical and surgical practices. It also possesses a total of 2570 collaborators, being that 823 of them 

are nurses, 644 are medical auxiliaries, 333 are physicians and 199 are health technicians (Hospital 

Prof. Doutor Fernando Fonseca 2013).  

In the Portuguese healthcare system, healthcare centers that provide a primary healthcare service to 

patients are organized on a geographical basis. In the present case, the group of health centers that 



 

20 

 

refer patients for subsequent care in the HFF are the ones that are enclosed in either the Amadora or 

the Sintra Healthcare center clusters. 

The main function of the HFF consists in providing care to the beneficiaries of the NHS, to the 

beneficiaries of the various health subsystems, or even to external entities that may contract the 

provision of healthcare services. Therefore, its function is to provide care to all citizens in general. 

Moreover, besides its main activity consisting in the provision of care, the HFF is also involved in the 

development of health research investigation, training and education.  

Annually and under the guidelines of the NHS, the HFF’s production volume is contracted with the 

ministry of health through the ’Administração Regional de Saúde de Lisboa e Vale do Tejo’ and the  

ACSS (Hospital Prof. Doutor Fernando Fonseca 2013). The contracted volume of production is based 

on information regarding the necessities of the population in the HFF’s area of influence, where its main 

production lines are the following (figure 4):   

 

 

Figure 4. List of main production lines in the HFF (Hospital Prof. Doutor Fernando Fonseca 2013). 

 

From the main production lines of the HFF, relevance is given to the inpatient and outpatient care 

production lines, which classify patients in accordance with the corresponding DRGs.  

 

Inpatient care  

An inpatient can be labelled as a patient that is admitted to a health facility, seeking to be diagnosed or  

to perform treatments (ACSS 2009), and who remains in the facilities for  over 24 hours. In the case of 

stay inferior to 24 hours,  an inpatient could be someone who has deceased, left against medical advice  

or who has been transferred to another institution (Correia 2009). The length of stay of an inpatient is 

then accounted as the total of days of admission in the various hospital services as an inpatient, with 
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exception of the discharge day (ACSS 2009). For the classification of patients into DRGs the admission 

day’s count starting from the patient’s admission, even if the admission is made through the emergency 

service.  

In the Portuguese system, inpatients are commonly classified in accordance with the corresponding 

DRGs (ACSS 2013) and grouped by using the AP-DRG version 27.0 (Lopes and Borges 2013), in which 

the price of the DRG encloses all the services provided to a specific inpatient, including the medical 

services, supplementary diagnostic or therapeutic means. Furthermore, each incident can only 

correspond to one DRG, independently of the number of services that are provided to the patient.  

Additionally, for the inpatient payments to reflect the status of hospitals relatively to each other, in terms 

of proportion of patients with complex pathologies (DRGs of high relative weight) that in a way consume 

much larger amounts of resources, it is taken into account the case mix index (Borges 2011) of the 

hospital in question, that consists in a relation between equivalent patients and relative DRG weights. 

While equivalent patients consist in a normalization of the various classified  inpatient DRGs,  taking 

into account the  length of stay of inpatients in the registered DRGs, as well as the typical hospitalization 

period defined for each of the DRGs (ACSS 2008),  relative  DRG weights consist in coefficients that 

reproduce the expected cost with the treatment of a typical patient that is grouped in a specific DRG, 

expressed relatively to the average cost of a normal patient at a national level (ACSS 2013).  

  

Medical and surgical ambulatory outpatients  

An ambulatory episode corresponds to a patient stay in a health institution of less than 24 hours, which 

can either correspond to a medical or surgical ambulatory situation (ACSS 2009). A surgical ambulatory 

is a scheduled surgical intervention, in which a patient can be discharged in less than 24 hours. On the 

other hand, the medical ambulatory corresponds to one or more medical interventions with the goal of 

providing a treatment or a diagnosis, performed in the same session in a period of time on less than 24 

hours (Correia 2009). Furthermore, only a single DRG that involves all acts performed in the ambulatory 

session can be assigned, independently of the number of performed procedures (ACSS 2009).   

As previously in the inpatient services, also in this case of the medical and surgical ambulatory are 

activities classified in accordance with their DRGs, grouped using AP-DRG version 27.0, and also in 

accordance with the CMI of the hospital’s ambulatory service (ACSS 2013).  

  

2.5.1 Information Technologies at the HFF  

Following a strategy to improve its efficiency and control its costs, through an informatization process, 

the HFF promoted and followed up on the evolution of information systems within itself, in both decision 

support and clinical areas. In 2010 a transverse information system started, in a phased manner, to be 

implemented in various areas of assistance. Currently, it fully incorporates the emergency department, 

and has an 80% implementation along the inpatient service, a 91,5% application rate in the operating 

theater and a lower implementation of only 60% in the outpatient services (figure 5) (Hospital Prof. 
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Doutor Fernando Fonseca 2013). The goal of this implementation is to, in a transverse matter, outlined 

alongside all hospital departments, obtain in a consistent format the prescriptions of complementary 

means for diagnosis and therapeutics, medication, as also the implementation of EHRs.  

 

 

Figure 5. Graphic of the percentage of used EHRs in the diverse hospital services (Hospital Prof. Doutor 

Fernando Fonseca 2013). 

 

One of the purposes of the informatization process is to address the patients’ health records in a global 

manner. Taking advantage of the quality of the EHRs in the HFF, it has been possible to identify clinical 

indicators that contribute to the construction of a data platform that is unique and transversal to all of the 

HFF, where preponderance is given to data that concerns with healthcare delivery, data that is 

adequately coordinated in accordance with the type of predominant pathologies in the hospital structure. 

Through this it is possible to identify the hospital’s characteristics in terms of healthcare delivery, and 

thanks to that the effectiveness of the clinical flows increases, as does the hospital’s organizational 

efficiency, thus influencing the improvement of the quality and security of provided healthcare. Moreover, 

as the healthcare institution has a substantial role on healthcare-related research, the availability of well-

structured and transversal healthcare records within the hospital presents itself as an advantage for the 

researchers (Hospital Prof. Doutor Fernando Fonseca 2013).  

Furthermore with exception of the intensive care unit, the computerization of health records allows the 

motorization and adjustment of administrative data (discharge the HOSIX information system) with data 

retrieved from the EHR (discharge in the Soarian information system) in an agile and translucent way, 

thus validating an important institutional indicator. 
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2.6 Final considerations 

Along this chapter is presented an insight about EHRs and their properties regarding to the management 

in a healthcare system, as well as the types of information that could be found in EHRs. Posteriorly, it is 

reviewed a specific type of information present the EHRs, the ICD codes, which correspond to a 

classification systems for clinical care and healthcare procedures. Furthermore, as seen before, ICD 

codes (clinical information), alongside demographic parameters are used by the AP-DRG grouper in 

order to assign a DRG. Nonetheless, since this grouper is a copyrighted product, and is not available to 

the use in investigation, further literature search and review must be done in order to pursue the 

objectives of this work. 
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3. Literature Review  

In this chapter it is presented a literature review of diverse methods used for the classification of DRGs, 

and in the prediction of DRGs or similar classification systems. Initially are studied papers that use DRG 

groupers for the classification of DRGs, in order to analyze their processes and source of information. 

Posteriorly are analyzed articles in which machine learning techniques are used to predict DRGs or 

similar classification systems. 

Afterwards, taking into account that the chosen methodology for this work is the use of machine learning 

techniques for DRGs prediction, an insight in the field of machine learning is given, with emphasis on 

supervised learning and its most important algorithms which can be applied in the prediction of DRGs. 

 

3.1. Studies regarding DRGs  

In this overview, two types of studies in relation to the DRGs or similar classification systems are 

presented. In table 7, studies in which DRG groupers were used in the classification of DRGs are 

described, while in table 8 are represented studies that used machine learning algorithms for the 

prediction of DRGs or similar classification systems. 
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Table 7. Studies that use DRG groupers in the classification of DRGs. 

Article 

‘The development of 

Australian refined diagnosis 

relates groups: the Australian 

inpatient casemix 

classification’ (Duckett 2000). 

‘The diagnosis related groups 

enhanced electronic medical 

record’ (Müller et al. 2003). 

‘DRG-type hospital payment in 

Germany: The G-DRG system’ 

(Quentin et al. 2002). 

‘Accounting and 

reimbursement schemes for 

inpatient care in France’ 

(Bellanger and Tardif 2006). 

‘Casemix accounting systems 

and medical coding’(Lowe 

2001). 

‘Estimating the Cost of 

Complications of Diabetes in 

Australia Using Administrative 

Health-Care Data’ (Clarke et al. 

2008). 

What is done 

in the paper 

The development of the 

Australian patient 

classification system is 

outlined. 

The construction of a user 

interface to all DRG-related 

clinical and administrative data is 

described, within electronic 

medical records. 

The paper portrays the 

implementation of the G-DRGs, 

where all discharged patients are 

allocated to an exact DRG. By a 

grouping algorithm that uses the 

inpatients‘ hospital discharges‘ 

dataset. 

The tools and procedures 

used in the implementation 

of the French prospective 

payment system are 

described and examined. 

This paper focuses on the 

adoption of the DRG coding 

system in New Zealand’s 

healthcare system. 

This study aims at demonstrating 

how critical and long-term costs 

can be projected for major 

complications of diabetes. 

Type of DRG 

Australian Refined DRG (AR-

DRG) classification, that uses 

ICD-10 codes with Australian 

modifications (ICD-10-AM). 

German DRGs (G-DRGs), which 

consist of an adaptation of the 

AR-DRGs. 

G-DRG, a DRG system that is 

based on the AR-DRGs. Australian 

codes for procedures are 

transformed into German procedure 

classification codes (OPS), and 

Australian codes for diagnosis are 

converted into ICD-10-GM (German 

Modification). 

The French DRG 

classification system is 

used. Developed using as a 

basis the HCFA-DRG 

system, and taking account 

modification to include the 

All Patient Refined DRG 

system (APR-DRG). 

In New Zealand the DRG 

classification at use is the 

Australian National DRGs. 

The classification system consists 

of the Australian National DRGs. 

Origin of  the 

data 

A dataset of information on 

patients treated in a specific 

group of hospitals. 

Electronic medical records. 
Inpatient hospital discharge 

datasets. 

Discharge summaries of 

inpatients. 
Medical records of inpatients. Hospital records of patients. 

Type of 

variables 

used 

ICD-10-AM codes that 

comprise diagnosis and 

procedure codes (main and 

secondary), demographic 

data, discharge status and 

length of stay. 

Diagnoses and procedure codes, 

age, sex, admission mode, weight 

at birth in the case of newborns, 

duration of mechanical ventilation 

and length of stay. 

Main diagnosis, performed 

procedures, secondary diagnosis 

and patient characteristics such as 

sex, age and the weigh (in the case 

of newborns). 

Length of stay, diagnosis 

and procedure codes (ICD-

10) and age. 

Main and secondary diagnosis 

(ICD), procedure codes (ICD), 

age, sex and discharge status. 

Main diagnosis, additional 

procedures and diagnosis, sex, 

age and year in which the episode 

occurred. 
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Classification 

methods 

Initially, the AR-DRG grouper 

allocates patients into one of 

the 23 MDCs. 

Subsequently, each of the 

MDC is further divided into 

Adjacent DRGs that represent 

clusters of related procedures 

and diagnoses. 

Finally, the Adjacent DRGs 

are split into single DRGs on 

the basis of an enquiry of 

clinical and demographic 

factors, that impact resource 

consumption. 

Per request of the users, the 

software assigns a DRG taking 

into account the features data that 

is inserted. 

As a result, besides assigning the 

patient with a specific G-DRG, the 

grouper also reveals its MDC, its 

complications and its comorbidity 

levels, amongst other data. 

The AR-DRG grouper starts by 

allocating patients into one of the 23 

MDCs.  

Subsequently, each of the MDC is 

further divided into Adjacent DRGs 

that represent clusters of related 

procedures and diagnoses.  

Finally, the Adjacent DRGs are split 

into single DRGs on the basis of an 

enquiry of clinical and demographic 

factors, that impact resource 

consumption. 

Initially the main diagnosis 

is taken into account, which 

is used to group the 

inpatient episode into one of 

the MDCs. Then, additional 

features are considered, 

such as the procedures 

performed, comorbidities 

and age. In order to classify 

the inpatient episode into a 

DRG. 

Originally, on the basis of the 

main diagnosis, a given episode 

is sorted into one of the MDCs. 

Then, through the combination 

of main and secondary 

diagnosis, with treatment data 

and the remaining features, the 

DRG is allocated to the episode 

of care. 

The information retrieved from the 

hospital records is used to 

estimate hospital costs by 

grouping patient’s into DRGs. 

Results and 

limitations 
     

The evaluation of the association 

of inpatient costs with diabetes-

related complications concludes 

that these complications influence 

inpatient costs, especially in the 

year in which they arise. 
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Table 8. Studies that use machine learning techniques to predict DRGs. 

Article 
‘Automatic selection of diagnosis procedure combination codes based on partial treatment data relative 

to the number of hospitalization days’ (Okamoto, Uchiyama, and Takemura 2012). 

’Potential identification of pediatric asthma patients within pediatric research database 

using low rank matrix decomposition’ (Viangteeravat 2013). 

What is done in 

the paper 

Based on standard treatment information with relation to the amount of hospitalization days, a 

methodology is created and evaluated to select diagnosis procedure combination (DPC) codes. 

Using a pediatric dataset, an asthma prediction model is developed, taking into account 

APR-DRG codes. 

Type of DRG 

coding 

DPC codes, a Japanese diagnosis group classification system that is based on the DRG system. 

 

APR-DRGs, which are considered the most thorough classification system of severity of 

diseases for pediatric patients.  

Origin of  the data 
Treatment information of patients that was stored before their discharge, which serves as a basis for the 

classification algorithms to use in the accurate prediction of DPC codes. 

A Pediatric research database, which serves as a basis for the classification algorithms 

to accurately predict asthma cases (APR-DRGs related to asthma). 

Type of variables 

used 

DPC codes comprise 14 digits that relate to the prediction variables. The initial 6 digits of a DPC code 

indicate the disease. On the other hand, the other 8 digits of the DPC code correspond mainly to: 

disease severity, complications, requested operations, purpose of the admission, age of the patient and 

necessary treatments. 

Discharge status, admitting diagnosis, main and secondary diagnoses, principal and 

secondary procedures, sex and age. 

Prediction 

methods 

For the prediction of DPC codes the assigned algorithms are a Naïve Bayes method, a Support Vector 

Machine (SVM) and an ensemble of the two previous methods. 

Low Rank Matrix Decomposition (LRMD) is used as a methodology to learn from 

previous APR-DRGs datasets (of asthma-related pathologies), this algorithm is capable 

of mining dominant features and later calculate outcomes. Its results are compared to 

another more prominent technique, the Nonnegative Matrix Factorization (NMF). 

Evaluation of the 

prediction 

methods 

Evaluation of the classification prediction is done through a 10-fold cross-validation, where precision is 

measured for different situations.  

Initially the dataset is divided into 4 equal subsets, so that the system is trained and 

tested on 4 interactions (cross-validation).  

Results and 

limitations 

A combined method of both SVM and Naïve Bayes algorithms produces in all the situations the best 

result. Also, by taking into account the best performer out of 5 possible DPC codes, the predictions of all 

the algorithms are 85 % accurate in terms of precision. There are certain limitations when using 

classification models in general, as for instance their requirements in terms of data, as they need a 

reasonable amount of data to correspond to each of the classes that are studied. 

Taking into account that the goal of the algorithms is to predict the asthma cases (APR-

DRGs related to asthma), greater importance is given to the sensitivity (not missing 

asthma cases) of the algorithm. In the trade-off between sensitivity and specificity, the 

LRMD surpasses the NMF algorithm in all measured combinations. Additionally, the 

LRMD presents as a minimum considered specificity of 54%, for the maximum 

considered sensitivity of 92%. 
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3.1.1 Conclusions of the studies regarding DRGs  

By observing tables 7 and 8 it is possible to assert some conclusions. Both the grouper classification 

methods in table 7 and the machine learning prediction methods in table 8 use information that is 

typically originated from patient records. Additionally, for both cases, the type of information used in the 

studies tended to always involve ICD diagnoses and procedure codes, and demographic data. 

On the other hand, in the grouper methods (table 7) the patients were allocated into a MDC in the basis 

of the main diagnosis (ICD code), and the patient is assigned to a DRG by the combination of main and 

secondary diagnosis with demographic data. While in the machine learning DRG prediction methods 

(table 8), techniques such as Naïve Bayes, SVM and LRMD are used to learn from previous datasets. 

This information leads to the conclusion that although diverging in terms of methodologies, machine 

learning methods use the same type of information to make DRG prediction, as grouper methods use 

to classify DRGs.  

Moreover, as seen by the meager number of studies that were found regarding the prediction of DRGs 

by machine learning methods, this is a problem that still does not have many solutions according to the 

existing literature. Furthermore, it were not found any studies that contemplated the use of only 

structured data from the EHRs. For that reason it is proposed an overview of machine learning methods, 

in order to combine the already gathered information regarding the known studies, with a research about 

some of the most prominent types of machine learning algorithms, so as to develop a methodology in 

the prediction of DRGs by machine learning methods with the use of structured EHRs data. 

 

3.2 Overview of machine learning 

Machine learning consists in a science field dedicated to the construction and analysis of models (such 

as algorithms) that can learn from datasets, a learning process that typically occurs through the 

accumulation of experiment and results on the improvement of a certain task. Thus, since the intention 

of this work is to predict DRGs based on the information in datasets, this technique is chosen for the 

process. Amongst the field of machine learning  there are two main types of machine learning problems: 

supervised and unsupervised learning (Shashua 2008) (Casella, Fienberg, and Olkin 2006). 

Unsupervised learning is a term that refers to problems in which the dataset only includes data regarding 

the input variables, but does not include a dataset of the output variable (class variable), so the goal of 

the algorithms in this analysis is to explore the characteristics of the input variables in order to find things 

such as patterns, trends, outliers and clusters amongst the input data (Shashua 2008) (Casella et al. 

2006). 

Oppositely, supervised learning is related to a set of problems in which the dataset includes data 

regarding the input variables and also the correct output of the chosen class variable. With this data, the 

supervised learning algorithms try to find functions of the input variables that approximate the already 

known output variable, so that in future situations, just by presenting the input variables, one can 

correctly assign the output variable. Supervised learning problems can be further divided into two 
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subclasses: regression problems, when the output variable is a continuous numerical value, and 

classification problems, when the output is a categorical value (Casella et al. 2006).  

When it comes to supervised learning algorithms, they can be grouped in two main types, the parametric 

and the nonparametric. The parametric algorithms assume that the data they use has a statistical 

probability distribution of a specific type (as for example Normal or Bernoulli), and so, independently of 

the size of the dataset, there is a defined number of parameters that describe the distribution of the data 

(Naïve Bayes, Linear and Logistic Regression). Nonparametric algorithms, on the other hand, consider 

that the data presents an unspecific probability distribution, since the amount of parameters in these 

algorithms increases in accordance with the quantity of data that is used by those same algorithms 

(SVM, Decision Tree and K-Nearest Neighbor). Due to its relevance to the current work, a further insight 

into supervised learning methods is given by analyzing different types of algorithms that can be used in 

this process. 

 

3.3 Supervised Learning Algorithms 

From the diverse available supervised machine learning methods, those who had a more significant 

presence in the literature were chosen for a further description. This methods can be seen in the 

following sections. 

 

3.3.1 Linear Regression 

Linear regression algorithms are regression methods that express a class attribute as a linear 

combination of a group of attributes using predetermined weights known as regression coefficients 

(Witten, Frank, and Hall 2011), where the variance along the class attribute is presumed to be constant, 

being the slope of the regression line defined by the regression coefficients, that can only be applied to 

regression problems (not applicable to classification) (Han and Kamber 2006). In equation 1 it is possible 

to observe that the prediction of class attribute (y) is linearly dependent on the various attributes (xn) 

taking into account the regression coefficients (wn). 

 

y = w0 +  w1 × x1 + ⋯ wn × xn  (1) 

 

As this type of algorithm deals with supervised learning problems, in the cases of the training dataset,  

a class variable with the true values of the class attribute is present, and so by calculating the difference 

between the known values of the class attribute and the values that are predicted by the linear regression 

for the class attribute, it is possible to obtain the error of the prediction (Han and Kamber 2006). 

Nonetheless, since the goal of the linear regression is to give the most appropriated prediction, it needs 

to minimize the prediction error. A method that performs such a process is the sum of squares, that 

estimates the best straight line that minimizes the error between the actual class variable cases and the 
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estimation at the linear regression line, by finding the weight coefficients that reduce the error to a 

minimum (Witten et al. 2011).  

Furthermore, linear regression methods only work on numerical attributes, so categorical attributes have 

to be converted into numerical values in order to be used. A way to do it is by creating dummy variables, 

in which N numbers are used to characterize an attribute with N categories, where the value 1 (true) 

corresponds to the presence of the attribute, and the value 0 to the absence of it (MathWorks 2015). If 

there are some missing values, the algorithms can handle them by replacing the categorical missing 

values by the mode and the numerical missing values by the mean, which nevertheless introduces some 

bias in the prediction (Han and Kamber 2006). 

The main advantages of this type of algorithms is the simplicity of the method, including the  minimization 

technique, which is a straightforward process that is simple to interpret, and it has extensive applicability 

to regression problems (Witten et al. 2011). Oppositely, in linear regression, if the data presents a 

nonlinear dependency, the algorithms still search for the best straight line that fits the dataset, which 

could not fit well if the dataset presented a nonlinear relation between the attributes and the class (Witten 

et al. 2011). Nonetheless this technique is not suitable for this application, because it can only be applied 

to regression problems, and the prediction of DRGs consists on a classification problem. Nonetheless 

this technique is not suitable for this application, because it can only be applied to regression problems, 

and the prediction of DRGs consists on a classification problem. 

 

3.3.2 Logistic Regression 

Logistic regression algorithms build a classification model based on a transformed target variable, where 

the target class variable can only take the values of 0 and 1 (binary classifier), and it can be used only 

on classification problems (not applicable to regression problems) (Ohno-Machado 2001). Furthermore, 

logistic regression algorithms, by taking into account the dataset variables, aim at predicting the 

probability (p) that a instance with certain known features ( xn)  has of belonging to a certain class (value 

of 1) rather than being excluded from such class ( value is 0) (Burns and Burns 2008). 

While the probability of an instance belonging to a certain class only has a range of values between 0 

and 1 (1 representing with full certainty), by using the log function to transform the probability values 

into a log distribution, it is possible to use datasets with values that range between infinity negative and 

infinity positive for the prediction of the class attribute.  

 So, as in the linear regression function, it is possible to relate the values of the dataset attributes (xn) 

by taking into account certain weights (wn) to the class variable. In the case of the logistic regression, 

the dataset attributes are used through the logistic function (log function) to predict the probability that 

an instance with certain features has of belonging to a specific class. In equation (2) it is possible to see 

the application of the logistic function, that by being rearranged originates equation (3), a formula that 

calculates the probability (p) of a instance belonging to a certain class (Witten et al. 2011). 
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logistic(p) = log (
p

1−p
) =  w0 + wn × xn  (2) 

 

p =
1

1+e(−w0−wn×xn)      (3) 

 

Moreover, in order to adjust the prediction of the classification to the actual values of the class variables, 

the appropriated weights must be calculated. In logistic regression, that is done through the 

maximization of the log-likelihood of the model, in which an arrangement of weighted least-square 

regression problems is solved, so as to converge with the log-likelihood as much as possible (Witten et 

al. 2011). 

Furthermore, logistic regression algorithms can only use numerical attributes, thus categorical attributes 

have to be converted into numerical attributes. As  in linear regression, also in logistic regression models 

the attributes are transformed by creating dummy variables (MathWorks 2015). In the case of missing 

values amongst the dataset features, the algorithms can handle them by substituting the categorical 

missing values by the mode and the numerical missing values by the mean, nevertheless introducing 

some bias to the prediction (Han and Kamber 2006). 

Since logistic regression algorithms can only be applied to two-class problems, techniques have to be 

applied to use these algorithms in multiclass problems. Amongst those techniques is the one-versus-

rest (one versus all), where a binary classifier is created for each of the different classes. These new 

classifiers predict the presence or absence of a determined class, as in the classification process they 

consider for each possibility one of the classes as the positive class and the remaining classes as part 

of the negative class (Witten et al. 2011). Another possible method to use in order to apply logistic 

regression algorithms to multiclass problems is the one-vs-one, where the different classes that are 

present in the dataset are gathered in groups of two, in a way that a binary classifier is created for each 

possible combination of two different class values of the dataset. Through this method, it is possible to 

distinguish between every pair of classes, and so each instance is assigned to the class it has most 

frequently been classified to amongst the various binary classifications (Han and Kamber 2006). 

An advantage of logistic regression algorithms is their relative simplicity, which makes them good 

techniques to use as initial approaches in an analysis. Oppositely, a disadvantage of logistic regression 

algorithms is, similarly to linear regression, the assumption that there is a linear dependency between 

the class variable and the remaining variables of the dataset, which will lead to inadequate fitting of the 

data in the case of a nonlinear dependency between the data (Witten et al. 2011). 
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3.3.3 Decision trees 

Decision trees consist in machine learning methods in which the learning function is represented by a 

flowchart-like tree structure that can be used for both  classification and regression problems (Mitchell 

1997). They are formed by a collection of decision nodes (internal node), attached by branches that are 

prolonged downwards from the root node until reaching the leaf nodes (Larose 2005). Every decision 

node represents a test on an attribute, while the branches represent the outcome of the tests, and finally 

every leaf node represents an assigned class attribute (Han and Kamber 2006). The algorithms can 

handle either binary or multiclass classification problems, so the leaf nodes can refer to either one of 

the N classes in the dataset (Aly 2005).  

The most common decision tree algorithms (ID3, C4.5 and CART) embrace a greedy approach (non-

backtracking) building decision trees through a top-down approach, in which the training set of instances 

is successively divided into smaller subsets (Han and Kamber 2006). A standard approach of a greedy 

decision tree algorithm consists in a recursive process, in which an initial attribute is selected to be 

located in the root node, from where branches originate for each of the possible values of that attribute, 

thus dividing the training set into smaller subsets in accordance with the values of the selected node 

attribute. Those branches then lead again to decision nodes, systematically repeating the process until 

a node is reached where all of the instances have the same class value, or where there is no information 

gain, or where there are not any more attributes to use as split criterions (Witten et al. 2011).     

Since the algorithms are intended to produce the smallest possible trees (that is, to reach the terminal 

nodes as quickly as possible), it is necessary to correctly choose the attribute to use in each split of the 

dataset. So, techniques such as information gain are used to choose the best attribute at each  stage 

of the construction process (Witten et al. 2011) (Aly 2005). Information gain consists in an attribute 

selection method that can help decision trees to minimize the number of tests required to classify an 

instance, thus ensuring that a simple tree is obtained. This method selects for each node the attribute 

that minimizes the required information to classify the instances of the training set in the resulting 

subsets. The chosen attribute for the splitting process is the one that presents the highest information 

gain (Han and Kamber 2006), that in a given subset corresponds to the reduction in information 

requirement (entropy) that is produced by knowing the value of the attribute. Consequently, by testing 

the various attributes on a certain node, it is possible to choose the most appropriate attribute for the 

split, that is, the attribute that presents the highest information gain. This process is performed in a 

cyclical manner until a leaf node is reached, in which all the instances in the node belong to a specific 

class (as seen in the figure 6 example) (Mitchell 1997). 
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Figure 6. Example of a classification process in a decision tree (Han and Kamber 2006). 

 

If a decision tree, instead of aiming to implement a classification, intends to perform a regression, the 

tree is constructed through a similar process, with the essential difference of the impurity measure 

(entropy) that is used. In regression trees, instead of the information gain measure that is used in 

classification trees, as a quality measure of a split the mean square error of the estimated value is used. 

Through this method, in a tree node if the error is considered tolerable (lesser then a predetermined 

value) a leaf node is created. Otherwise, that is, if that error is not acceptable, the data in the node 

continues to be split up until the sum of error in the branches is minimal. Similarly to classification trees, 

at each node the attribute that minimizes the error of the tree is selected (Shashua 2008). 

In decision trees, a method for dealing with instances that present missing values in some attributes is 

to assign to that attribute the most common value for the attribute in the subset that is being analyzed. 

Another solution is  to assign the most common attribute amongst the subset that belongs to a certain 

class (Mitchell 1997). In the dataset, when there is an attribute with categorical values from the decision 

node, a branch for each known categorical  value of the attribute is created, dividing the training set  into 

the same number of subsets  as the different categorical values of the attribute (Han and Kamber 2006). 

In the case of a continuous attribute, the training set decision node is divided by a split point (that 

normally corresponds to the mean), that divides the training set into a subset of instances with values 

of the chosen attribute lower or equal to the split point and another subset with instances with an attribute 

value higher than the split point (Han and Kamber 2006). 

Decision trees present advantages such as their robustness to errors, since they can withstand both 

errors in the classification of the training set and errors in the attribute values that describe the instances 

(Mitchell 1997). They  are also robust to noisy data and can  work with high dimensional data (Han and 

Kamber 2006). Furthermore, decision trees are easily  interpretable and understandable by human 

analysts, since their resulting models are easily comprehendible and  their classification steps are simple 

(Bellazzi and Zupan 2008). Additionally, it is also possible to visualize the decision trees  (Sumathi and 

Sivanandam 2006) and their construction does not require domain knowledge or parameter setting (Han 

and Kamber 2006). Moreover, decision trees present a low computational complexity, due to the use of 

robust heuristics for selecting the best split attributes. To sum it up,  they are considered highly efficient 

methods with good classification accuracy (Sumathi and Sivanandam 2006). 



 

34 

 

One of the disadvantages for decision trees listed it is their instability, because small changes in the 

dataset can have as an outcome the formation of entirely different trees (Wu, Kumar, and Steinberg 

2008). Moreover, some decision tree algorithms can create highly complex trees that have difficulties in 

generalizing the data well (overfitting). However, it is possible to mitigate the overfitting problem by 

requiring a minimum number of samples at a leaf node or by setting the maximum depth for a tree 

(Bellazzi and Zupan 2008). 

 

3.3.4 SVMs 

SVMs consist in binary algorithms that can be used in both classification and regression problems which 

were initially designed for two-class classification problems. They discover an optimal separating 

decision boundary (known  as  hyperplane) that separates the two output classes (different outcomes) 

in the training set (Han and Kamber 2006), with the largest possible separation margin  between the 

classes (Witten et al. 2011). Additionally, SVMs discover the hyperplane through the use of support 

vectors, that correspond to the instances of the dataset that are the closest to the optimal separation 

decision boundary, being the support vectors represented in at least one instance for each different 

class. Furthermore, in order to find the most appropriated hyperplane, SVMs maximize the border 

among the two classes, which corresponds to the amount of space between both of the classes, or in 

geometric terms, to the smallest distances between the closest instances (of both classes) to  the 

hyperplane (figure 7). Additionally, each of the instances is assigned to a class, depending on its position 

in relation to the hyperplane (Han and Kamber 2006). 

 

Figure 7. Example of a division of a binary dataset by a hyperplane. The plus signs and dots represent the 

different classification types, the dashed lines represent margins around the hyperplane and the circles around 
the instances denote the support vectors (Shashua 2008). 

 

Besides being applied to linear separable data by  using linear kernels (no kernels), SVMs can be used 

in cases where the training dataset is not divisible,  by the  use of functions such a sigmoid or 

polynomials, that are non-linear kernels (Witten et al. 2011). This type of kernel works by using a 

nonlinear mapping to transform the original training set data into a higher dimension, and with the help 

of support vectors in this new dimension, they search for the best dividing hyperplane to divide the data 
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into the two possible output classes. In the new dimension, it is possible to solve the problem with the 

linear SVM formulation, searching, as previously, for the maximal margin hyperplane, since this margin 

in the transformed plane corresponds to the nonlinear separation of the data in the original plane (Han 

and Kamber 2006). The selection of the correct kernel depends essentially on the properties of the 

dataset and on the field of the problem. Since in datasets that use real world data there is not always a 

hyperplane that completely divides de examples of the different classes, in those situations a soft margin 

method is used,  dividing the datasets as clearly as possible (Bellazzi and Zupan 2008) (Clarke, Fokoué, 

and Zhang 2010). 

In addition to classification, SVM algorithms can also be used in linear or non-linear regression 

problems. In this case their objective is to discover the relation between the input variables and a 

continues output variable (Han and Kamber 2006). Since in the training set assessed the actual values 

of the output variable are present, the basic goal of the regression is to approximate the predicted value 

from training instances to their actual value by minimizing the prediction error. In the SVMs regression 

there is a user-defined error parameter that defines an area around the regression function where the 

error (difference between the real output value of instances and the value that is predicted by the 

regression function) is ignored, and this error parameter controls how well the function fits the training 

dataset. As previously, also in the case of the SVM algorithms in regression the support vectors are 

used, which in this case represents instances located within the borders but outside the user-defined 

area around the regression function, being these support vectors used to calculate the error of the 

regression function. In a cyclic manner, SVM algorithms minimize the error and try to elevate the 

smoothness of the regression function (Witten et al. 2011). 

SVMs can only function in real valued space, which obliges categorical attributes to be converted into 

numerical values (MathWorks 2015). A method to achieve this is to create dummy variables, in which N 

numbers are used to characterize an attribute with N categories, where the value 1 (true) corresponds 

to the presence of the attribute and the value 0 to its absence. In the SVM algorithms, missing numerical 

values are substituted by the mean, while absent categorical values are replaced by the mode (Han and 

Kamber 2006). Furthermore, as in the class of logistic regression, also SVMs use techniques such as 

one-versus-rest and one-versus-one to in order to be applied to multiclass problems (Witten et al. 2011). 

On the plus side, SVMs can create different and complex (including nonlinear) decision boundaries, 

which contributes to their high accuracy and robustness (Witten et al. 2011) (Wu et al. 2008). 

Additionally, SVMs also have a high generalization quality and are easy to train, requiring only a small 

number of training examples (Wu et al. 2008). They are also less disposed to overfit the data than other 

algorithms, since the complexity of the classifier is not characterized by the dimensionality (number of 

different attributes) of the dataset, but instead by the number of support vectors, which provide a 

compact narrative of learning model (Clarke et al. 2010). Thus SVMs are not affected by the curse of 

dimensionality (Clarke et al. 2010). 

On the down side, SVMs use formalisms that are difficult to interpret by human experts (with the 

exception of linear kernels) (Bellazzi and Zupan 2008). Moreover, these algorithms tend to take a large 
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amount of time in the training process (Han and Kamber 2006), making them slow when compared to 

other types of algorithms, especially if they are applied to nonlinear problems (Witten et al. 2011). 

 

3.3.5 K-Nearest Neighbor 

K-Nearest Neighbor (K-NN) algorithms consist of lazy learners, methods in which the training data is 

stored and  only posteriorly used when a new unclassified data instance is analyzed, in both the cases 

of classification and regression problems (Larose 2005). K-NN algorithms learn by analogy, by 

comparing a given unclassified data instance to instances on the training set that are similar to it (Han 

and Kamber 2006). In order to classify  unknown new instances, the algorithm  measures the distances 

from the new instances to every instance in the training set, in order to find the k instances (neighboring 

groups) in the training set that are closest to every new unclassified instance (Sumathi and Sivanandam 

2006) (Aly 2005). This process is done through the use of a distance function that typically corresponds 

to the  Euclidian distance (Mitchell 1997). After that , the algorithm assigns the new instances to  a  class 

label based on the predominant class of the most similar training instances in the k neighborhood groups 

(Aly 2005) (Wu et al. 2008). The number of closest neighbors is normally chosen empirically through a 

validation or cross-validation set by testing a scope of K values, in order to minimize the classification 

error (Larose 2005). Typically, the number tends to be uneven (Mitchell 1997). Additionally, it is typical 

to normalize the values of the attributes in the training set, before using the K-NN algorithm, so as to 

avoid that attributes with large ranges overshadow attributes with small ranges, generally using a scale 

ranging between 0 and 1 (Han and Kamber 2006) (Witten et al. 2011). 

Besides being used for classification (predict a categorical outcome), it is also possible to use the K-NN 

algorithms for regression problems, giving as an output a continuous variable. That can be done through 

various methods, such as by simply calculating the average of the output variable of the chosen k 

nearest neighbors, or through the use of a locally weighed average where, with the use of weights, some 

instances of the K nearest neighbors contribute more than others to the resulting average. The distance 

functions used in the K-NN for regression are the same that the distance function used for classification 

(Larose 2005). 

In K-NN algorithms, since it is not necessary to construct a model from the training set. No training is 

necessary to use this type of algorithms, so the classification time of K-NN algorithms is linear to the 

size of the training set for each of the test objects. When there are instances that present categorical 

values, instead of using the Euclidean distance, the Hamming distance is used, which simply 

corresponds to attributing a value of 0 when the categorical attributes of the instances are equal and a 

value of 1 when the categorical attributes differ (Witten et al. 2011). If an instance presents a missing 

value on an attribute, the algorithms assume the maximum possible distance (for example, 1 in a 0-1 

scale)  between this attribute and the attribute it is being compared to (belonging to a different object) 

(Han and Kamber 2006). In numerical attributes, if only one of the instances has a missing value, it is 

considered the normalized value of that instance as the distance between the values of the instances 

attribute (Witten et al. 2011).  



 

37 

 

On the plus side, K-NN algorithms are able to deal with complex and random decision spaces, and have 

highlights that might not be easily described by other algorithms (Han and Kamber 2006). Furthermore, 

they are also predominantly appropriated for multi-modal classes and operations in which an object can 

have various class labels (Wu et al. 2008). Finally, they consist in methods that are robust in the case 

of noisy data and efficient when using a sufficiently large training set, so even taking into account that 

they consist of simple algorithms, in many cases they can present an accuracy level similar to that of 

more elaborated methods (Mitchell 1997). 

On the down side, since the K-NN methods are lazy learners and do not require any time to estimate 

parameters from the training set (Wu et al. 2008), every unidentified object comprises the calculation of 

the distance between the unlabeled instance and all the labeled instances in the dataset. In the case of 

large training sets, this can be computationally expensive and thus take a prohibitive amount of time 

(Han and Kamber 2006), since all the calculations occur at the time of the classification (Mitchell 1997). 

Additionally, in the K-NN algorithms, the expected distance to the closest neighbor increases 

exponentially with the number of dimensions (number of attributes), unless the size of the training set 

highly increases in accordance with the number of dimensions. Another issue related to the distance-

based comparisons is the assignment of weight to the attributes. By using the distance-based 

comparison, the algorithms will typically assign the same weight to each attribute, thus making the 

accuracy of the algorithms vulnerable to the presence of irrelevant or noisy attributes (to solve this issue, 

it is possible to alter the algorithms in order to assign different weights to the attributes or to preprocess 

the data so as to remove irrelevant attributes) (Han and Kamber 2006). Furthermore, the models 

obtained by the K-NN algorithms are not easily interpretable and they provide a narrow insight of the 

structure of the data (Han and Kamber 2006). Moreover, K-NN algorithms also need a balanced 

database that includes as many different combinations of the attributes as possible, particularly with the 

representation of unusual classifications in a fair amount (Larose 2005). 

 

3.3.6 Naive Bayes 

Naïve Bayes methods consist of statistical classifiers that forecast a class value by taking into account 

a collection of attributes, and can only be applied in classification problems (Han and Kamber 2006). 

They are based on the Bayes rule, where the probability of an outcome is equal to the product of the 

previous probability times the conditional probability of the attribute value given the specific outcome 

(Bellazzi and Zupan 2008). Essentially, the Naïve Bayes classifiers calculate the probability of all the 

attributes conditional to the class value, determine a combined conditional probability for the attributes, 

and finally, by using the Bayes rule, calculate the conditional probabilities for the classes (Tanwani et 

al. 2009). As a result of this process, an output of the most probable class is given. These methods can 

also be used for multiclass problems, but are not applicable to regression problems (Aly 2005). 

This type of algorithm works by initially gathering and forming a training set where each instance is 

associated with a class label (class attribute). Each instance in the training set is represented by a vector 

(X) containing as elements the values of the various attributes, and for each instance the Naïve Bayes 

classifier predicts that it belongs to a specific class (Ci). This is the class that, amongst all the possible 
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classes(Cm),  presents the largest posterior probability, taking into account the values of the attributes 

of the instance (vector of the attributes) that are being analyzed. The maximization of all the possible 

classes can be seen in equation (4): 

 

Max(P(Cm|X)) = P(Ci|X)   (4) 

 

By applying the Bayes theorem to this maximization, and taking into account that the probability for a 

instance (P[X]) is equal for all of the class values (and can therefore be omitted), as well as that Naive 

Bayes algorithms assume that between the attributes there are no dependence associations (attributes 

are conditionally independent), Bayes theorem can be applied through the equation (5) so as to calculate 

the probability of an instance (X) belonging to a specific class. (Han and Kamber 2006): 

 

P(Ci|X) = P(Ci) × ∑(P(Xn|Ci)    (5) 

 

Besides that, when it comes to missing values on an attribute, Naive Bayes simply omit the attribute, 

calculating the probabilities based only on the attributes that are present (Witten et al. 2011). When 

dealing with a categorical attribute, the probability of a instance belonging to a specific class is equal to 

the number of instances in the training set of that specific class with the same categorical value, divided 

by the number of instances that belong to that specific class in the dataset (Han and Kamber 2006). 

Otherwise, as in the case of an attribute with continuous values, the presence of a Gaussian (normal) 

distribution is taken for granted, and by using the values of the mean and standard deviation of the 

attribute, the probability of an instance belonging to a specific class can be calculated (Han and Kamber 

2006). 

Additionally, since the effect of a zero probability cancels out the effect of all the others, when 

encountering an attribute value that does not occur, a technique called the Laplace estimator is used, 

which consists in considering that the training set is so big that by adding 1 occurrence to each 

necessary count, the variation in the expected probabilities is insignificant (Witten et al. 2011). 

Furthermore, Naïve Bayes algorithms assume that the attributes are independent, and considers that 

the effect of an attribute on a specified class is independent from the value of the remaining attributes. 

This class conditional independence is taken into account with the purpose of reducing the computation 

(Han and Kamber 2006). 

Naive Bayes algorithms present some advantages, such as being easy to implement, since they do not 

require any complex iterative parameter estimation scheme (Bellazzi and Zupan 2008), which makes 

them quickly applicable to large datasets, as well as good baseline algorithms for comparative studies 

(Han and Kamber 2006). They are also easily interpretable, making it possible for users that are not 

familiar with classifier technology to interpret the classification (Wu et al. 2008). Furthermore, despite 
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being simple algorithms, when it comes to accuracy and speed, they typically present a performance 

that is similar to that of more complex methods (Witten et al. 2011). Additionally, they consist of invariant 

estimators that require only a small training set to achieve an accurate estimation (Wu et al. 2008). 

The disadvantages of Naive Bayes algorithms lie on the fact that they consider the various attributes in 

the dataset to be independent, an assumption that may affect the performance of the algorithms,  if 

redundant attributes are used in the learning process (this effect can be reduced by carefully selecting 

the attributes) (Han and Kamber 2006). Moreover, they assume that the continuous attributes are 

distributed in a normal manner, which does not always correspond to the truth (the type of distribution 

can be  altered, so this problem can be avoided) (Witten et al. 2011). 

 

3.4 Conclusions of the literature review 

In this literature review, were initially presented studies regarding to the classification of DRGs by 

groupers methods and the prediction of the DRGs by machine learning methods. It could be seen in this 

studies that, although using different methodologies, machine learning methods used the same type of 

information to make DRG prediction as grouper methods used. Nonetheless, from all of the studies 

found, no study used solely the structured data from the EHRs to predict the DRGs, as it is proposed in 

this work.  

Posteriorly, it was performed an overview of the most well-known machine learning methods that could 

be used in the prediction of DRGs. Even though most of the studied methods could be applied to the 

prediction problem, they all presented different advantages and disadvantages amongst themselves. 

Thus, it was concluded that there was not a specific machine learning method that should be used in 

the prediction of DRGs, being the chosen method dependent on the desired analysis and possible 

limitations. 

Since there are not studies in the literature that use only structured data from EHRs to predict DRGs, 

as it was seen by the literature review, in the next chapter it will be suggested a new procedure type to 

predict DRGs. It will be proposed a machine learning methodology that uses structured data from EHRs 

to predict DRGs. The choice for the used machine learning algorithm will also be made in accordance 

to the advantages and disadvantages found in this review. 
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4.  Methodology 

In the previous chapters, the importance that DRGs hold in the financing of hospitals in the NHS was 

described, more precisely how they represent around 75% of the hospitals’ budgets concerning 

inpatients in  the Portuguese national health system (Busse et al. 2013). Making the correct coding of 

DRGs an important issue in hospital management, as the incorrect classification of a DRG may have 

undesirable consequences, such as a fine if it is incorrectly coded a DRG associated with a larger 

payment than the correct DRG, or a loss of income if it is missed a DRG associated with a larger 

payment (Barros and Braun 2012). A literature review of the different methods that have been used in 

the prediction and classification of DRGs (or similar classification system) was also presented, which 

included methods regarding machine learning techniques. Additionally, an overview of the most 

prominent machine learning techniques was also given.  

Taking into account those reviews and the fact that, in the literature, it was not found a methodology 

that used only structured data from EHRs, it is suggested in this chapter a supervised machine learning 

methodology to predict DRGs based on information retrieved from structured fields of EHRs. The chosen 

method is the logistic regression that is used through the use of the software Stata® (StataCorp 2015). 

In figure 8 an overview of the proposed methodology is described. The process starts by the collection 

and treatment of structured data from the EHRs in order to obtain a database of attributes, to which a 

minimal-redundancy maximal-relevance (mRMR) filter is applied (Peng 2005) that selects the variables 

in the database that relate the most with a specific chosen group of DRGs (MDC 4 and MDCs 5+1+16 

datasets). These chosen variables are then used to construct a dataset for the prediction of the 

previously selected group of DRGs, and later an assembly of different experiments in terms of 

classification models for the prediction of each DRG is proposed by using a logistic regression approach. 

Furthermore, the models in those experiments are evaluated in different ways by performance measures 

such as the sensitivity and predictive positive value (PPV), they are also measured in terms of a 

goodness-of-fit measure by the McFadden pseudo r-squared. Finally, the contribution and significance 

level of each independent variable is taken into account through the use of the coefficients and the p-

value of each variable. 
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Figure 8. Scheme of the developed methodology. 

 

Sensitivity 
and PPV

Goodness-of-
fit and pseudo 

r-squared

Coefficients 
and  p-value 

MDC 4

MDCs 5+1+16

mRMR filter

Experiment
with all the 

independent 
variables

Experiments 
with only and 
without ICD 
codes data 

block

Experiment 
with variables 

ordered 
according to p-
value criterion

Experiment 
with variables 

ordered by 
mRMR filter 

criterion

Structured 
data from 

EHRs

 

 

  

 

 

 

 

 

 

 

 

 

 

 

4.1 Collection and treatment of data 

Initially in the methodology, it is necessary to retrieve the necessary and appropriated information to 

describe inpatient episodes from the EHRs, a process that is performed previous to this work (Ferrão et 

al. 2013). This is achieved through the use of the data contained in the structural fields of EHRs in the 

Soarian EHR system, in which the information can be referred to as demographic data, clinical 

information or medical services and therapies. In the demographic group, the data comprises data 

blocks regarding sex, age, origin and discharge status. While in the medical services and therapies 

group the information consists of a data block related to (treatment) prescriptions and of another with 

patients’ medication. Finally, in the clinical information group, the elements of the EHRs consist of data 

blocks related to patients’ personal histories, allergies, diagnosis (ICD codes) and assessments (table 

9).  
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 Table 9. Type of data blocks in EHRs of the database. 

Data Group Type of data block Description of data block 

Demographic Age Patient's age  

Demographic Sex Patient's sex  

Demographic Discharge status Type of discharge status 

Demographic Origin Origin of the patient 

Medical services 

and therapies 
Medication 

Prescriptions of medication  used in the diagnosis, 

prevention or treatment of a disease 

Medical services 

and therapies 
Prescriptions 

Prescriptions of medical exams, nursing procedures 

and clinical analysis 

Clinical information  Personal history Personal history of the patient 

Clinical information  Allergies Patient's allergies 

Clinical information  Diagnosis 
Diagnosis attributed by doctors throughout  the 

episode, represented by ICD codes 

Clinical information  Assessments  Parameterized medical forms 

 

To characterize the demographic information in the EHRs,  several variables are taken into account, 

such as the sex, the origin and the discharge status,  which are encode into categorical variables, and 

the variable of age, which is encoded  through the use of its original values. 

 Meanwhile, in the medical services, as well as in and therapy groups and the clinical information group, 

most of the data blocks are completely structured (the assessments data block is the exception), since 

they are composed by items that can be chosen from catalogs. Thus a binary variable can be defined 

for every component (item) of the catalogs, in order to characterize the absence or presence of a 

component of the catalogs in a given patient episode. 

Oppositely, in the clinical information group, the assessments data block consists of both structured and 

unstructured data regarding medical concepts, from which only the structured data is considered (the 

unstructured data is discarded). Nonetheless, due to its diversity of values, nature (categorical or 

numerical) and the possibility that various assessments relate to the same consideration, the 

assessments cannot be converted immediately to variables. If the assessments are related to the same 

concept, they are converged into the same variable, while assessments with various values are either 

divided into two variables, which either relate to the minimum and maximum of the observed values (if 

the data is numerical) or contemplate all the assessments values into variables by being encoded 

through the use of dummy variables (in the case of categorical data) (Ferrão et al. 2013). 

Lastly, the procedure of mapping raw EHR data is automated in order to obtain a data matrix 

representation, due to the high quantity of data and  variables. To do so, a routine that takes the raw 

data  retrived from the EHRs is applied, which produces as output results a data matrix representation 

of the database in wich each collum symbolizes a variable and each line an patient episode. 
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4.2 Filter 

Furthermore, a database that is generated from the EHRs structured data contains a vast number of 

variables that do not carry equal importance in terms of relation with the DRGs, being in some cases 

redundant to future models. Therefore, since it is important, while building a classification model, to 

minimize the classification error, it is essential in any database to identify the independent attributes that 

better characterize a database. This is the function of feature selection, which consists in the process 

of choosing a subset of variables from the available training data, thus reducing the training time and 

improving the performance of a supervised learning algorithm. 

Feature selection methods are divided into two groups, the wrappers and the filters. Wrapper 

approaches contemplate feature selection as a search problem, where by using a learning algorithm 

and through the space of feature subsets, different combinations are arranged, evaluated and compared 

to other groups. Alternatively, filters do not require knowledge of the algorithm that will be using the 

variables, thus they select variable sets that can be used by every learning algorithm to study concepts 

from that training set. The use of a filter is selected over a wrapper due to the filter’s ability to scale large 

datasets and also because the filters’ speed is higher than that of wrappers (Das 1994). Amongst the 

diverse type of possible filters, as a feature selection method to the database, a  mRMR filter is chosen 

(Peng 2005) to retrieve only the most important information. That selection is made because the mRMR 

filter is well documented amongst the literature (Peng 2005) and due to the success of its implementation 

in other studies (Mundra and Rajapakse 2010) (El Akadi et al. 2011). 

The mRMR filter is defined by both the maximal relevance and minimal redundancy criterions, and it 

has the goal to find, amid a database, a group of variables (amongst all of the independent attributes of 

the database) that optimally define the class attribute (target classification variable). As the optimal 

characterization of the target class variable refers to a minimization of the classification error and 

requires a maximal statistical dependency of the class variable of the group of selected independent 

variables (maximal dependency). So as to obtain this maximum dependency, a maximal relevance 

attribute selection criterion is used, which selects the variables with the utmost relevance to the target 

class attribute. This relevance is then defined in terms of mutual information. In the maximal relevance 

method, the selected variables are required to individually have the biggest mutual information with the 

target class variable, making the group of variables the N most important individual attributes. 

Nonetheless, by only using the maximal relevance criterion, it is possible that the selected variables 

have a great deal of redundancy, as the dependency between the selected attributes could be 

substantial. Furthermore, when two attributes are significantly depended on each other and one of them 

is removed, there is not a substantial reduction on the ability of the remaining group of variables to 

discriminate the target class attribute. This minimal redundancy condition is then used to, along with the 

maximal relevance criterion, select the group that includes the most important individual attributes, and 

thanks to the minimal redundancy criterion, to exclude attributes that contain very similar and redundant 

information.  
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4.3 Constructed datasets 

When applied to a database, the mRMR filter selects the independent variables (in that database) that 

it considers to be the most appropriate for the prediction process of a chosen binary class variable. 

Taking this into account, from the database, the independent variables that relate the most to a specific 

group of DRGs can be selected (the relation can be to a MDC but also to DRGs of various MDCs), 

through the use of a binary class variable that represents, for each of the instances in the database, the 

presence or absence of their DRG in the selected group of DRGs. Therefore, through the use of the 

mRMR filter, particular datasets for specific groups of DRGs can be constructed. 

In terms of datasets, the MDC 4 dataset and the MDCs 5+1+16 dataset are chosen. The MDC 4 dataset 

is based on DRGs of the ’Diseases and disorders of the respiratory system‘ MDC (MDC 4), and it is 

constructed by considering as the binary class variable for the mRMR filter the presence (or absence) 

of each instance’s DRG in the MDC 4 (Diseases and disorders of the respiratory system) and by 

selecting from the database the independent variables that relate the most with that binary categorical 

variable (MDC 4). 

On the other hand, the MDCs 5+1+16 dataset is based on DRGs of the ’Diseases and disorders of the 

circulatory system‘ MDC (MDC 5)  and on other disorders related to blood and the circulatory system  

that are present in some specific DRGs of the MDC 16 (Diseases and disorders of the blood, 

hematopoietic organs and immunological diseases) and MDC 1 (Diseases and disorders of the nervous 

system). In this case, the dataset is constructed by considering as the binary class variable for the 

mRMR filter the presence (or absence) of each instance’s DRG in the MDC 5 (Diseases and disorders 

of the circulatory system) or in disorders related to blood and to the circulatory system of the MDC 16 

and MDC 1. Being the mRMR filter used to select from the database, the independent variables that 

relate the most with the chosen binary categorical variable. 

In both datasets the same observations are present, but due to the different applications of the mRMR 

filter (Peng 2005), in each of the datasets different independent variables are present. Thus, the goal of 

having various datasets can be defined as the opportunity to use in each one, only the most relevant 

variables for their case,  while at the same time using all of the database observations in both datasets. 

 

4.4 Regression models 

4.4.1 Logistic regression 

Since the prediction process is done based on a database of observations in which the corresponding 

DRG is known, a supervised learning methodology is applied. More precisely, it is applied the logistic 

regression to generate the prediction models for the DRGs. Method in which a binary variable is used 

to represent the presence or absence of each of the DRGs.   

As described in previous chapters, a logistic regression algorithm consists in a statistical technique that 

aims at finding the most fitting classification model that describes the relation between a set of 

independent variables and a target dependent variable (DRG) (Rabe-Hesketh and Everitt 2003). It has 
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a binary outcome for the class variable (DRG) where there are only possible the values of 1 for the 

presence of a certain condition, and 0 for the absence of such condition. Furthermore, the algorithm 

does not predict the outcome directly, but rather the probability of the outcome (Long and Freese 2006). 

Thus logistic regression, by taking into account the dataset variables, predicts the probability that a 

instance with certain known independent variables has of belonging to a certain class (presence of 

DRG) (Burns and Burns 2008). 

Additionally, logistic regression is used through the support of the software Stata®, which consists in  a 

statistical  package that  can be used in the management and analysis of data, and also possesses tools 

that enable it to perform regression analysis (StataCorp 2015). Furthermore, from the possible available 

machine learning methods, the logistic regression is chosen, as it presents itself as a classification 

method that is not computationally demanding and which is, at the same time, highly comprehensible 

and offers easily interpretable results, where the impact of each variable can be captured from the 

model, enabling it to explore how the independent variables affect the probability of a given event 

occurring (Long and Freese 2006). 

 

4.4.2 Cutoff point 

Since a logistic regression model calculates the probability of an event occurring, and not straight out 

the class outcome (absence or presence of the class variable), to find the predicted class of the model 

it is necessary to define a cutoff point (c) in the logistic regression. And then in accordance to the cutoff 

point compare each of the estimated probabilities (p) of the model accordingly, in order to obtain the 

binary class variable (y) that corresponds to the absence or presence of a class variable (predicted 

response), as described in equation 6. 

 

𝑦 =  {
1       𝑖𝑓      𝑝 ≥ 𝑐

         0      𝑖𝑓      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (6) 

 

4.4.3 Proposed experiments 

For both of the constructed datasets is proposed an assembly of different experiments (table 10), in 

which, through the use of a logistic regression machine learning technique, classification models are 

built for the prediction (of the presence or absence) of each DRG. Initially, it is considered an experiment 

regarding all of the independent variables present in the dataset, which is performed in order to have an 

overview of the predictive capability of models in which all of the diverse independent variables are 

present. 

Furthermore, experiments that are based on the data blocks of the independent variables in the dataset 

are also proposed in order to explore the predictive potential of the ICD codes (diagnosis data) data 

blocks. Those are divided into two types of experiments, one in which the DRGs are predicted by only 
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using the variables that refer to ICD codes, and another that takes into account the various data blocks 

of predictors that can be present in the dataset with the exception of ICD codes. Thus by excluding the 

ICD codes, the experiment uses  only independent variables related to demographic data, medication, 

prescriptions, assessments, patient’s personal history and allergies.  

Subsequently, two experiments using stepwise logistic regression models are taken into account. One 

is done by starting with the lowest p-value variable, and by adding variables in accordance with their 

progressively larger p-value. The other one is done by starting with the most relevant variable for the 

mRMR filter and by adding variables in decreased order of relevance. These two experiments are 

performed in order to analyze the differences between the models generated with the mRMR filter and 

the p-value criterions in terms of the evaluation metrics. Additionally, in both experiments the relation 

between the amount of predictor variables in the models and their predictive capacity is to be studied 

through the use of the evaluation metrics. 

In the stepwise p-value experiment, by taking into account the p-value of the independent variables (for 

each of the DRGs) in the initial experiment (all the dataset attributes), a series of models is suggested. 

A model with only the independent variable that had the smallest p-value (most statistically significant 

variable) is initially proposed, followed by a model with the two independent variables with the smallest 

p-value, and so on, until a model with a predetermined number of independent variables is reached. 

This type of experiment is chosen in order to try to select from the datasets the variables with least 

possible amount of multicollinearity amongst themselves, and at the same time by adding the variables 

that provide the biggest increase of information to the prediction model. 

Finally, in the mRMR filter experiment, a group of models based on the order of relevance that is 

attributed to the independent variables by the mRMR filter is suggested. By starting from a model with 

only the most relevant attribute in accordance with the mRMR filter, and by adding in each posterior 

model the independent variable that follows in terms of relevance, until reaching a model with a 

predetermined number of independent variables. This type of models is chosen in order to explore the 

most relevant and least redundant variables, as described by the mRMR filter. 
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 Table 10. Proposed experiments overview. 

 

 

4.5 Evaluation metrics 

In order to analyze the performance of the models in the devised experiments, a variety of evaluation 

metrics are chosen. In terms of performance measures for models, the measures of sensitivity and PPV 

are used. Furthermore, the McFadden pseudo r-squared is applied as a measure of goodness-of-fit, in 

order to assert the extent to which the model predictors explain the variations in the class variable 

outcome. Finally, the coefficients and p-value are used in order to analyze the contributions of the 

statistically significant independent variables (predictors) in the models. 

 

4.5.1 Sensitivity and PPV 

Models used in classification problems are usually evaluated with the assistance of a confusion matrix, 

as seen in table 11, in which the columns correspond to the model’s predicted class (absence or 

presence of the selected DRG) and the rows to the actual class that is present in the dataset. In this 

type of matrix, the true positive corresponds to the instances that present the positive examples that are 

correctly classified; the false negative relates to the instances with positive examples that are incorrectly 

classified as negative; true negative corresponds to the instances with negative examples that are 

correctly classified as negative; and finally, false positive corresponds to instances with negative 

examples that are incorrectly classified as positive. These classification models use confusion matrix as 

a way to retrieve the necessary information to calculate the metrics that evaluate quality of the 

predictions.  

Type of 

experiment 
Used variables Experiment objective 

All variables 
All of the independent variables 

present in the dataset 
Overview of the predictive capability of models 

Using only ICD 

code variables 

Only  variables that refer to 

diagnosis data (ICD codes) 
Explore importance of the ICD codes 

Excluding ICD 

code variables 

Excludes variables that refer to 

diagnosis data (ICD codes) 
Explore importance of the ICD codes 

Stepwise p-value 

criterion 

N independent variables with 

the smallest p-value 

Study the relation between the amount of 

predictor variables in the models and the 

performance of these models 

Stepwise mRMR 

filter criterion 

N Most relevant variables to the 

mRMR filter 

Study the relation between the amount of 

predictor variables in the models the and 

performance of these models 
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Table 11. Confusion matrix for a binary classification problem. 

 Predicted 

Actual 0 1 

0 True negative False positive 

1 False negative True positive 

 

In the performed experiments, the performance measures of sensitivity (recall) and PPV (precision) are 

taken into account as evaluation metrics. This occurs due to the fact that the prediction of the DRGs 

from the available datasets creates unbalanced learning problems, which demands focusing on the 

prediction evaluation metrics for the positive examples of the class attribute (minor class). That is why 

the sensitivity and PPV are chosen as evaluation metrics, because of their relation with the minor class, 

as well as due to the fact that they do not use number of true negatives (examples of the major class 

correctly classified) in their calculations (Chawla 2005). Furthermore, the PPV (equation 6) relates to 

the false positives examples in the confusion matrix, provides an understanding of the percentage of 

instances that are incorrectly classified as positive (false positive), and it is also sensitive to the 

distribution of the classes. While the sensitivity (equation 7)  relates to the false negatives examples in 

the confusion matrix, as it provides understanding of the percentage of instances that are incorrectly 

classified as negative (false negative) (Menardi and Torelli 2010). 

 

Predictive Positive Value =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (6) 

 

Sensitivity =
𝑇𝑃

𝑇𝑃 +𝐹𝑁
  (7) 

 

Oppositely, the most commonly used metric to evaluate the quality of the predictions as accuracy and 

the receiver operating characteristic (ROC) curves are discarded due to their relation with the major 

class (negative examples of the class attribute). Due to the imbalanced nature of the datasets, where 

the major class is prevalent, this type of metrics would merely present great overall results simply by 

being able to predict the major class and ignoring the minor class (positive examples of the class 

attribute), which would not provide much information (Menardi and Torelli 2010). 

Nonetheless, the metrics of sensitivity and PPV also present a conflict amongst themselves. If by 

example, there is an increase in the number of observations from the minor class and that are correctly 

classified (true positives), this can lead to an increase of the number of instances that are incorrectly 

classified as positive in the minor class (false positive), and so by increasing the sensitivity of a classifier, 
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the PPV can be decreased. Due to this relation between both metrics it is assumed for the cutoff point 

in the logistic regression that maximizes the value of the product of both sensitivity and PPV. 

 

4.5.2 Goodness-of-fit and pseudo r-squared 

In linear regression models, it is normal to measure the ability of a model to fit a dataset through the use 

of the r-squared, a system that cannot be used in logistic regression models, since they do not directly 

calculate a predicted class, but rather the probability that an instance has of being classified into that 

class (Hoetker 2007). Thus, in nonlinear regression models as logistic regression, the use of the pseudo 

r-squared value as a goodness-of-fit summary statistic is proposed. Nonetheless, a vast variety of 

different methods to calculate the pseudo r-squared exist. Methods which have different formulations 

(Hu, Shao, and Palta 2006), and thus will present dissimilar values for the same models, while all trying 

to achieve some desirable characteristics. Such as providing an interpretation of the information 

contained in the dataset, and having the ability to generalize in a way that covers the diverse types of 

classification models (Cameron and Windmeijer 1997). 

Amongst the possible methods of calculating the pseudo r-squared, the McFadden pseudo r-squared is 

the one selected. It uses a likelihood-ratio index, which compares a model without predictors to a model 

with all of the predictors (Hu et al. 2006), and demonstrates how it is possible to obtain gain in likelihood 

due to the presence of explanatory independent variables (Veall and Zimmerman 1996). This is 

described in equation 8, where 𝐿0 corresponds to the value of the likelihood function in a model without 

any predictor, and  𝐿𝑚 the maximum likelihood of the model that is being estimated (model with all the 

predictors). 

 

𝑃𝑠𝑒𝑢𝑑𝑜 𝑅2
𝑀𝑐𝐹𝑎𝑑𝑑𝑒𝑛 = 1 −  

𝐿𝑚

𝐿0
= 1 −

log (𝐿𝑚)

log (𝐿0)
  (8) 

 

If a model contains no predictive ability, the likelihood values for such model will be similar to the 

likelihood value of the null model (no predictors), being the ratio of the initial and final likelihoods not far 

off 1, and thus the McFadden pseudo r-squared value close to 0. Oppositely, if the model explains most 

of the variations in the class outcome, the ratio of likelihoods value would be near 0 and thus, the 

McFadden pseudo r-squared value would be close to 1.  

When compared to other pseudo r-squared measures, the McFadden pseudo r-squared presents some 

advantages, since in binary logistic models it is less sensitive to incorrect specifications in the error term 

(Veall and Zimmerman 1996). Furthermore, the interpretation of McFadden is more intuitive than those 

of other pseudo r-squared measures. Additionally , McFadden pseudo r-squared also presents a 

reduction in the error measure that is similar to the one used by the r-squared method in linear regression 

(that calculates the r-squared) (Menard 2000). Finally, in the case of a skewed distribution, the 
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McFadden pseudo r-squared is the closest pseudo r-squared measure to the r-squared calculated in 

linear regression (Menard 2000). 

 

4.5.3 Coefficients and p-value  

Typically, in most of the experiments, there is a difference between the groups that are studied, and in 

order to assert those differences, hypothesis tests are used. This type of test formulates a null 

hypothesis, where it is considered that there is no difference between the groups that are being studied, 

while the alternative hypothesis of the test claims that there is a difference between the groups that are 

being studied. The p-value relative to that  test is the  strength of that claim (significance) (Long and 

Freese 2006). 

The p-value is used in the logistic regression experiments to test, in each independent variable, the null 

hypothesis that the coeficient parameter is 0. An independent variable with a p-value inferior to  a 

predetermimed  value of alpha (chosen value) is considered statistically significant, thus rejecting the 

null hypothesis, as the independent variable is considered to be statistically diferent from 0. Oppositely, 

if the p-value is higher than a predetermined alpha, the null hypothesis cannot be rejected, and the 

independent variable is not considered  statistically sgnificant. So the p-value of an independent variable 

determines if it is important to the model, that is, if it has a statistically significant relation with the 

dependent variable (DRG class variable). 

Additionally, in logistic regression, coefficients describe the contribution of correspondent predictors 

(independent variables). The  coefficient value of an independent variable symbolizes the change in the  

probability odds ratio (equation 9)  that occurs by having an one-unit modification (0 to 1)  in the value 

of the independent variable (Rabe-Hesketh and Everitt 2003). Positive coefficients signify that the 

probability of predicting the presence of a given class increases with that variable, while negative 

coefficients suggest that the probability of predicting the presence of a given class decreases with such 

variable. Nonetheless the influence of the change made in the  coefficient value over the probability of 

an event occurring is dependent on the original probability of such event (Hoetker 2007). Furthermore, 

when  independent variables are binary, their influence over the dependent variable can be compared 

by analyzing their coefficients (Rabe-Hesketh and Everitt 2003). 

 

𝑂𝑑𝑑𝑠 𝑟𝑎𝑡𝑖𝑜 =
𝑝

1−𝑝
=  

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑜𝑓  given class 

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑎𝑏𝑠𝑒𝑛𝑐𝑒 𝑜𝑓 given class 
   (9) 

 

4.5.4 Cross-validation 

Moreover, as it is stated by the various proposed experiments, there is an intention to generate 

classification models from an available dataset. However, by using all of the dataset instances in the 

prediction, the produced models may exhibit an adequate prediction ability on the training data that is 



 

51 

 

used to create such models, but they can fail to predict future unseen data. Due to that reason, cross-

validation is used on the dataset. 

Cross-validation consists in a statistical method of evaluating the learning algorithm that divides the 

dataset into a training set, in which the data is used to learn the model, and into a test set, which is used 

to validate the model. Additionally, by using the method in the form of the k-fold cross-validation (figure 

9), the dataset is divided into k subsets of identical sizes, and k interactions between the training set 

and the test set are performed in a way that, in each of the interactions, a different subset is chosen 

from the k subsets to be used as a test set, while the remaining subsets are used as the training set to 

learn the model. Furthermore, the k-fold cross validation method can be used to evaluate the learning 

algorithms, since for each of the k models predictions regarding the training set and test set data can 

be made. The algorithms can also be evaluated according to previously determined performance 

metrics, being also possible to calculate the averages in the predictions along the k models to get a 

combined measure of the k models (Refaeilzadeh, Tang, and Liu 2009). 

 

Figure 9. Cross-validation example with k= 5 
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5. Results 

In this chapter are presented the results for the application of previous methodology. The chapter is 

divided amongst the descriptive statistics section, where it is analyzed the information regarding to the 

database, the results analysis, where there are studied the various proposed experiments, and finally 

the discussion of the results section, where it is discussed the results of the best DRG models amongst 

the proposed experiments. 

 

5.1 Descriptive statistics 

In the descriptive statistics section it is initially analyzed the available database. Posteriorly there is a 

description of the selected variables for each of the datasets, followed by a definition of the 

transformations done to the datasets variables. Finally, DRGs to be applied in the experiments are 

chosen. 

 

5.1.1 Database 

The database used in the study consisted of 5089 observations of inpatient episodes, collected in the 

year of 2013 at the Hospital Fernando Fonseca (Hospital Prof. Doutor Fernando Fonseca 2013), which 

had been formerly treated in a previous work (Ferrão et al. 2013). These episodes correspond to a 

discretization of data from patients’ EHRs. Each of the 5089 observations of the database contained an 

assigned DRG that belonged to a specific MDC, being that the distribution of the inpatient episodes 

amongst the MDCs differed vastly depending on the MDC, as it can be observed in table 12. 
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Table 12. List of MDCs and distribution of inpatient episodes. 

MDC Description of MDC 
Nº of inpatient 
episodes 

0 Pre-Major Diagnostic Categories 1 

1 Diseases and disorders of the nervous system 693 

2 Diseases and disorders of the eye 9 

3 Diseases and disorders of the ear, nose, mouth and throat 34 

4 Diseases and disorders of the respiratory system 1304 

5 Diseases and disorders of the circulatory system 890 

6 Diseases and disorders of the digestive system 374 

7 Diseases and disorders of the hepatobiliary system and of the pancreas 278 

8 
Diseases and disorders of the musculoskeletal system and of the 
connective tissue 

103 

9 Diseases and disorders of the skin, subcutaneous tissue and breasts 53 

10 
Diseases and disorders of the endocrine, nutritional and metabolic 
system 

223 

11 Diseases and disorders of the kidney and urinary tract 311 

12 Diseases and disorders of the male reproductive system 11 

13 Diseases and disorders of the female reproductive system 7 

14 Pregnancy, childbirth and puerperium 3 

15 Newborns and infants with disorders  of the perinatal period 0 

16 
Diseases and disorders of the blood, hematopoietic organs and 
immunological diseases 

201 

17 Myeloproliferative DDs (poorly differentiated neoplasms) 196 

18 Infectious and parasitic diseases ( systemic or unspecific location) 80 

19 Mental diseases and disorders 41 

20 Use of alcohol or drugs and  induced mental disorders  23 

21 Injuries, poison and toxic effect of drugs 129 

22 Burns 0 

23 Factors influencing health status and other contacts with health services 39 

24 Human immunodeficiency virus infection  84 

25 Multiple significant trauma 2 

Total  5089 

 

As revealed by the number of observations in table 12, the most represented MDC in the database 

corresponded to  ‘Diseases and disorders of the respiratory system‘ (MDC 4), that contain 1304 

(25,62%) of the total 5089 observations in the database. The following MDCs, in terms of relevance, 

were the ’Diseases and disorders of the circulatory system‘ (MDC 5) with 890 instances (17,49%), and 

the ’Diseases and disorders of the nervous system‘ (MDC 1) with 693 observations (13,62%) of the total 

database belonging to those groups. Those were the only MDCs that had at least 10% (509) of the 

database’s total number of observations. All the remaining MDC’s had little representation, or even 

none, as in the case of the ’Newborns and infants with disorders of the perinatal period’ (MDC 15) and 

’Burns‘ (MDC 22). 

Furthermore, as in the case of the MDCs distribution, the 5089 observations of the database also 

differed in their distribution amongst the 290 possible DRGs that were present in the database. The list 



 

54 

 

of the 22 most represented DRGs in the dataset (DRGs that have over 50 occurrences) and their 

corresponding MDC can also be observed in table 13.  

 

Table 13. List of most represented DRGs in database. 

MDC DRG Occurrences Description of DRG 

4 541 379 
Respiratory disorders, except infections, bronchitis or asthma, with 
major CC 

4 89 335 Pneumonia and / or simple pleurisy, age> 17 years, with CC 

5 127 230 Heart failure and / or shock 

5 544 180 Congestive heart failure and / or cardiac arrhythmia, with major CC 

17 410 144 Chemotherapy 

1 14 143 Cerebrovascular accident with  infarction 

1 533 128 
Other disorders of the nervous system, except for transient ischemic 
attacks, seizures, and / or headache, with major CC 

16 395 121 Disruption of erythrocytes, age> 17 years 

5 138 110 Arrhythmia and / or cardiac conduction disorders, with CC 

5 139 91 Arrhythmia and / or cardiac conduction disorders without CC 

21 450 85 Poisoning and / or toxic effects of drugs, age> 17 years without CC 

4 96 79 Bronchitis and / or asthma, age> 17 years, with CC 

7 557 74 Hepatobiliary and / or pancreatic disorders, with major CC 

11 320 73 Infections of the kidneys and / or urinary tract, age> 17 years, with CC 

7 202 71 Cirrhosis and / or alcoholic hepatitis 

4 90 68 Pneumonia and / or simple pleurisy, age> 17 years without CC 

11 569 68 
Disorders of the kidney and / or urinary tract except renal failure, with 
major CC 

10 566 68 
Endocrine, nutritional and / or metabolic disorders other than eating 
disorders or cystic fibrosis, with major CC 

1 15 64 
Unspecific cerebrovascular accident  and / or pre-cerebral occlusion 
without infarction 

10 296 56 Nutritional and / or various metabolic disorders, age> 17 years, with CC 

6 552 53 
Disorders of the digestive system, except esophagitis, gastroenteritis 
and / or uncomplicated ulcers, with major CC 

4 87 52 Pulmonary edema and / or respiratory failure 

 

As it was expected from the observations distribution amongst the MDCs, in table 13 it was possible to 

observe that a great portion of the most represented DRGs in the database were encompassed by MDC 

4 (Diseases and disorders of the respiratory system) and MDC 5 (Diseases and disorders of the 

circulatory system). More precisely, out of the 22 DRGs with over 50 occurrences, 5 of them 

corresponded to ’Diseases and disorders of the respiratory system’ (MDC 4), while 4 of them 

corresponded to ’Diseases and disorders of the circulatory system’ (MDC 5). The 4 DRGs with the most 

occurrences belonged in these two MDCs. This prevalence of the most represented DRGs amongst the 
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various MDCs, as well as the distribution of the database observations amongst the MDCs, have led to 

the choice of the specific  MDC 4 dataset and MDCs 5+1+16 dataset. 

 

5.1.2 Selected variables 

Since the original database of data from the patient’s EHRs contained a vast quantity of information, in 

order to reduce the data to only the most relevant information, in the construction of both the MDC 4 

dataset and the MDCs 5+1+16 dataset (MDC 5 and some DRGs of MDC 16 and MDC 1), the above 

described mRMR filter was used to retrieve to each dataset the 100 most relevant attributes that better 

characterize each dataset, and at the same time to exclude collinear attributes.  

Regarding the case of the MDC 4 dataset, the mRMR filter collected from the electronic records 

database the 100 variables that related the most with the target class attribute. This class attribute was 

constituted by the 31 different DRGs that were contained in the database and were encompassed by 

the MDC 4 (Diseases and disorders of the respiratory system). Furthermore, the attributes obtained by 

the filter that constituted the MDC 4 dataset were divided into 5 different data blocks. The age data 

block, that consisted of a single attribute regarding the discretization of the age of an individual into a 

scale on intervals between 1 (corresponding to ages between 0 and 10) and 11 (corresponding to ages 

between 101 and 110); the ICD codes, that represented the diagnosis coded by the physicians during 

the patient episodes; the prescriptions, that corresponded to instructions regarding the patient’s 

undertake of certain analysis, exams or procedures; the medication data block,  that related to the drugs 

that were prescribed to the corresponding patient; and finally, the assessments data block, that referred 

to evaluations of the patient’s state. With the exception of the age variable (and also data block), all the 

variables of the dataset constituted binary variables that related to the absence of presence of a given 

condition (appendix A table A-1).  

While in the case of MDCs 5+1+16 dataset, the mRMR filter collected from the electronic records 

database the 100 variables that relate mostly with a selected group of 41 DRGs. A group in which all of 

the DRGs in the database that belonged to the MDC 5 (Diseases and disorders of the circulatory system) 

were included, and additionally the DRGs of the MDC 16 (Diseases and disorders of the blood, 

hematopoietic organs and immunological diseases) and MDC 1 (Diseases and disorders of the nervous 

system) that related to some extent to the circulatory system were also included. As previously, the 

variables were also of the same types and were defined into the same 5 data blocks of age, ICDs, 

prescriptions, medication and assessments that existed in the previous dataset (appendix A table A-2). 

So, for both the MDC 4 dataset and MDCs 5+1+16 dataset, the observations consisted of the 5089 

occurrences of the original database, being that, due to the vast number of variables that could be found 

in a database made up of EHRs data, two different datasets were created, where the same occurrences 

were present, but the variables selected by the mRMR filter differed. This was done in order to select 

from the database of retrieved EHR data a group of 100 variables that would relate the most with each 

of the two datasets, thus relating the most with those groups of DRGs.  
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5.1.3 Variables Transformation 

In both the MDC 4 dataset and the MDCs 5+1+16 dataset, with the exception of the age variable (that 

was present in both datasets) all of their independent variables were binary variables, in which the value 

of 0 corresponded to the absence and the value of 1 to the presence of a specific categorical attribute. 

Each of the 5089 occurrences on the dataset consisted of a inpatient’s hospital episode (each one was 

represented by a specific numeric code) and for each of the datasets the 100 variables considered to 

be the most important by the mRMR filter were present, along with the corresponding  DRG of each 

inpatient episode (each instance). 

From the original variables of the datasets, some alterations were made before those were used in the 

logistic classification models. In both datasets, the categorical variable of age, that was not binary and 

presented 11 different states corresponding to the various different age groups in which the inpatients 

could have been classified into, was transformed through the use of dummy variables into a set of 11 

different binary variables, each one corresponding to the absence or presence of the inpatient in each 

of the age groups in the initial age variable (table 14). This transformation elevated the total of 

independent variables to 110 in each dataset. Additionally, also the corresponding DRG labels of each 

of inpatient hospital episodes were transformed by the use of dummy variables in order to generate a 

binary variable that corresponded to the presence or absence of each of the DRGs. These binary DRG 

variables would later be used as class variables in the DRG prediction models.  

 

Table 14. List of generated age variables. 

nº Age variables Data block Description 

1 Age1 Age Age 0 to 10 

2 Age2 Age Age 11 to 20 

3 Age3 Age Age 21 to 30 

4 Age4 Age Age 31 to 40 

5 Age5 Age Age 41 to 50 

6 Age6 Age Age 51 to 60 

7 Age7 Age Age 61 to 70 

8 Age8 Age Age 71 to 80 

9 Age9 Age Age 81 to 90 

10 Age10 Age Age 91 to 100 

11 Age11 Age Age 101 to 110 

 

5.1.4 Chosen DRGs 

As seen in many applications of machine learning techniques to real world data, the datasets that have 

been chosen presented an imbalance of the target class variable (the chosen DRG). In such a situation, 

there is a major class of the variable (the class with the biggest number of instances), that in the datasets 

corresponded to the absence of a specific DRG. And a minor class of the variable (the class with the 

smallest number of instances), that in the datasets related to  the presence of a specific  DRG 
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(Longadge, Dongre, and Malik 2013). This situation could have lead the produced models to be biased 

towards the major class, or even to ignore the minor class and predict everything as the major class 

(Longadge et al. 2013). So, in order to diminish the possible effects of the imbalance of the data in the 

selected datasets, only the DRGs that had in each dataset over 50 observations were selected for an 

analysis, thus implying that the minor class of the target variable on these DRGs had at least around 

1% of the total of observations in the 5089 dataset. In the MDC 4 dataset, 5 DRGs that are described in 

table 15 were chosen, while in the MDCs 5+1+16 dataset there were chosen the 7 DRGs represented 

in table 16. 

 

Table 15. DRGs of the MDC 4 dataset used in the proposed experiments. 

MDC DRG Occurrences Description of DRG 

4 541 379 
Respiratory disorders, except infections, bronchitis or asthma, with 
major CC 

4 89 335 Pneumonia and / or simple pleurisy, age> 17 years, with CC 

4 96 79 Bronchitis and / or asthma, age> 17 years, with CC 

4 90 68 Pneumonia and / or simple pleurisy, age> 17 years without CC 

4 87 52 Pulmonary edema and / or respiratory failure 

 

 

Table 16. DRGs of the MDCs 5+1+16 dataset used in the proposed experiments. 

MDC DRG Occurrences Description of DRG 

5 127 230 Heart failure and / or shock 

5 544 180 Congestive heart failure and / or cardiac arrhythmia, with major CC 

5 138 110 Arrhythmia and / or cardiac conduction disorders without CC 

5 139 91 Arrhythmia and / or cardiac conduction disorders, with CC 

16 395 121 Disruption of erythrocytes, age> 17 years 

1 14 143 Cerebrovascular accident with infarction 

1 15 64 
Unspecific cerebrovascular accident  and / or pre-cerebral occlusion 
without infarction 

 

5.2 Results analysis 

In the results analysis section, the various proposed experiments are studied. The first part of this 

section will deal with the experiment with all of the variables; the second part will comb through the 

experiments that study the data blocks; finally, the third part will analyze the experiments that take into 

account the p-value and the mRMR filter criterions.  For each DRG, the model that presents the best 
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value for the combination (product) of the sensitivity and PPV performance measures is selected, taking 

under consideration the experiments made. Finally, in each of these models, the most significant 

variables and the relation of their coefficients with the predicted DRG code is analyzed. 

 

5.2.1 Experiment with all variables 

Initially, for both the MDC 4 dataset and the MDCs 5+1+16 dataset, an experiment was proposed, in 

which for each DRG a logistic regression model with all of the variables (110) that each dataset contains 

is constructed. In this experiment, for each of the DRGs, the results for the evaluation metrics of pseudo 

r-squared, sensitivity, and PPV are presented. In table 17, the results for the DRG prediction models 

that use the MDC 4 dataset can be observed. Table 18 refers to the DRG prediction models that use 

the MDCs 5+1+16 dataset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In both datasets is possible to perceive  (tables 17 and 18) that in terms of goodness-of-fit,  in most of 

the models, the variation of the binary DRG class (presence or absence of DRG) is vastly explained by 

the predictor variables, as  can be interpreted from the high values (over 0,5) of the pseudo r-squared. 

However, in both datasets, the performance measures of sensitivity and PPV present low values. In 

terms of sensitivity, the regression models for most of the DRGs presents values below 50%, or if not, 

Variables DRG Cutoff P. R^2 Sens. PPV 

All variables 

541 0,165 0,431 59,06% 34,47% 

89 0,250 0,521 63,98% 43,06% 

96 0,395 0,635 22,95% 23,02% 

90 0,264 0,517 17,96% 14,98% 

87 0,239 0,489 7,39% 6,79% 

Table 17.  MDC 4 dataset, experiment with all variables. 

Table 18.  MDCs 5+1+16 dataset, experiment with all variables. 

Variables DRG Cutoff P. R^2 Sens. PPV 

All variables 

 

 

127 0,280 0,534 54,69% 43,87% 

544 0,207 0,433 41,01% 30,89% 

138 0,264 0,573 37,84% 29,56% 

139 0,423 0,812 51,15% 48,56% 

395 0,262 0,425 26,87% 30,65% 

14 0,308 0,695 55,27% 49,35% 

15 0,359 0,694 29,75% 31,00% 
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values that remain very close to 50%. These low values mean that the models are unable to efficiently 

detect the positive cases (presence of DRG), and incorrectly classify them as negative (false absence 

of DRG). In the case of PPV values, in both datasets the PPV is always lower than 50%, which means 

that it cannot be efficiently detected by the models if some observations are being incorrectly classified 

as positive (presence of DRG), while in reality being negative (absence of DRG). 

Due to these results, it was deemed necessary to perform further experiments in order to search for 

models that use different combinations of variables, so that the performance measures of sensitivity and 

PPV could be increased, while at the same time maintaining the most important information. 

 

5.2.2 Experiments using only ICD code variables and excluding ICD code variables  

Posteriorly, for both the MDC 4 dataset and the MDCs 5+1+16 dataset, two types of experiments related 

with the types of data blocks were proposed. One experiments that only took into account the predictor 

variables that belonged to the ICD codes data block of the datasets, and, in contrast, one experiment 

that used as predictors the variables that belonged to the data blocks of age, prescriptions, medication, 

and assessments (excluding only the variables of the ICD data block). 

In terms of the MDC 4 dataset, the ICD codes data block contains a group of 19 variables, while in 

contrast the data blocks that exclude the ICD codes block contain a group of 91 variables. In table 19 

(only ICD variables) and table 20 (Except ICDs) for the same DRGs of the MDC 4 dataset,  the results 

for the evaluation metrics of pseudo r-squared, sensitivity, and PPV are shown. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Table 19. MDC 4 dataset, ICD codes data block.   

 Variables DRG Cutoff P. R^2 Sens. PPV 

ICDs 

541 0,082 0,317 85,25% 28,00% 

89 0,223 0,406 85,24% 38,15% 

96 0,132 0,402 68,35% 26,04% 

90 0,050 0,227 66,64% 8,73% 

87 0,059 0,152 17,78% 7,28% 

 Table 20. MDC 4 dataset, except ICD codes data block.  

 Variables DRG Cutoff P. R^2 Sens. PPV 

Except ICDs 

541 0,234 0,350 45,03% 37,47% 

89 0,145 0,373 64,28% 30,46% 

96 0,280 0,356 6,80% 11,32% 

90 0,187 0,413 21,46% 14,97% 

87 0,092 0,376 20,59% 7,67% 
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Furthermore, in the same experiments applied to the MDCs 5+1+16 dataset 32 variables are present in 

the ICD codes data block, while in contrast the data blocks that contained the age, prescriptions, 

medication, and assessments data blocks (excluding ICD code data block) had a group of 78 variables. 

In table 21 (only ICD variables) and table 22 (Except ICDs) for the same DRGs in the MDCs 5+1+16 

dataset, the results for the evaluation metrics of pseudo r-squared, sensitivity, and PPV are shown. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In a general evaluation of both datasets, regarding the pseudo r-squared, it is possible to observe that 

in both datasets, by using all the data blocks with the exception of ICD codes, there is, for the majority 

of the DRGs, a greater value for the pseudo r-squared than by simply using the data block with only the 

ICD variables. This can be explained by the fact that a lot more variables were used in the experiment 

that excluded ICD codes when compared to the data block containing variables of ICD codes, thus 

including more explanatory variables of the models. 

Concerning sensitivity, it can be observed that for the same DRGs, by using only the data blocks 

associated with ICD codes (in tables 20 and 22), there is a much higher value in terms of sensitivity for 

the regression models of almost all of the DRGs when compared to the use of data blocks that exclude 

ICD codes (tables 21 and 22). In terms of PPV value, it can be seen that typically (but not for all DRGs) 

    Table 21. MDCs 5+1+16 dataset, ICD codes data block.   

 Variables DRG Cutoff P. R^2 Sens. PPV 

ICDs 

 

127 0,146 0,399 84,76% 33,15% 

544 0,045 0,301 76,12% 16,74% 

138 0,068 0,381 77,27% 17,48% 

139 0,119 0,502 80,16% 28,47% 

395 0,019 0,111 89,13% 3,64% 

14 0,222 0,521 74,32% 47,52% 

15 0,138 0,512 84,40% 23,53% 

Table 22. MDCs 5+1+16 dataset, except ICD codes data. 

block.  

 

Variables DRG cutoff P. R^2 Sens. PPV 

Except ICDs 

 

127 0,193 0,386 45,83% 30,71% 

544 0,168 0,327 36,58% 22,47% 

138 0,290 0,432 31,40% 34,28% 

139 0,234 0,618 53,17% 41,83% 

395 0,196 0,348 24,62% 22,81% 

14 0,288 0,567 46,66% 44,27% 

15 0,318 0,574 23,26% 24,67% 
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higher values are apparent in experiments without ICD codes, but nonetheless, due to their low values 

in both experiments, there are little conclusions to be drawn. 

In conclusion, for both datasets, it is determined by these experiments that the variables of the ICD 

codes data block are of great relevance to the correct prediction of DRG codes, particularly in terms of 

detecting the presence of a DRG, as shown by the enormous differences in sensitivity between the two 

experiments. This high percentage of sensitivity corresponds to elevated high percentage of instances 

with positive cases (presence of DRG) being actually classified as positive (DRG detected). Thus it is 

concluded that the ICD code variables are highly related to the detection of the presence of a DRG.  

 

5.2.3 Experiments with stepwise p-value and mRMR filter criterions 

In these experiments for both the MDC 4 dataset and MDCs 5+1+16 dataset, sets of prediction models 

are constructed in accordance with the p-value and the mRMR filter criterions. In the experiment that 

uses the p-value criterion, a set of 50 prediction models is constructed, starting with a model with only 

the variable that possesses the smallest p-value and by adding in each posterior model the next smallest 

p-value variable. On the other hand, in the mRMR filter experiment, a set of 50 models is constructed, 

starting from a model with only the most relevant variable according to the filter until a model with the 

50 most pertinent variables according to the mRMR filter were reached. 

The behavior of the experiments using the p-value and mRMR filter criterions in the generation of 

prediction models for the DRGs tended to be typically similar along most of the DRGs (even those using 

different datasets). So, in order to have an overview of the experiments using the p-value and mRMR 

filter criterions, the results of the prediction models applied to the DRG 89 (Pneumonia and /or simple 

pleurisy, age> 17 years, with CC) are chosen as a visual example to help in the generalization of the 

differences between the two criterions. In figure 10,  a graphic with the pseudo r-squared for the each 

on the 50 models of both p-values and mRMR filter experiments is presented; in figure 11, a graphic 

concerning sensitivity; in figure 12, one concerning PPV; and finally, in figure 13, one regarding the 

product of sensitivity and PPV. 

Figure 10. DRG 89 with p-value and mRMR filter criterions: Pseudo r-squared over increasing numbers of 

variables. 
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Figure 11. DRG 89 with p-value and mRMR filter criterions: Sensitivity over increasing numbers of variables. 

 

Figure 12. DRG 89 with p-value and mRMR filter criterions: PPV over increasing numbers of variables. 

 

Figure 13. DRG 89 with p-value and mRMR filter criterions: Product of sensitivity and PPV over increasing 

number of variables. 
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In terms of the pseudo r-squared, both the p-values and mRMR filter experiments present an increase 

with the addition of each variable, and both have a high initial increase with the first variables that slows 

down as a few more variables are added. The p-value experiments typically present an overall higher 

value when compared with models with the same number of variables used in the mRMR filter 

experiment. Furthermore, in both experiments, there is an initial high increase in the sensitivity when 

adding the first variables, leading to a peak of the sensitivity measure when only a small number of 

variables are used to construct the models. After the peak, there is a small gradual decrease of the 

sensitivity measure. Regarding the PPV value, in both experiments there is an initially stable low value 

for the variables that precede the peak of the sensitivity measure, followed by a gradual increase as the 

tradeoff between sensitivity and PPV occurs.  

In terms of the product of sensitivity and PPV, the peak of this combination is typically slightly higher for 

the p-value criterion than in the mRMR filter criterion. At the same time, the p-value criterion for most of 

the DRGs needs a smaller number of variables than the mRMR filter criterion to reach the maximum 

combination of the product of sensitivity and PPV. 

In conclusion, both the p-value and mRMR filter criterions can be used to obtain combinations of 

variables amongst the MDC 4 dataset and MDCs 5+1+16 dataset, which can then be used to produce 

regression models that present high values for both the measures of PPV and sensitivity. More 

specifically, the p-value criterion typically presents better results than the mRMR filter criterion. 

 

5.2.4 Models with the best performance measures 

After performing all of the chosen experiments, the model that presents the highest value in terms of the 

product of the performance measures of sensitivity and PPV is selected from the results.  

In table 23, it is possible to observe the models that had the best performance in the dataset MDC 4, 

alongside the values of the pseudo r-squared, the performance measures of sensitivity, PPV and their 

product, and finally the description of the DRGs. Additionally, only the DRGs 541 and 89 present models 

with at least one performance measure (sensitivity) that is higher than 50%. 

Furthermore, in table 24 it is possible to observe the models that, in the MDCs 5+1+16 dataset, had the 

best performance for the Sensitivity and PPV combination. In this dataset, only one DRG (DRG 395) 

does not have a single performance measure over 50%, while both the DRGs 139 and 14 have a value 

higher than 50% on both the sensitivity and the PPV.  
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Table 23. Models with the best performance measures for the DRGs using the MDC 4 dataset. 

 

 

Table 24. Models with the best performance measures for the DRGs using the MDCs 5+1+16 dataset. 

DRG Type of Model P. R^2 Sens. PPV 
Sens. *  

PPV 
DRG description 

127 Only ICD codes 0,399 84,76% 33,15% 28,09% Heart failure and / or shock 

544 
39  variables selected 

by the p-value criterion 
0,375 52,11% 31,31% 16,32% 

Congestive heart failure and / 

or cardiac arrhythmia, with 

major CC 

138 
41  variables selected 

by the p-value criterion 
0,495 60,83% 30,13% 18,33% 

Arrhythmia and / or cardiac 

conduction disorders, with CC 

139 

45 variables selected 

by the mRMR filter 

criterion 

0,641 62,45% 52,70% 32,91% 

Arrhythmia and / or cardiac 

conduction disorders without 

CC 

395 
50  variables selected 

by the p-value criterion 
0,331 26,30% 34,41% 9,05% 

Disruption of erythrocytes, 

age> 17 years 

14 
16  variables selected 

by the p-value criterion 
0,581 77,76% 50,92% 39,60% 

Cerebrovascular accident with 

infarction 

15 
5  variables selected by 

the p-value criterion 
0,496 79,44% 27,35% 21,72% 

Unspecific cerebrovascular 

accident  and / or pre-cerebral 

occlusion without infarction 

 

 

5.2.5 Models and variables 

In this section, the models that have the best performance in terms of the product of sensitivity value 

and PPV for each DRG are analyzed, as stated in tables 23 and 24. For each DRG, the best performing 

DRG Type of Model 
P. 

R^2 
Sens. PPV 

Sens. *  

PPV 
DRG description 

541 
16 variables selected by 

the p-value criterion 
0,343 67,88% 37,98% 25,78% 

Respiratory disorders, except 

infections, bronchitis or asthma, 

with major CC 

89 
16 variables selected by 

the p-value criterion 
0,45 81,76% 41,63% 34,04% 

Pneumonia and / or simple 

pleurisy, age> 17 years, with 

CC 

96 
22 variables selected by 

the p-value criterion 
0,444 46,46% 41,24% 19,16% 

Bronchitis and / or asthma, 

age> 17 years, with CC 

90 
24 variables selected by 

the p-value criterion 
0,448 40,53% 17,22% 6,98% 

Pneumonia and / or simple 

pleurisy, age> 17 years without 

CC 

87 
48 variables selected by 

the mRMR filter criterion 
0,303 36,59% 7,49% 2,74% 

Pulmonary edema and / or 

respiratory failure 
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model is studied by examining the relation of the most significant variables and their coefficients with 

the DRG. In order to guarantee the high significance of the selected variables, only variables that present 

a p-value lower than 0.05 are chosen. 

Moreover, in this analysis only the models in which there is a minimum sensitivity of over 50% are taken 

into account, as a value below that means that the models are unable to efficiently detect the presence 

of DRG codes in a relevant manner. Similarly, with a low sensitivity value, a great number of 

observations with the presence of the DRG code are missed. Due to this fact, from the previous models 

in the MDC 4 dataset (table 23), only the models of the DRG 541 and DRG 89 have been selected for 

this analysis. While in the MDCs 5+1+16 dataset (table 24) the model regarding the DRG 395 is 

excluded, the models for the remaining six DRGs are used in this analysis. 

 

DRG 541 

Table 25. Selected model for DRG 541. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

541 
16 variables 
selected by the p-
value criterion 

0,343 67,88% 37,98% 25,78% 
Respiratory disorders, 
except infections, bronchitis 
or asthma, with major CC 

 

Table 26. Significant variables of DRG 541 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_486 2,035 0,000 ICD Pneumonia due to unspecified organism 

2 ICD_482 2,143 0,000 ICD 
Bacterial pneumonia  not classifiable 
elsewhere 

3 ICD_4829 2,050 0,000 ICD Bacterial pneumonia, unspecified 

4 ICD_51883 1,945 0,000 ICD Chronic respiratory failure 

5 DyspneaAdejonasal 0,959 0,000 Assessments Dyspnea, specifications nasal flutter 

6 ICD_51884 1,403 0,000 ICD Acute and chronic respiratory failure  

7 ICD_49121 1,649 0,000 ICD 
Bronchitis chronic obstructive, with 
exacerbations (acute) 

8 ICD_51881 1,313 0,000 ICD Acute respiratory failure 

9 OLD 1,359 0,000 Assessments Long-term oxygen therapy 

10 DischStatusFalecido 0,839 0,000 Assessments Destination on discharge, deceased 

11 ICD_49122 1,681 0,000 ICD 
Bronchitis chronic obstructive, with acute 
bronchitis 

12 ICD_4941 2,322 0,001 ICD Bronchiectasis with acute exacerbation 

13 ICD_162 1,987 0,011 ICD 
Malignant neoplasm of trachea, bronchus 
and lung 
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The DRG 541 refers to respiratory disorders, with the exception of infections, bronchitis or asthma (with 

major CC), in which respiratory disorders consist in diseases of the airways and other structures of the 

lung. 

In the proposed model (tables 25), the most significant variables that relate to the DRG 541 are divided 

into ICD code data blocks (10 variables) and assessments data blocks (3 variables) (table 26). 

Additionally, all the variables present a positive coefficient, thus the probability of predicting the presence 

of a given class (presence of DRG 541) increases with that variable.  

In terms of variables of the ICD code data block, the variables ICD_486, ICD_482 and ICD_4829 are 

related with pneumonia infection, a respiratory disorder that is not englobed in the 541 DRG (respiratory 

disorders at the exception of infections). Furthermore, the variables ICD_51884, ICD_51883 and 

ICD_51881 correspond to types of respiratory failure, thus consisting of respiratory disorders; the 

variable ICD_4941 relates to bronchiectasis, a respiratory disorder where the airway is expanded and 

the bronchial wall is clotted; the ICD_162 corresponds to a malignant neoplasm (of trachea, bronchus 

and lung), which is a neoplastic respiratory disorder; finally, the variables ICD_49121 and ICD_49122 

both refer to the bronchitis respiratory disorder, a condition typically caused by a virus in which the 

mucus membrane in the lungs becomes inflamed. This condition is excluded by the 541 DRG 

(respiratory disorders at the exception of bronchitis). 

There are 3 variables in the assessments data block: The OLD variable (long-term oxygen therapy), a 

treatment that provides patients with extra oxygen, which is necessary in the cases of patients with 

chronic respiratory disorders; the DyspneaAdejonasal variable, that refers to dyspnea with nasal flutter, 

which consists in a shortness of breath, that can be caused by various respiratory diseases (Karnani, 

Reisfield, and Wilson 2005); finally, the DischStatusFalecido variable, that represents deceased as 

destination on discharge, which is relevant since respiratory disorders represents one of the most 

common causes of death in Portugal (Direção Geral da Saúde 2014). 

 

DRG 89 

Table 27. Selected model for DRG 89. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

89 
16 variables selected 
by the p-value criterion 

0,45 81,76% 41,63% 34,04% 
Pneumonia and / or 
simple pleurisy, age> 17 
years, with CC 
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Table 28. Significant variables of DRG 89 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_486 3,221 0,000 ICD 
Pneumonia due to unspecified 
organism 

2 ICD_482 3,079 0,000 ICD 
Bacterial pneumonia  not 
classifiable elsewhere 

3 ICD_4829 3,031 0,000 ICD Bacterial pneumonia, unspecified 

4 MedClaritromicina 1,088 0,000 Medication 
Clarithromycin (suitable for 
bacterial infections) 

5 MedConcEritrocitarioDesleuco -1,430 0,001 Medication 
Transfusion of red cell 
concentrate 

6 ColocarBipap -2,411 0,001 Prescriptions 
Place bi-level positive airway 
pressure (BiPAP) 

7 CompBreath 0,771 0,008 Assessments Breathing compromised 

8 ICD_51883 -1,860 0,040 ICD Chronic respiratory failure 

 

The DRG 89 refers to patients with pneumonia and/or simple pleurisy (patients over the age of 17 and 

with CC). Pneumonia consists in an infection that inflames the lungs, and is typically caused by bacteria, 

virus and specific drugs and conditions, while pleurisy is an inflammation of the pleura, being its main 

causes respiratory infections or pneumonia. 

In the proposed model, 8 significant variables are considered (tables 27 and 28),  5 of which increase 

the probability (positive coefficients) of predicting the presence of the DRG 89, and 3 of which decrease 

the probability (negative coefficients) of presence of the DRG 89. The variables are also divided along 

the data blocks of ICD, medication, prescriptions and assessments. 

In terms of variables with positive coefficients from the ICD data block, 3 variables are present: the 

ICD_486, ICD_482 and ICD_4829 variables, which all relate directly to the pneumonia infection. 

Furthermore, in the medication data block, with also positive coefficient,  is the MedClaritromicina 

variable, which refers to Clarithromycin, a medication used for the treatment of bacterial infections such 

as pneumonia  (Piscitelli, Danziger, and Rodvold 1992). Finally, with a positive coefficient in the 

assessments data block, the CompBreath variable is present, referring to a compromised breathing 

condition where the patient needs a machine that assists in breathing, which can be a possible 

complication of pneumonia.  

Moreover, for the DRG 89 model, the variables with negative coefficients are distributed amongst the 

medication, prescriptions and ICD data blocks. In the medication data block, there is the 

MedConcEritrocitarioDesleuco variable, that stands for a transfusion of red cell concentrates used when 

the patient’s blood presents a low  concentration of hemoglobin or its oxygen carrying ability is low, thus 

being a recommended procedure for patients with anemia (low number of blood cells) and to make up 

for blood loss in surgery (Liumbruno et al. 2009). In the prescriptions data block, the ColocarBipap 

variable is present, and it corresponds to placing on the patient a BiPAP, a procedure prescribed for 

patients with breathing difficulties, which does not directly relate with pneumonia. In the ICD code data 
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block there is the ICD_51883 variable, which refers to a chronic respiratory failure, a situation that occurs 

when there is not enough oxygen passing from the lungs to the blood, or when carbon dioxide does not 

get removed from the blood correctly, being chronic obstructive pulmonary disease and nerve damages 

amongst the main causes of chronic respiratory failure, thus not being related with pneumonia.  

 

DRG 127 

Table 29. Selected model for DRG 127. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

127 Only ICD codes 0,399 84,76% 33,15% 28,09% Heart failure and / or shock 

 

Table 30. Significant variables of DRG 127 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_4289 3,131 0,000 ICD Cardiac insufficiency, unspecified 

2 ICD_4280 3,353 0,000 ICD Congestive heart failure, unspecified 

3 ICD_5184 3,181 0,000 ICD Acute pulmonary edema, not otherwise specified 

4 ICD_428 2,776 0,000 ICD Cardiac insufficiency 

5 ICD_40291 2,987 0,000 ICD 
Hypertensive cardiac disease, unspecified, with 
cardiac insufficiency 

 

DRG 127 refers to heart failure and/or shock, which consists in a disorder in which the heart is unable 

to pump enough blood in order to meet the body's necessities, making the blood move through the heart 

and body at a lower rate, thus increasing the pressure put on the heart. Additionally, circulatory shock 

refers to a medical condition in which the organs and tissues of the body do not get a sufficient blood 

flow. 

In the proposed model, 5 significant variables are considered (tables 29 and 30). All of them present 

positive coefficients and belong to the ICD code data block, thus all those variables increase the 

probability of predicting the presence of the DRG 127. 

Both the ICD_4289 and the ICD_428 variables describe cardiac insufficiency, which corresponds to an 

anomaly of the cardiac function that renders the heart unable to pump the blood at the required rate and 

that can lead to heart failure. Additionally, the ICD_4280 variable describes the presence of a congestive 

heart failure, a type of heart failure where the heart is unable to pump blood efficiently and the kidneys 

reply by making the body retain fluids, congesting the body (Thom and Kannef 1997). Furthermore, the 

ICD_5184 variable consists in an acute pulmonary edema, an unusual accumulation of fluid in the lungs 

caused by congestive heart failure (Ware and Matthay 2009). Finally, the variable ICD_40291 labels a 

hypertensive cardiac disease, that consists in a number of complications derived from high blood 

pressure and manifests through the thickening of the heart muscle walls in response to high blood 

pressure, typically caused by heart failure (Drazner 2011). 
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DRG 544 

Table 31. Selected model for DRG 544. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

544 
39  variables selected 
by the p-value 
criterion 

0,375 52,11% 31,31% 16,32% 
Congestive heart failure 
and / or cardiac 
arrhythmia, with major CC 

 

Table 32. Significant variables of DRG 544 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_4289 1,771 0,000 ICD 
Cardiac insufficiency, 
unspecified 

2 ICD_4280 1,792 0,000 ICD 
Congestive heart failure, 
unspecified 

3 ICD_5184 1,636 0,000 ICD 
Acute pulmonary edema, not 
otherwise specified 

4 ICD_428 1,554 0,000 ICD Cardiac insufficiency 

5 ICD_42731 0,764 0,002 ICD Atrial fibrillation 

6 ICD_42789 1,944 0,002 ICD 
Cardiac dysrhythmia specific, 
not codable elsewhere 

7 MedFurosemida 1,004 0,006 Medication 
Furosemide (treatment of 
edemas) 

8 ICD_486 0,883 0,006 ICD 
Pneumonia due to unspecified 
organism  

9 MedGlucoseNaCl -1,111 0,024 Medication 
Glucose and sodium chloride 
(extracellular dehydration 
treatment) 

10 TSHHormonaTireoEstimulante 0,865 0,032 Prescriptions 
Assessment of thyroid 
stimulating hormone (changes in 
the thyroid) 

11 MedMetolazona 0,915 0,033 Medication 
Metolazone (treatment of high 
blood pressure) 

12 ICD_4168 1,273 0,039 ICD 
Other chronic  pulmonary 
cardiac diseases 

13 MedAcetilcisteina -0,648 0,045 Medication Acetylcysteine (mucolytic agent) 

 

DRG 544 refers to congestive heart failure and/or cardiac arrhythmia (with major CC). Congestive heart 

failure is a type of heart failure in which  the heart is unable to pump efficiently and the kidneys reply by 

making the body retain fluid, congesting the body (Thom and Kannef 1997). Cardia arrhythmia consists 

in a condition where the rate or rhythm of the heartbeat is irregular, either too fast (tachycardia) or too 

slow (bradycardia).  
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In the proposed model, 13 significant variables are considered (tables 31 and 32), from which 11 

increase the probability (positive coefficients) of predicting the presence of the DRG 544, and 2 decrease 

the probability (negative coefficients) of the presence of the DRG 544. The variables are also divided 

along the data blocks of ICD codes, medication and prescriptions.    

In terms of variables with positive coefficients in the ICD data block, both the ICD_4289 and the ICD_428 

variables describe cardiac insufficiency, which corresponds to an anomaly of the cardiac function in 

which the heart is unable to pump the blood at the required rate and that can lead to heart failure. 

Additionally, the ICD_4280 variable describes the presence of a congestive heart failure (Thom and 

Kannef 1997). Furthermore, the ICD_5184 variable refers to a pulmonary edema, a buildup of fluid in 

the lungs, which is frequently a consequence of congestive heart failure. Additionally,  ICD_42731  

variable  describes the most common type of cardiac arrhythmia, atrial fibrillation (Wyndham 2000), 

while the ICD_42789 variable describes a cardiac arrhythmia. Moreover,  the CD_486 variable refers to 

Pneumonia due to unspecified organism, a risk factor  for an arrhythmia or a congestive heart failure 

(Musher et al. 2007). Finally, the variable ICD_4168 refers to a chronic pulmonary cardiac disease, 

being associated with patients with congestive heart failure due to common risk factors and 

pathophysiological mechanisms. (Hawkins, Virani, and Ceconi 2013) 

Regarding  variables with positive coefficients from the medication data block, the MedFurosemida 

variable refers to Furosemide, a diuretic drug used in the   treatment of edemas caused by congestive 

heart failure (Caramona et al. 2013). While the MedMetolazona variable brings up the Metolazone  

diuretic drug, that decreases the volume of the blood, lowering blood pressure and  preventing fluid 

accumulation, and is  used to treat congestive heart failure (Rosenberg et al. 2005). The final variable 

that presents a positive coefficient is the TSHHormonaTireoEstimulante variable from the prescriptions 

data block, that refers to the analysis of changes in the thyroid hormone, which has been identified as a 

risk factor for heart failure (Schmidt-Ott and Ascheim 2006). 

Furthermore, in terms of variables with negative coefficients, the 2 present variables belong to the 

medication data block. The MedGlucoseNaCl variable, that refers to a Glucose and Sodium Chloride 

infusion solution, is indicated for replenishing fluid losses, and  contraindicated in patients with 

congestive heart failure (Caramona et al. 2013). The MedAcetilcisteina variable, on the other hand, 

refers to Acetylcysteine, a mucolytic agent used in the antibacterial treatment of respiratory infections, 

and has therefore no relation with either congestive heart failure or cardiac arrhythmia (Caramona et al. 

2013). 

 

DRG 138 

Table 33. Selected model for DRG 138. 

DRG Type of Model P. R^2 Sens. PPV Sens. *  PPV DRG description 

138 
41  variables selected 
by the p-value criterion 

0,495 60,83% 30,13% 18,33% 
Arrhythmia and / or 
cardiac conduction 
disorders, with CC 
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Table 34. Significant variables of DRG 138 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_42732 4,076 0 ICD Atrial flutter 

2 ICD_42731 2,406 0 ICD Atrial fibrillation 

3 ICD_42789 3,328 0 ICD 
Cardiac dysrhythmia specific, not 
codable elsewhere 

4 ICD_4273 2,638 0 ICD Atrial fibrillation and flutter 

5 Fast -1,91 0 Assessments In fasting 

6 ICD_42741 2,092 0,001 ICD Ventricular fibrillation 

7 ICD_4270 3,459 0,001 ICD Paroxysmal supraventricular tachycardia 

8 MedFurosemida 1,081 0,003 Medication Furosemide (treatment of edemas) 

9 MedAmiodarona 1,075 0,005 Medication 
Amiodarone (treatment of cardiac 
arrhythmias) 

10 Holter 1,376 0,01 Prescriptions 
Holter monitor (observe occasional 
cardiac arrhythmias) 

11 MedDinitratoIsossorbido -1,281 0,013 Medication 
Isosorbide Dinitrate (coronary 
vasodilator) 

12 MedEnoxaparina 0,789 0,039 Medication 
Enoxaparin (anti-thrombotic and anti-
coagulant) 

13 MedPrednisolona -1,85 0,043 Medication 
 Prednisolone ( anti-inflammatory 
steroid) 

 

The DRG 138 refers to an arrhythmia and/or to a cardiac conduction disorders (with CC). Where a 

cardiac arrhythmia (cardiac conduction disorder) consists in a condition where the rate or rhythm of the 

heartbeat is irregular, either too fast (tachycardia) or too slow (bradycardia). 

In the proposed model, 13 significant variables are considered (tables 33 and 34), 10 of which increase 

the probability (positive coefficients) of predicting the presence of the DRG 138, and 3 of which decrease 

the probability (negative coefficients) of the presence of the DRG 138. The variables are also divided 

along the data blocks of ICD codes, medication, prescriptions, and assessments.    

In terms of variables with positive coefficients from the ICD data block, there are 6 different variables: 

the ICD_42732 (atrial flutter), the ICD_42731 (atrial fibrillation), the ICD_42789 (cardiac dysrhythmia), 

the ICD_4273 (atrial fibrillation and flutter), the ICD_42741 (ventricular fibrillation), and the ICD_4270 

(paroxysmal supraventricular tachycardia). These variables constitute different types of arrhythmias 

(Wyndham 2000) (Kamel et al. 2013). 

Furthermore, in terms of variables with positive coefficients from the medication data block, there are 3 

different variables: The MedFurosemida variable, that refers to Furosemide, a diuretic drug used for the 

treatment of arrhythmias that are caused by fluid accumulation (in the heart and lungs) (Caramona et 

al. 2013); the MedAmiodarona variable, that describes the presence of the  Amiodarone drug, an 

antiarrhythmic with a preventive effect on the appearance  of ventricular arrhythmias (Siddoway 2003); 

finally, the MedEnoxaparina variable, that refers to  Enoxaparin, an anticoagulant and antithrombotic 

http://emedicine.medscape.com/article/151456-overview
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drug that is used  in the treatment of arrhythmias (atrial fibrillation) in order to  reduce the risk of the 

formation blood clots as well as the occurrence of cerebrovascular accidents (Caramona et al. 2013). 

Moreover, there is an additional variable with positive coefficient in the prescriptions data block, the 

Holter variable. It refers to the use of a Holter monitor to observe the cardiac rhythm and detect possible 

arrhythmias (Shafqat, Kelly, and Furie 2004). 

Oppositely, with negative coefficients, the variables are divided in medication and assessments data 

blocks. In the assessments data block, the Fast variable refers to fasting (not eating for a certain period 

of time), something that is typically indicated before surgeries or other procedures that require a general 

anesthetic, or for the performance of certain medical tests, thus not relating to an arrhythmia. In the 

medication data block, the MedDinitratoIsossorbido variable stands for Isosorbide Dinitrate, a 

vasodilator drug used in the treatment of congestive heart failure and angina pectoris, thus not being 

directly related with arrhythmias (Caramona et al. 2013). Finally, from the medication data block, the 

MedPrednisolona variable describes the presence of the drug Prednisolone, an anti-inflammatory 

corticosteroid that favors  vasoconstriction, thus not being related with the treatment of an arrhythmia 

(Caramona et al. 2013).   

 

DRG 139 

Table 35. Selected model for DRG 139. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

139 
45 variables selected by 
the mRMR filter criterion 

0,641 62,45% 52,70% 32,91% 
Arrhythmia and / or 
cardiac conduction 
disorders without CC 

 

Table 36. Significant variables of DRG 139 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_42731 3,744 0,000 ICD Atrial fibrillation 

2 ICD_4273 4,292 0,000 ICD Atrial fibrillation and flutter 

3 HemoCulturaAerobiose -3,631 0,000 Prescriptions 
Blood culture aerobically (diagnosis of 
systemic infectious processes) 

4 TroponinaI 1,695 0,000 Prescriptions 
Analysis of troponin I (diagnosis of 
myocardial infarction) 

5 ICD_42741 3,025 0,000 ICD Ventricular fibrillation 

6 MedMetoclopramida -6,650 0,009 Medication 
Metoclopramide (treatment of 
disturbances in gastrointestinal motility) 

7 MedEnoxaparina 1,363 0,009 Medication 
Enoxaparin (anti-thrombotic and anti-
coagulant) 

8 MedAcAAS -0,995 0,030 Medication 
Aspirin (anti-inflammatory and 
analgesic) 

9 ICD_42789 1,886 0,037 ICD 
Cardiac dysrhythmia specific, not 
codable elsewhere 

https://en.wikipedia.org/wiki/Congestive_heart_failure
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The DRG 139 refers to an arrhythmia and/or a cardiac conduction disorders (without CC). A cardiac 

arrhythmia (cardiac conduction disorder) consists in a condition where the rate or rhythm of the 

heartbeat is irregular, either too fast (tachycardia) or too slow (bradycardia). 

In the proposed model, 9 significant variables are considered (tables 35 and 36),  6 of which increase 

the probability (positive coefficients) of predicting the presence of the DRG 139, and 3 of which decrease 

the probability (negative coefficients) of the presence of the DRG 139. The variables are also divided 

along the data blocks of ICD codes, medication, and prescriptions. 

In terms of variables with positive coefficients from the ICD data block, there are 4 different variables. 

The ICD_42731 (atrial fibrillation), the ICD_4273 (atrial fibrillation and flutter), the ICD_42741 

(ventricular fibrillation), and the ICD_42789 (cardiac dysrhythmia) variables, that stand for different types 

of arrhythmias. 

Additionally, in the medication data block there is a variable with positive coefficients,  the 

MedEnoxaparina variable, that refers to Enoxaparin, an anticoagulant and antithrombotic drug that is 

used  in the treatment of arrhythmias (atrial fibrillation) in order to  reduce the risk of the formation blood 

clots and the occurrence of cerebrovascular accidents (Caramona et al. 2013). Finally, with positive 

coefficients from the prescriptions data block, there is the TroponinaI variable, which refers to the 

analysis of Tropinin I levels, that are typically heightened in the presence of an arrhythmia (Rajan and 

Zellweger 2004). 

In terms of variables with negative coefficients, they are divided amongst the prescriptions and the 

medication data blocks. In the prescriptions data block, the HemoCulturaAerobiose variable refers to a 

blood culture test that is performed in order to detect infections by microorganisms such as bacteria.  

Furthermore, in the medication data block, the MedMetoclopramida variable refers to the presence of 

the Metoclopramide drug, which is used in the treatment of disturbances in gastrointestinal motility 

(Caramona et al. 2013). Finally, in the medication data block, the variable MedAcAAS describes the 

presence of the drug Aspirin, an anti-inflammatory and analgesic used to deal with  mild to moderate 

pain (Caramona et al. 2013). 

 

DRG 14 

Table 37. Selected model for DRG 14. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

14 
16  variables selected 
by the p-value criterion 

0,581 77,76% 50,92% 39,60% 
Cerebrovascular 
accident with infarction 
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Table 38. Significant variables of DRG 14 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_43491 3,512 0,000 ICD 
Cerebral artery occlusion, unspecified, 
with cerebral infarction 

2 MedAcAAS 2,203 0,000 Medication Aspirin (anti-inflammatory and analgesic) 

3 ICD_4273 3,222 0,001 ICD Atrial fibrillation and flutter 

4 DopplerVasosPescoco 1,364 0,001 Prescriptions Doppler to the neck vessels 

5 ICD_436 1,734 0,007 ICD 
Acute cerebrovascular disease, but ill-
defined 

6 HemoCulturaAerobiose -0,985 0,013 Prescriptions 
Blood culture aerobically (diagnosis of 
systemic infectious processes) 

7 MedSinvastatina 0,717 0,038 Medication Simvastatin (treatment of dyslipidemia) 

 

DRG 14 refers to a cerebrovascular accident with infarction. A cerebrovascular accident is a medical 

condition where the blood flow to a region of the brain has stopped due to a blockage (ischemic) or 

rupture (hemorrhagic) of a blood vessel, resulting in the death of brain cells due to the lack of oxygen. 

An infarction describes necrosis of the tissue due to the lack of oxygen. 

In the proposed model, 7 significant variables are considered (tables 37 and 38), 6 of which increase 

the probability (positive coefficients) of predicting the presence of the DRG 14, and 1 of which decreases 

the probability (negative coefficients) of the presence of the DRG 14. The variables are also divided 

along the data blocks of ICD codes, medication, and prescriptions.    

In terms of variables with positive coefficients in the ICD data block, the ICD_43491 variable refers to 

the occlusion of a cerebral artery, including infarction, which consists in the blockage of an artery in the 

brain. In this type of cerebrovascular accident, infarction describes the presence of a necrosis of tissue 

(due to the lack of oxygen). Furthermore, the ICD_4273 variable describes the presence of atrial 

fibrillation and flutter, which constitute different types of arrhythmias that are the main risk factors for a 

cerebrovascular accident (Wyndham 2000). Additionally, the ICD_436 variable describes an acute 

cerebrovascular disease  (Mansoureh et al. 2012).  

Furthermore, in terms of variables with positive coefficients in the medication data block, the MedAcAAS 

variable describes the presence of Aspirin, a drug that inhibits platelets in the blood from forming blood 

clots, thus having a preventive effect that reduces the risks of the occurrence of a cerebrovascular 

accident (Ridker et al. 2005). Additionally, the variable MedSinvastatina refers to the Simvastatin 

medication, that is used in the treatment of dyslipidemia (unusual amount of lipids in the blood), which 

constitute a risk factor for cerebrovascular accidents (Di Napoli 2004). Finally, with a positive coefficient 

in the prescriptions data block, there is the DopplerVasosPescoco variable, that consists in a Doppler 

exam, an ultrasound test used to discover how the blood flows through a blood vessel (in this case, in 

the neck), which can show potential blockades or reduced flow in specific areas, influential factors in 

cerebrovascular accidents (Kaji 2012). 
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Oppositely, with a negative coefficient, from the prescriptions data block, there is the 

HemoCulturaAerobiose variable, which consists in a blood culture test that is performed in order to 

detect infections by microorganisms such as bacteria, thus not being related with cerebrovascular 

accidents. 

 

DRG 15 

Table 39. Selected model for DRG 15. 

DRG Type of Model  P. R^2 Sens. PPV Sens. *  PPV DRG description 

15 
5  variables 
selected by the p-
value criterion 

0,496 79,44% 27,35% 21,72% 

Unspecific cerebrovascular 
accident  and / or pre-
cerebral occlusion without 
infarction 

 

Table 40. Significant variables of DRG 15 selected model. 

nº Variable Coef. P-value Data block Variable description 

1 ICD_436 5,774 0,000 ICD Acute cerebrovascular disease, but ill-defined 

2 ICD_43491 5,080 0,000 ICD 
Cerebral artery occlusion, unspecified with 
cerebral infarction 

3 MedFurosemida -1,563 0,003 Medication Furosemide (treatment of edemas) 

4 ICD_78451 4,567 0,015 ICD Dysarthria 

 

The DRG 15 refers to an unspecific cerebrovascular accident and/or pre-cerebral occlusion without 

infarction. It is initially taken into account that a cerebrovascular accident is a medical condition in which 

the blood flow to a region of the brain is stopped, due to a blockage (ischemic) or rupture (hemorrhagic) 

of a blood vessel, resulting in the death of brain cells due to the lack of oxygen. An occlusion refers to 

the blockage of a blood vessel, and the absence of infarction describes that there is not necrosis of the 

tissue due to the lack of oxygen. 

In the proposed model, 4 significant variables are considered (tables 39 and 40), 3 of which increase 

the probability (positive coefficients) of predicting the presence of the DRG 15, and 1 of which decreases 

the probability (negative coefficients) of the presence of the DRG 15. The variables are also divided 

along the data blocks of ICD codes and medication.    

The variables with positive coefficients all belong to the ICD data block. The CD_436 variable 

corresponds to a type of cerebrovascular disease (acute); the  ICD_43491 variable refers to a cerebral 

artery occlusion (which is in line with the DRG 15), but it also includes the presence of a cerebral 

infarction what is excluded from the DRG 15, thus this variable should not have been present with a 

positive coefficient; finally, the variable ICD_78451 corresponds to the presence of the pathology 

dysarthria, which is a neurological injury that occurs due to damage in the central or peripheral nervous 

system. It may happen due to lack of oxygen in brain cells caused by a cerebrovascular accident. 
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In terms of variables with negative coefficients, the medication data block, the MedFurosemida variable  

is present, and it refers to Furosemide, a diuretic drug used in the   treatment of edemas that are caused 

by the accumulation of fluid (in the heart and lungs) (Caramona et al. 2013). 

 

5.3 Discussion of the results 

This section addresses the discussion of the results for the models that, amongst all the experiments, 

provide the best values for the combination of the performance measures in each of the DRGs (tables 

23 and 24), as well as the relation between the most significant variables with those DRG models. 

Regarding the most preponderant models, it was observed that there was an overall preponderance of 

the p-value criterion, with 9 out of the 12 DRGs having the best model through it, while only two excelled 

through the use of the mRMR filter, and only one had its best model using only ICD codes. Thus higher 

performance of the p-value criterion models must be related with a more well-ordered choice of the most 

important variables for the DRGs prediction models. 

Furthermore, in both the measures of sensitivity and PPV, it can be seen that the performance of the 

models varies greatly amongst DRGs (even on DRGs of the same dataset), thus leading to the 

conclusion that the same methods applied to different DRGs, even when using the same dataset, can 

conduce to very distinct results. 

In terms of the relation of the performance measures with the imbalanced data in the datasets, it can be 

observed that in the MDC 4 dataset the DRG models that have the worst performances (DRGs 96, 90 

and 87) are also the models that present the lowest number of positive examples (less than 80 in the 

total of 5089 in the database). Nonetheless, this phenomenon does not occur in the MDCs 5+1+16 

dataset, were the model with the lowest performance (DRG 395) has more observations than 3 other 

variables that outperform this DRG model. Additionally, in neither of the datasets are the DRG models 

with the best performances those with the most observations. Therefore, these results can indicate that 

even though it is necessary a certain number of positive examples in the dataset, it is not the most 

important issue for the performance of the models, being the performance more related with the 

information present in the dataset variables and with the characteristics  that each DRG has. 

Regarding the measures of sensitivity and PPV, it can also be seen that there is a preponderance of the 

sensitivity in all of the DRG models, as the sensitivity is higher than the PPV in every DRG model, being 

sometimes much higher than the PPV. Furthermore, 8 out of the 12 DRGs studied have a model with a 

sensitivity marker above 50%, while only 2 DRGs (DRG 14 and DRG 139) have models with a PPV 

value over 50 %. This means that, although for most DRGs the produced models have a high level of 

certainty,  they will not miss observations which present the DRG (low number of missed positive cases), 

there is a low certainty level that the models are not incorrectly classifying observations that do not 

present the DRG as positive (high number of false positives).  

In terms of goodness-of-fit, it can be observed that the models for the DRGs that have the lowest pseudo 

r-squared values also have the lowest values for the performance measures. Additionally, the highest 
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pseudo r-squared values corresponded to the DRG models with the highest performance measures. 

This was expected, since the higher the pseudo r-squared value, the bigger is the quantity of the 

variation of the output class variable (DRG). This is explained by the independent variables (predictors), 

thus it is normal for models with high performance measures to also have high value of pseudo r-

squared. 

Concerning the evaluation of the most significant variables of the models, it can be stated that there is 

a great preponderance of ICD codes followed by medication, while prescriptions and assessments 

constitute a small number. Furthermore, the models that have the best results are those that have ICD 

code variables which relate directly with the DRGs. As in the case of the DRG 139, which consists in an 

arrhythmia (and/or cardiac conduction disorders without CC), and has as the most significant variables 

the 4 ICD codes that refer to different types of arrhythmias. This follows the expectations due to the 

influence of ICD codes in the characterization of DRGs. 

It is also possible to conclude in the analysis of most significant variables of the DRG models, that the 

variables with biggest positive coefficient values (increase the probability of predicting the presence of 

the DRG), are typically the variables that relate the most with the DRG. As, for example, in DRG 89 

(Pneumonia and/or simple pleurisy, age> 17 years, with CC), the variables with the biggest coefficients 

correspond to ICD codes that define types of Pneumonia. On the other hand, variables with negative 

coefficients (decrease the probability of the DRG presence) generally do not have a relation with the 

DRG, thus decrease the probability of prediction the DRG.  

Furthermore, in the analysis of most significant variables of the DRG models, there are some variables 

which are significant and present positive coefficients, while at the same time opposing the delimited 

DRG. This occurs in the two DRGs (DRG 541 and DRG 15) with more vast and not well defined groups. 

In the case of the DRG 541 (respiratory disorders, except infections, bronchitis or asthma, with major 

CC), ICD code variables related with pneumonia infections and bronchitis infections are included. While 

in the DRG 15 (unspecific cerebrovascular accident and/or pre-cerebral occlusion without infarction) an 

ICD code variable with a positive coefficient referring to a cerebral artery occlusion with cerebral 

infarction is included. This is believed to occur due to the vast nature of those DRGs, which state more 

broad types of groups, thus making the models more prone to the incorrect use of the independent 

variables.  
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6. Conclusions and future work 

In this thesis, a methodology for the prediction of DRGs was proposed, an important tool to the financing 

of hospital institutions. The process was performed through the use of structured data from EHRs, and 

by using a logistic regression machine learning technique to build the DRG prediction models. 

Concerning what was assessed by the literature review, no other studies predicting DRGs from 

structured data of EHRs were found, so this one tries to give an insight into the theme. 

Regarding the best models for the different DRGs, a great difference in terms of the performance 

measures of the models amongst the DRGs was seen, leading to the conclusion that equal 

methodologies in different DRGs gave different results due to the diversity and complexity of the various 

DRGs, that each relate more to different data. 

As addressed in the discussion, in terms of the models performance measures, the sensitivity measure 

was constantly higher than the PPV measure. Additionally, the sensitivity measure had a typically good 

performance (over 50%) for most of the DRG models, while the PPV had relatively low values for most 

of the DRG models. This type of results, specifically concerning the high values of sensitivity, 

characterize the DRG models as less likely to miss a DRG, and thus help the hospital institution not to 

lose revenues. Oppositely, regarding the low values of the PPV measure, this may lead the models to 

be more likely to incorrectly predict a DRG, which could lead the hospital to incur in fines for wrongly 

predicting a DRG. Thus, these models could be a basis, that with some improvement could be applied 

to a further DRG prediction system, which had an emphasis in not missing DRGs. 

In conclusion, this study indicates that it is possible to predict DRGs with the use of structured data from 

EHRs with a certain degree of confidence. Nonetheless, as the results and their discussion have stated, 

this is still a work in progress that is in need of some improvements in order to enhance its performance 

and applicability to more DRGs. 

In terms of further development of the used methodology, it is proposed that, in the future, a sampling 

method to the datasets be applied. Since the present datasets present imbalanced data, the application 

of a sampling method would modify the imbalanced datasets trough some methods, in order to deliver 

datasets with balanced distributions. This could improve the work, since the application of sampling 

methods usually improves the performance of models (He and Garcia 2009). Moreover, the application 

of the models to a database with a larger number of observations, especially in terms of the positive 

examples for the DRGs, would by a significant addition to the work. 

Furthermore, in order to improve the methodology, the use of additional supervised learning algorithms 

is proposed, such as SVMs and Naïve Bayes, which have already been applied in predictions of a 

classification system similar to the DRGs (Okamoto et al. 2012). Additionally a further improvement 

could be the application of the models to information of a different background. For instance, it could be 

applied to information from a different hospital facility, or simply to another production line of the HFF, 

particularly the ambulatory outpatient line, that also uses DRGs. Finally, it would be important in future 

work to include expert knowledge on the variables choice process, in order to avoid missing important 

information or using irrelevant data.  
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Appendix A. Dataset variables selected by the mRMR filter 

 

Table A-1. List of MDC 4 dataset variables selected by the mRMR filter. 

nº All variables Data block Description 

1 Age Age Age group of the individual 

2 ICD_1370 
ICD 

Late effects of respiratory tuberculosis or 
unspecified 

3 ICD_162 ICD Malignant neoplasm of trachea, bronchus and lung 

4 ICD_1629 
ICD 

Malignant neoplasm of bronchus or lung, 
unspecified site 

5 ICD_4151 ICD Pulmonary embolism and infarction 

6 ICD_431 ICD Intracerebral hemorrhage 

7 ICD_43491 
ICD 

Occlusion of the cerebral artery unspecified, 
cerebral infarction 

8 ICD_4660 ICD Acute bronchitis 

9 ICD_482 ICD Bacterial pneumonia  not classifiable elsewhere 

10 ICD_4829 ICD Bacterial pneumonia, unspecified 

11 ICD_486 ICD Pneumonia due to unspecified organism 

12 ICD_49121 
ICD 

Bronchitis chronic obstructive, with exacerbations 
(acute) 

13 ICD_49122 ICD Bronchitis chronic obstructive, with acute bronchitis 

14 ICD_492 ICD Emphysema 

15 ICD_49392 ICD Asthma unspecified, with exacerbations (acute) 

16 ICD_4941 ICD Bronchiectasis with acute exacerbation 

17 ICD_51881 ICD Acute respiratory failure 

18 ICD_51883 ICD Chronic respiratory failure 

19 ICD_51884 ICD Acute respiratory failure and chronic 

20 ICD_79902 ICD Hypoxemia 

21 AcantiChlamPneumoIgG 
Prescriptions Infections caused by Chlamydia pneumoniae (detect 

presence of IgG antibodies) 

22 AcantiChlamPneumoIgM 
Prescriptions Infections caused by Chlamydia pneumoniae (detect 

presence of IgM antibodies) 

23 AcantiMycoplasmaPneumoniaeIg  
Prescriptions Infections caused by Mycoplasma pneumoniae 

(detect presence of IgG antibodies ) 

24  AcantiMycoplasma 
Prescriptions Infections caused by Mycoplasma pneumoniae 

(detect presence  of IgM antibodies) 

25 AdministOxig Prescriptions Administer oxygen 

26 AmilaseTotal Prescriptions Total amylase (diagnosis of pancreatitis) 

27 AvaliarEstadoConsc Prescriptions Assessment of the state of consciousness 

28 ColocarBipap 
Prescriptions Place BiPAP (compressor that inflates the upper 

airways) 

29 DopplerVasosPescoco Prescriptions Doppler to the neck vessels 

30 ExcitoLiqaAcitPerit Prescriptions Cytology (liquid ascites or peritoneal) 

31 ExpectExBactermico 
Prescriptions Sputum (bacteriological and mycological 

examination) 

32 ExpectPesqBaarDirecto 
Prescriptions Sputum (diagnosis of pathogenic mycobacteria by 

direct smear microscopy) 

33 ExpectPesqMycobacteriasBactec Prescriptions Sputum (cultural examination - BACTEC) 

34 
ExpectPesqMycobacteriasLowen
s 

Prescriptions Sputum (Löwenstein Jensen- presence of 
mycobacteria) 

35 FraccaoC4 Prescriptions C4 fraction (identifying deficiencies of factor C4) 
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36 Gasimetria Prescriptions Blood gas 

37 GasimetriaArterial Prescriptions Arterial blood gas (analyzing a sample of arterial blood) 

38 HemoculturaAerobiose 
Prescriptions Blood culture aerobically (diagnosis of systemic infectious 

processes) 

39 LasciticoExBactermico 
Prescriptions Ascites analysis (bacteriological and mycological 

examination) 

36 Gasimetria Prescriptions Blood gas 

37 GasimetriaArterial Prescriptions Arterial blood gas (analyzing a sample of arterial blood) 

38 HemoculturaAerobiose 
Prescriptions Blood culture aerobically (diagnosis of systemic infectious 

processes) 

39 LasciticoExBactermico 
Prescriptions Ascites analysis (bacteriological and mycological 

examination) 

40 PesqAntigenioLegionellaPneumo Prescriptions Analysis for the detection of soluble antigen of Legionella 

41 PesqBaarDirectoAposConcent 
Prescriptions Research Bacillus alcohol (diagnosis of pathogenic 

mycobacteria by direct smear microscopy) 

42 RXTorax Prescriptions Chest X-ray 

43 SecBronqExBactermico 
Prescriptions Bronchial secretions (bacteriological and mycological 

examination) 

44 SecBronqPesqBaarDirecto 
Prescriptions Bronchial secretions (diagnosis of pathogenic 

mycobacteria by direct smear microscopy) 

45 SedimentoUrinario Prescriptions Urinary sediments (examin solid components of urine) 

46 TACTorax Prescriptions Chest CT scan 

47 MedAcetilcisteina Medication Acetylcysteine (mucolytic agent) 

48 MedAminofilina Medication Aminophylline (bronchodilator) 

49 MedAmoxAcClavulanico 
Medication 

Amoxicillin and clavulanic acid (antibiotic used for 
infections of the respiratory tract) 

50 MedBeclometasona 
Medication 

Beclomethasone (corticosteroid used in the treatment of 
chronic asthma) 

51 MedCeftriaxone Medication Ceftriaxone (suitable for respiratory infections) 

52 MedClaritromicina Medication Clarithromycin (suitable for bacterial infections) 

53 MedClindamicina Medication Clindamycin (antibiotic) 

54 MedConcEritrocitarioDesleuco Medication Transfusion of red cell concentrate without leukocytes 

55 MedEnoxaparina Medication Enoxaparin (anti-thrombotic and anti-coagulant) 

56 MedFlucloxacilina Medication Flucloxacillin (anti-infective drug) 

57 MedHidrocortisona Medication Hydrocortisone (anti-inflammatory) 

58 MedIpratropio Medication Ipratropium (assisting in bronchodilation) 

59 MedIpratropioSalbutamol Medication Ipratropium and salbutamol (bronchodilator) 

60 MedNicotinaOral Medication Oral nicotine (tobacco control) 

61 MedParacetamol Medication Paracetamol (painkiller) 

62 MedPiperacilinaTazobactam 
Medication 

Piperacillin and Tazobactam (infections treatment of lower 
respiratory tract) 

63 MedPrednisolona Medication Prednisolone (anti-inflammatory steroid) 

64 MedRitonavir Medication Ritonavir (antiretroviral HIV) 

65 MedSalbutamol Medication Salbutamol (bronchospasm relief) 

66 MedTocilizumab Medication Tocilizumab (treatment of rheumatoid arthritis) 

67 AirwayCleanComp Assessments Airway clearance 

68 Bipap Assessments BiPAP (compressor that inflates the upper airways) 

69 CDDrain Assessments CDD drain 

70 CompBreath Assessments Breathing compromised 

71 CoughProdutiva Assessments Productive cough 
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72 CoughSeca Assessments Dry cough 

73 DischStatusFalecido Assessments Destination on discharge, deceased 

74 DischStatusFalecidoSemAutpsia Assessments Destination on discharge, deceased without an autopsy 

75 DyspneaAdejonasal Assessments Dyspnea, specifications nasal flutter 

76 DyspneaBalanceioDaCabea Assessments Dyspnea, specifications  head swing 

77 DyspneaFarfalheira Assessments Dyspnea, specifications wheezing ( sputum loose) 

78 DyspneaOutros Assessments Dyspnea, specifications other 

79 DyspneaPieira Assessments Dyspnea, specifications wheezing (difficulty breathing) 

80 DyspneaTiragem Assessments Dyspnea, specifications circulation 

81 DyspneaAttitude Assessments Dyspnea, attitudes 

82 DyspneaRestEmRepouso Assessments Dyspnea, at rest 

83 DyspneaRestFuncional Assessments Dyspnea, functional 

84 EPAP 
Assessments EPAP (applying a positive pressure on exhalation through 

a mask) 

85 GastroExamCpre 
Assessments Gastroenterology examination, endoscopic retrograde 

cholangiopancreatography 

86 GastroExamEndoscopiaAlta Assessments Gastroenterology examination, endoscopy 

87 
HyperHypoVentilationHiperventil
a 

Assessments 
Hyperventilation 

88 HyperHypoVentilationHipoventila Assessments Hypoventilation 

89 MechVentilationType1 Assessments Noninvasive ventilation 

90 MechVentilationUnspec Assessments  Mechanical ventilation unspecified 

91 MechVentNiHome Assessments Noninvasive  domiciliary ventilation  

92 OLD Assessments  Long-term oxygen therapy 

93 OxTherHome Assessments Domiciliary oxygen therapy 

94 OxygenoTherapy Assessments Oxygen Therapy 

95 
PneumoExamToracocenteseSe
mBipsi 

Assessments 
Pulmonology examination (thoracentesis without biopsy) 

96 Polypnea Assessments Polypnea 

97 PulmonaryAAltered Assessments Altered pulmonary artery 

98 SecretionsResp Assessments Secretions in breathing 

99 ThoracicDrain Assessments  Chest drainage 

100 XrayThoraxUnspec Assessments Chest x-ray, unspecified 
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Table A-2. List of MDCs 5+1+16 dataset variables selected by the mRMR filter. 

nº All variables Data block Description 

1 Age Age Age group of the individual 

2 ICD_27651 ICD Dehydration 

3 ICD_2780 ICD Overweight and obesity 

4 ICD_401 ICD Essential hypertension 

5 ICD_4019 ICD Essential hypertension, not specified as malignant or benign 

6 ICD_40291 
ICD 

Hypertensive cardiac disease, unspecified, with cardiac 
insufficiency 

7 ICD_410 ICD Acute myocardial infarction 

8 ICD_4111 ICD Intermediate coronary syndrome 

9 ICD_4148 
ICD 

Specified form of chronic ischemic heart disease, not codable 
elsewhere 

10 ICD_4149 ICD Chronic ischemic disease of the heart, unspecified 

11 ICD_4168 ICD Other chronic  pulmonary cardiac diseases 

12 ICD_4240 ICD Mitral valve diseases 

13 ICD_4270 ICD Paroxysmal supraventricular tachycardia 

14 ICD_4273 ICD Atrial fibrillation and flutter 

15 ICD_42731 ICD Atrial fibrillation 

16 ICD_42732 ICD Atrial flutter 

17 ICD_42741 ICD Ventricular fibrillation 

18 ICD_42789 ICD Cardiac dysrhythmia specific, not codable elsewhere 

19 ICD_428 ICD Cardiac insufficiency 

20 ICD_4280 ICD Congestive heart failure, unspecified 

21 ICD_4289 ICD Cardiac insufficiency, unspecified 

22 ICD_431 ICD Intracerebral hemorrhage 

23 ICD_43491 ICD Cerebral artery occlusion, unspecified, with cerebral infarction 

24 ICD_436 ICD Acute cerebrovascular disease, but ill-defined 

25 ICD_4534 
ICD 

Embolism and acute venous thrombosis of deep vessels of 
lower limb 

26 ICD_482 ICD Bacterial pneumonia, not classified elsewhere 

27 ICD_486 ICD Pneumonia due to unspecified organism  

28 ICD_5184 ICD Acute pulmonary edema, not otherwise specified 

29 ICD_5789 ICD Gastrointestinal tract hemorrhage, unspecified 

30 ICD_78451 ICD Dysarthria 

31 ICD_78651 ICD Chest pain 

32 ICD_7895 ICD Ascites 

33 ICD_9779 ICD Poisoning by drugs or unspecified medication 

34 CargaViralHIV1 Prescriptions Determining the viral load of HIV type 1 

35 ColesterolLDL Prescriptions LDL Cholesterol Levels 

36 Colonoscopia Prescriptions Colonoscopy (polyp detection) 

37 DigoxinaNiveisSericos Prescriptions Mesurment of dioxin levels (detect intoxication) 

38 DopplerVasosPescoco Prescriptions Doppler to the neck vessels 

39 ECG Prescriptions Electrocardiogram 

40 Ecocardio Prescriptions Echocardiogram 

41 ExpectBactermico Prescriptions Sputum (bacteriological and mycological examination) 

42 ExpectPesqBaarDirecto 
Prescriptions Sputum (diagnosis of pathogenic mycobacteria by direct smear 

microscopy) 
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43 FezesExParasito Prescriptions Stool examination (diagnose intestinal parasites) 

44 FT4Livre Prescriptions Free thyroxine (diagnosis of changes in thyroid activity) 

45 HemoCulturaAerobiose 
Prescriptions Blood culture aerobically (diagnosis of systemic infectious 

processes) 

46 Holter Prescriptions Holter monitor (observe occasional cardiac arrhythmias) 

47 Homocisteina Prescriptions Ascertain level of homocysteine (thrombus formation) 

48 LactatoLCR 
Prescriptions Lactate present in the liquid sefalorraquidiano (indicator of 

bacterial infections) 

49 MeiasContencao 
Prescriptions Elastic compression stockings (compress dilated superficial 

veins) 

50 Mioglobina 
Prescriptions Measure levels of myoglobin (diagnosing the risk of myocardial 

infarction) 

51 PeptidoNatriureticoCerebral Prescriptions Levels of brain natriuretic peptide (cardiac insufficiency) 

52 PesqAntigenioLegionellaPneum Prescriptions Analysis for the detection of soluble antigen of Legionella 

53 ResistProteinaCActivadaFact 
Prescriptions Analysis for the detection of mutation of factor V Leiden 

(diagnosis of thrombophilia) 

54 TroponinaI Prescriptions Analysis of troponin I (diagnosis of myocardial infarction) 

55 TSHHormonaTireoEstimulante 
Prescriptions Assessment of thyroid stimulating hormone (changes in the 

thyroid) 

56 MedAcAAS Medication Aspirin (anti-inflammatory and analgesic) 

57 MedAcetilcisteina Medication Acetylcysteine (mucolytic agent) 

58 MedAmiodarona Medication Amiodarone (treatment of cardiac arrhythmias) 

59 MedAmiodaronaGlucose Medication Amiodarone and Glucose (treatment of cardiac arrhythmias) 

60 MedAtorvastatina Medication Atorvastatin (reduces cholesterol levels in the blood) 

61 MedBisoprolol Medication Bisoprolol (treatment of hypertension and chronic heart failure) 

62 MedCaptopril Medication Captopril (treatment of hypertension) 

63 MedCarvedilol 
Medication 

Carvedilol (treatment of severe hypertension and congestive 
heart failure) 

64 MedCeftriaxone Medication Ceftriaxone (treatment of respiratory infections) 

65 MedCiclofosfamida Medication Cyclophosphamide (treatment of lymphomas) 

66 MedClopidogrel 
Medication 

Clopidogrel (antiplatelet used in the treatment of arterial 
thrombosis) 

67 MedDexametasona 
Medication 

Dexamethasone (corticosteroid anti-inflammatory and 
immunosuppressive) 

68 MedDigoxina Medication Digoxin (treatment of tachycardia and heart failure) 

69 MedDinitratoIsossorbido Medication Isosorbide Dinitrate (coronary vasodilator) 

70 MedEmtricitabinaTenofovir Medication Emtricitabine and tenofovir (treatment of HIV infection) 

71 MedEnoxaparina Medication Enoxaparin (anti-thrombotic and anti-coagulant) 

72 MedEspironolactona Medication Spironolactone (diuretic used in the treatment of edemas) 

73 MedFurosemida Medication Furosemide (treatment of edemas) 

74 MedGlucose Medication Glucose (increase blood sugar levels) 

75 MedGlucoseNaCl 
Medication 

Glucose and sodium chloride (extracellular dehydration 
treatment) 

76 MedMetformina Medication Metformin ( treatment of type 2 diabetes) 

77 MedMetoclopramida 
Medication 

Metoclopramide (treatment of disturbances in gastrointestinal 
motility) 

78 MedMetolazona Medication Metolazone (treatment of high blood pressure) 

79 MedNitroglicerina Medication Nitroglycerin (vasodilator) 

80 MedPantoprazol Medication Pantoprazole (treating inflammation in digestive tract) 

81 MedPerindopril Medication Perindopril (treatment of hypertension) 
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82 MedPrednisolona Medication Prednisolone ( anti-inflammatory steroid) 

83 MedRamipril Medication Ramipril (treatment of hypertension) 

84 MedSinvastatina Medication Simvastatin (treatment of dyslipidemia) 

85 MedTocilizumab Medication Tocilizumab (treatment of rheumatoid arthritis) 

86 MedValproato Medication Valproate (antiepileptic) 

87 MedVarfarina Medication Warfarin (anticoagulant used to prevent thrombosis) 

88 Arrythmia Assessments Arrhythmia 

89 CardiacAAltered Assessments Cardiac rate alterations 

90 DischStatusCentrodeSadeMdico Assessments Destination on discharge, health center or family doctor 

91 Fast Assessments In fasting 

92 FeedTypeEntrica Assessments Feeding type, enteric 

93 FirstStandingUp Assessments First stading up 

94 GastroExamCPRE 
Assessments 

Gastroenterology examination, endoscopic retrograde 
cholangiopancreatography 

95 GastroExamEndoscopiaAlta Assessments Gastroenterology examination, endoscopy 

96 HygieneDep1 Assessments Personal Higiente, partially dependent 

97 OralAntiClott Assessments Therapy with oral anticoagulants 

98 Pacemaker Assessments Cardiac pacemaker carrier 

99 UrinateDeviceArrastadeira Assessments Spontaneous urination, with bedpan option 

100 XRayThoraxUnspec Assessments Chest x-ray, unspecified 

 

 

 


