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ABSTRACT 

Gholi Zadeh Kharrat, Fatemeh. FS-OPA: combination of optimization based on phylogram 

analysis and cox regression applied to mental disorder datasets.  2019.  113p.   Thesis (Doctor of 

Science)- São Carlos School of Engineering; Ribeirão Preto Medical School and São Carlos 

Chemistry Institute of the University of São Paulo,  2019. 

 

Digital datasets in several hospitals accumulated data from thousands of patients for more 

than a decade. In general, there is no team with enough experts with the required different skills 

capable of analyzing them in entirety. The integration of those abilities usually demands a relatively 

long-period and is cost. This project proposes a new Feature Sensitivity (FS) technique that can 

automatically deal with a large dataset. It uses a criterion-based sampling strategy from the 

Optimization based on Phylogram Analysis (OPA). Called FS-opa, the new approach seems proper 

for dealing with any types of raw data from health centers and manipulate their entire datasets. 

Besides, FS-OPA can find the principal features for the construction of inference models without 

depending on expert knowledge of the problem domain. The selected features can be combined 

with a usual statistical or machine learning methods to perform predictions. The new method can 

mine entire datasets from scratch.  

FS-opa was evaluated using a relatively large dataset from mental disorder hospitals in 

Brazil. Cox's approach was integrated to FS-opa to generate survival analysis models related to the 

length of stay (LOS) in hospitals, assuming that it is a relevant aspect that can benefit estimates of 

the efficiency of hospitals and the quality of patient treatments. Since FS-opa can work with raw 

datasets, no knowledge from the problem domain was used to obtain the preliminary prediction 

models found. Results show that FS-opa succeeded in performing a feature sensitivity analysis 

using only the raw data available.  

In this way, FS-opa can find the principal features without bias of an inference model, since 

the proposed method doesn't use it. Moreover, the experiments show that FS-opa can provide 

models with a useful trade-off according to their representativeness and parsimony. It can benefit 

further analyses by experts since they can focus on aspects that benefit problem modeling. 

 

Keywords: Optimization. Survival analysis. Cox regression. Mental disorders. DAMICORE. 

Length of stay (LOS). Phylogram. 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

RESUMO 

Gholi Zadeh Kharrat, Fatemeh. FS-OPA: combinação de otimização baseada em análise de 

filogramas e regressão de cox aplicada a conjuntos de dados de transtornos mentais. 2019. 113p. 

Tese (Doutorado) – Escola de Engenharia de São Carlos; Faculdade de Medicina de Ribeirão Preto 

e Instituto de Química de São Carlos da Universidade de São Paulo, São Carlos, 2019. 

 

Os conjuntos de dados digitais em vários hospitais acumularam dados de milhares de 

pacientes por mais de uma década. Em geral, não há equipe com especialistas suficientes, com as 

diferentes habilidades necessárias, capazes de analisá-las por inteiro. A integração dessas 

habilidades geralmente exige um período relativamente longo e custa. Este projeto propõe uma 

nova técnica de Sensibilidade aos recursos (FS) que pode lidar automaticamente com um grande 

conjunto de dados. Ele usa uma estratégia de amostragem baseada em critérios da Otimização 

baseada em Análise de Filogramas (OPA). Chamada FS-opa, a nova abordagem parece adequada 

para lidar com qualquer tipo de dados brutos dos centros de saúde e manipular todo o conjunto de 

dados. Além disso, o FS-OPA pode encontrar os principais recursos para a construção de modelos 

de inferência sem depender do conhecimento especializado do domínio do problema. Os recursos 

selecionados podem ser combinados com métodos usuais de estatística ou aprendizado de máquina 

para realizar previsões. O novo método pode extrair conjuntos de dados inteiros do zero. 

O FS-opa foi avaliado usando um conjunto de dados relativamente grande de hospitais com 

transtornos mentais no Brasil. A abordagem de Cox foi integrada ao FS-opa para gerar modelos de 

análise de sobrevida relacionados ao tempo de permanência (LOS) em hospitais, assumindo que é 

um aspecto relevante que pode beneficiar estimativas da eficiência dos hospitais e da qualidade 

dos tratamentos dos pacientes.  

Como o FS-opa pode trabalhar com conjuntos de dados brutos, nenhum conhecimento do 

domínio do problema foi usado para obter os modelos de previsão preliminares encontrados. Os 

resultados mostram que o FS-opa conseguiu realizar uma análise de sensibilidade dos recursos 

usando apenas os dados brutos disponíveis. Dessa forma, o FS-opa pode encontrar os principais 

recursos sem viés de um modelo de inferência, uma vez que o método proposto não o utiliza. Além 

disso, os experimentos mostram que o FS-opa pode fornecer aos modelos uma troca útil de acordo 

com sua representatividade e parcimônia. Pode beneficiar análises adicionais por especialistas, pois 

eles podem se concentrar em aspectos que beneficiam a modelagem de problemas. 

 



Palavras-chave: Otimização. Análise de sobrevivência. Cox regressão. Transtorno mental., 

DAMICORE. Comprimento de ficar. Filograma. 
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1 INTRODUCTION 

 

In the last decades, thousands of patients have their data storage into digital datasets. 

Nevertheless, those datasets have not been analyzed in a way that all the possible relationships 

among all the data are verified. In general, it would require several of experts in different types of 

knowledge working in an integrated way. The lack of available professionals for such work usually 

involves the problem domain (e.g., health, energy, finance, agribusiness, etc.) and/or data science 

areas (statistics, artificial intelligence, optimization, high-performance computing, etc.). Emphasis 

on innovations to deal with large-scale dataset has increased recently, in some forms called BigData 

(GANDOMI; HAIDER, 2015), it has motivated the development of new computing methods. In 

the healthcare domain, this challenge is even greater, since it may involve a lot of distinct 

knowledge from experts, making hard to develop automated analysis.  

On the other hand, Estimation of Distribution Algorithms (EDAs) composes an area of 

investigation of optimization strategies that aim at learning a problem from scratch to create models 

for search space exploration (HAUSCHILD; PELIKAN, 2011). Although the efficacy verified for 

some of them, they showed not properly for several large-scale real-world problems, in fact, the 

majority of the success cases are related to some problem categories. Recently, a new EDA, called 

Optimization based on Phylogram Analysis (SOARES et al., 2017) overcame those drawbacks, 

obtaining relevant results for different data types, as well as mixed data types. Moreover, OPA 

scalability was proved for binary problems (ISKEN; RAJAGOPALAN, 2002) and it has been 

experimentally verified for some real-world problems. 

 Such new scenario open opportunities to extend those results for data mining of 

complex datasets. This thesis investigates an OPA extension to construct a problem model from 

raw data. The first version of the model consists in selecting the main variables of features from 

the dataset. It means to find a set of consistent variables, those with enough information, but without 

repetition, among other aspects. Note that variable correlation (related to common information 

among variables) is one of the main aspects learned by EDAs to construct probabilistic models. 

The challenges in this context of healthcare datasets can also involve other data aspects, 

beyond size and their data meaning. Usually the factors used for performing analysis by experts 

motivated the procedures for data acquisition, the data structure of the storage, among other aspects 
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that make them biased by demands that were relevant (a) decade(s) ago. The dynamics of 

population and technology can make them asynchronous to current demands, which can generate 

data inconsistency. Such an issue is hard to automate for large datasets. A typical concern is time-

space granularity and its consistency with an analysis goal. Another critical aspect of health data is 

the constrained access to information due to its sensitiveness for patients, which is more complex 

when considering the whole dataset from large health centers. Fortunately, hospitals of mental 

health disorder for the Ribeirao Preto region in Brazil succeed in generated a public and reliable 

dataset, as shows the achievements of Barros et al. (2016). 

Living with mental health (Figure 1 ) problems are a serious personal and social challenge 

that has a profound impact, not only on patients, their family, and the health services but also on 

the economy, which is given that mental health disorders are the most costly condition in low-

income and middle-income countries (DOUZENIS et al., 2012; MASTERS et al., 2014; 

SOCKALINGAM et al., 2016). Whereas the recognition of mental disorders has risen over the last 

decades, the Length of Stay (LOS) in psychiatric hospitals has increased. So, understanding factors 

associated with the indicator of LOS for mental health disorders not only can be critical to 

managing the quality of care and economic reasons but also, insurers, administrators and 

policymakers are interested in the predictors of the length of each hospitalization (LIN et al., 2009, 

TULLOCH et al., 2011). Some previous studies have determined that different factors tend to effect 

on the LOS.  In general, they found heterogeneous conclusions. For instance, some of them 

suggested the demographic variables such as age, gender, marital status, type of admission, place 

of residence and employment status (ADDISU et al., 2015; DOUZENIS et al., 2012; FEKADU et 

al., 2007; STEVENS et al., 2001; ZHANG et al., 2011) On the other hand, other aspects as clinical 

variables, administrative information (BAEZA et al., 2018; HOSSEINI, 2013; NEWMAN et al., 

2018), suicide attempts(Tulloch, Khondoker et al. 2012) and homelessness(TULLOCH et al., 

2012) are reported as the most important. Until a certain point, the heterogeneous conclusions also 

illustrate the miscorrelation that may take place involving the types of features stored and a purpose 

of an analysis, which can increase with the dynamics of population and technology. 

Such new scenario open opportunities for investigations of new data mining approaches, as 

proposed here based on OPA. When constructing a problem model from raw data, OPA can 

automate a series of data mining procedures, without the bias for an analysis goal. In fact, OPA 
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generates several models that evolve according to general criteria, related to representativeness and 

parsimony. The first step of modeling consists of selecting the main variables (features) from the 

dataset. It produces a set of consistent variables, that should be small but with enough information 

according to the criteria, without redundancy, among other aspects. Note that variable correlation 

(related to common information among variables) is one of the main aspects learned by EDAs to 

construct probabilistic models. 

In order to deal with a variety of data types in the same dataset as well as the absence of 

domain knowledge for pre-processing data, DAMICORE (MANSOUR et al., 2015) method is used 

for the model construction. Basically, it finds variable correlations and represents them in a graph 

tree (a raw model). Based on such results, some feature sensitivity was proposed, composing a new 

method that we called Feature Sensitivity based on OPA (FS-opa). 

 

Figure 1 – Psychiatric Disorders. 

 

Source: Wikipedia. 
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1.1 General Importance  

 Length of Stay (LOS) is defined as the number of days that a patient is hospitalized in a 

hospital or a similar medical facility. Predicting LOS of patients in a hospital is important in 

providing them with better services and higher satisfaction, as well as helping the hospital 

management plan and managing hospital resources as meticulously as possible (HACHESU et al., 

2013). In-patient stay in psychiatric hospitals is longer than in other specialized clinics (STEVENS 

et al.,  2001). LOS in hospitals is a widely used and important criterion for evaluating hospital 

performance (KHOSRAVIZADEH et al., 2016). Hospitals are an important part of a health system 

that, in coordination with other parts, provide health to the community LOS is an appropriate 

hospital indicator to evaluate hospital resource utilization rate, efficiency and quality of services 

delivered (RAVANGARD et al., 2011). 

Patient LOS is one of the most commonly worldwide employed outcome measures for 

hospital resource consumption and performance monitoring. It also provides a better understanding 

of the flow of patients through a healthcare system, which is essential for understanding both the 

operational and clinical functions (ADEYEMI; CHAUSSALET, 2009). The main contribution of 

this dissertation is a Feature Selection approach based on OPA, that was called FS-OPA. This new 

approach also involves the combination with Cox regression in order to enable survival analysis 

related to LOS in mental health hospitals. 

1.2 Research Objectives and Questions 

 The following objectives can synthesize the investigation we carried on: 1) Development 

of a method that can directly work with complete raw datasets; 2) Verification of its capabilities 

using a real-world datasets and the relevance of information extracted from data; 3) A model that 

can benefit further analysis by experts, and 4) the development of a FS-opa procedure to enable the 

inclusion of problem domain knowledge. Note that selecting the principal features is a way to 

obtain parsimonious inference models, which can make easier for further analysis by experts as 

well as it may reduce collinearity and eventually improve the accuracy of predictors. 
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Text Organization 

This dissertation is structured in the following way: 

• Chapter 1: Describes background and the general importance of the issue discussed in this 

dissertation and sets the research objectives.  

• Chapter 2: Provides a literature review of computer techniques: Data Mining, Survival 

Analysis, Impute Missing Value, Length of Stay and DAMICORE. 

• Chapter 3: Material and Methods. 

• Chapter 4: Results and Discussion. 

• Chapter 5: Conclusions. 
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2 LITERATURE REVIEW      

 This chapter explores relevant researches related predictions from psychiatric hospital 

datasets that can benefit patient treatment and evaluation of hospital protocols. Most of the papers 

work demographic information, and estimations of the Length of Stay (LOS) in the hospital 

published papers included in this review were found mainly in journals for healthcare management, 

operational research applied to healthcare, medical decision analysis and in non-governmental 

organizations (NGO’s) reports. 

2.1 Computer Techniques  

 

2.1.1 Data Mining 

 

The clinical datasets are accumulated due to the huge number of data associated with the 

patient’s records, while all of this data cannot be valuable. Hence, by using data mining techniques 

can extraction of useful knowledge from raw data (CAETANO et al., 2014; PRATHER et al., 

1997). Alonso et al. (2018) proposed data mining tool to diseases such as dementia, schizophrenia, 

depression, etc. That can help make timely and accurate decisions and improve the patient's quality 

of life. Ogbuabor and Ugwoke (2018) investigated different data mining tools and techniques for 

clustering techniques using healthcare dataset, in order to determine suitable algorithms which can 

bring the optimized group clusters. 

 

2.1.2 Survival Analysis  

 

  Survival analysis is a collection of statistical procedures that have become essential tools 

for analyzing data where the outcome variable of interest is time until an event occurs. The data 

relating to the field of health sciences, engineering, marketing etc. (LEFAIVRE et al., 2009). 

Baethge and Schlattmann (2004) examined patients undergoing prophylactic treatment with 

lithium or carbamazepine (serum level assayed) for bipolar disorder (ICD-10) with demonstrating 

a method of survival analysis by the Kaplan-Meier (KM) that takes multiple recurrences into 

account. The author found that the alternative method revealed that both sexes were similarly likely 

to remain well. Andersen et al. (1985), Thenmozhi et al. (2019), Twisk et al. (2005)  reported that 
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the Cox or well-known hazard model widely used to recurrent time to the event outcome in many 

epidemiological and medical studies such as mental disorder sickness leave from work, sporting 

injuries, recurrent urinary tract infection. Parpia et al. (2013) proposed Cox regression for data 

from a previously reported non-inferiority trial examining hypo fractionated radiotherapy with 

conventional radiotherapy for the prevention of local recurrence in patients with early-stage breast 

cancer who had experienced breast-conserving surgery. Prisciandaro et al. (2011) used a Cox 

regression with particular psychiatric disorders, such as depression have a significant and negative 

effect on diabetes outcomes. The author found that among individuals with diabetes, alcohol and 

drug abuse/dependence have a considerable influence on mortality. Raji et al. (2008) reported the 

risks of mortality from cancer and no cancer causes, stratified by the presence or absence of 

preexisting dementia diagnoses. Cox proportional hazards regression was used to adjust for 

confounding variables. Baillargeon et al. (2011) considered the association between the presence 

of a preexisting mental disorder and the stage of colon cancer at diagnosis, receipt of cancer 

treatment, overall and colon cancer-specific mortality was assessed using Cox proportional hazards 

regression and logistic regression that result has shown members with mental disorders were more 

likely to have been diagnosed with colon cancer at autopsy. Sokoreli et al. (2018) investigated the 

prognostic value of psychosocial factors for predicting first or recurrent events after discharge 

following hospitalization for heart failure. Bouamra et al. (2010) were used Kaplan-Meier, Cox 

regression and the A-G model to identify predictors of first and recurrent events (readmissions or 

death). The author outcome showed that psychosocial factors are strongly associated with 

unplanned recurrent readmissions or mortality following an admission to hospital for HF. Klein et 

al. (2018) proposed Cox regression was used with time to relapse/recurrence within two years as 

the outcome and well-established risk factors as predictors with depressive patients performance 

measures and absolute risk scores were calculated, a practically applicable risk score was created, 

and the tool was externally validated since the overall performance of the model was poor, more 

studies are needed to enhance the performance before recommending implementation into clinical 

practice. Lefaivre et al. (2009) investigated a Cox proportional hazards model was used to 

determine the effect of delay to surgery on the LOS while controlling for other pertinent 

confounding factors. Using logistical regression, they determined the effect of delay to surgery on 

in-hospital death, medical complications and the presence of pressure sores while controlling for 

on founding factors. The result has shown that patients with a fracture of the hip should have 
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surgery early to lessen the time to acute-care hospital discharge and to minimize the risk of 

complications. Cui et al. (2010) applied several semi-parametric proportional hazards models to 

analyze the risk of recurrent myocardial infarction (MI) events based on data from an extensive 

randomized placebo-controlled trial of cholesterol-lowering drug. The backward selection 

procedure was used to select the significant risk factors in a model.  

 

2.1.3 Impute Missing Value  

 

  Missing data are a substantial problem in many research areas, particularly for medical 

data sets missing values are unfortunately unavoidable, especially in longitudinal clinical trials 

(DONDERS et al., 2006; NEWGARD; LEWIS, 2015). Various approaches have been used to deal 

with missing data in clinical databases. (RUBIN, 2004; SCHAFER, 1997) proposed Multiple 

Imputations (MI) is an advanced technique unleashing its full potential requires its user to make a 

series of important decisions. Donders et al. (2006) investigated lots of tools to do MI for handling 

missing data. The author found that multiple imputations are one of sophisticated (imputation) 

techniques for dealing with missing data that give much better results. 

García-Laencina et al. (2015) investigated  analyzes a real breast cancer dataset from 

Institute Portuguese of Oncology of Porto with a high percentage of unknown categorical 

information (most clinical data of the patients are incomplete), which is a challenge in terms of 

complexity. Four scenarios are evaluated: 5-year survival prediction without imputation and 5-year 

survival prediction from cleaned dataset with mode imputation, expectation-maximization 

imputation and KNearest neighbours imputation. Prediction models for breast cancer survivability 

are constructed using four different methods: K-Nearest neighbors, classification trees, logistic 

regression and support vector machines. The author showed that the K-Nearest neighbors algorithm 

constitutes very good results in this complex scenario. 

Young and Johnson (2015) applied a review of key issues and methods for the analysis of 

longitudinal panel data in the presence of missing values. The authors consider the unique 

challenges associated with attrition (survey dropout), incomplete repeated measures, and unknown 

observations of time. They applied a fixed effect regression model and an event-history analysis 

with time-varying covariates. They then compared results for analyses with nonimputed missing 

data and with imputed data both in long and in wide structures. Imputation produced improved 
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estimates in the event-history analysis but only modest improvements in the estimates and standard 

errors of the fixed effects analysis. Factors responsible for differences in the value of imputation 

are examined, and recommendations for handling missing values in panel data are presented. 

Marston et al. (2010) examined patterns of missing data in a primary care database, compare 

this to nationally representative datasets and explore the use of multiple imputations (MI) for these 

data. The authors result considered smoking and alcohol data missing not at random whereas 

height, weight and blood pressure missing at random. 

Baneshi and Talei (2011) and Zhang (2016) only focused on performing MI by using R 

multivariate imputation by chained equation (MICE) package is flexible which offers many 

functions to deal with all forms of variables (continuous, categorical, and binary).  

2.1.4 Length of Stay  

Lim and Tongkumchum (2009) proposed methods for analyzing hospital Length of Stay 

(LOS) with application to patients dying in Southern Thailand from 2000 to 2003. They based 

diagnosis on demographic, geographic and hospital size factors. Logistic and linear regression with 

log-transformed LOS was used to analyze the data. Results showed the proposed is a suitable 

palliative care or as a procedure for selecting proper place for spending the final time of life, 

especially for patients with chronic diseases, reducing hospital resource utilization. 

Ong et al. (2009) considered patients LOS in women hospital identifying associated clinical 

and non-clinical factors. They reviewed all 3421 charts of patients admitted in oncology, surgery 

and obstetrics units in 2008. They used a data collection sheet and conducted interviews to collect 

the following data: distance from living area, medical insurance coverage types, admission and 

discharge months, days and times, inpatient units, final diagnoses and the number of diagnostic 

tests. 

Mojtabai et al. (1997) examined the effects of demographics, personal resources, and 

psychiatric characteristics on relapse risk in patients discharged from two state facilities. Data were 

analyzed by survival analysis with the Cox regression model. Out of the different demographic, 

social and psychiatric variables, the patients' diagnosis, LOS and level of functioning at discharge 

as well as the interaction of employment status and living status and interaction of age and living 

status were significantly related to relapse rate. 
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Barros et al. (2016) examined the impact that the LOS had on the rates of readmission for 

patients who were first admitted to various inpatient psychiatric units in a large catchment area in 

Brazil. An analysis of the time span between first admission and readmission was conducted using 

survival curves estimated by the Kaplan–Meier formula and a logistic regression analysis was 

conducted for the analyses of the risk of readmissions. The survival analysis showed that ultrashort 

length of stay (1–2 days) was associated with reduced odds of readmission, but multivariate logistic 

analysis showed no association between length of stay and the odds of readmissions. The predictors 

of early readmission included the diagnosis of depressive, bipolar, psychotic, and non-alcohol-

related disorders, younger ages and unemployment. 

 

2.1.5 Data Mine of Code Repositories (DAMICORE)  

Pinto et al. (2017) examined Data Mine of Code Repositories (DAMICORE) technique for 

clustering executable codes regarding their resource consumption profile. The author result has 

shown that this approach was applied successfully over a repository with 80 executable programs 

to distinguish between CPU-Intensive and IO-Intensive applications. Mansour et al. (2015) 

investigated a new method based on pareto-optimality and on the hierarchical clustering method 

called DAMICORE to determine the common promising groups in a given dendrogram is 

proposed. 

Tsutsumi et al. (2018) proposed to analyze high-speed kymograph images and voice signals 

with and without unilateral vocal fold paralysis using the data mining computerized system 

DAMICORE. The results showed that DAMICORE, it is a promising tool for kymographic images 

and voice signal data mining analysis. This tool demonstrated high sensibility to noise in acoustical 

signals. 
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3 MATERIALS AND METHODS  

The previous chapter showed in the literature review about mental disorder and techniques 

and essential factors effects in length of stay in a mental hospital. The dataset used and the main 

computer method investigated for developing the proposal are presented in this chapter. First 

Section 3.1 shows the main aspects of the dataset used is this thesis. 

 Then, Section 3.2 introduces the Optimization based on Phylogram Analysis. Basically, 

OPA can create representative models from raw data, without using prior knowledge. Such 

property seems adequate to deal with raw and large-scale datasets, mainly with large amount of 

features. Section 3.3 and 3.4 about DAMICORE and phylogenetic analysis and the final of this 

chapter about survival analysis with R packages and how can evaluate models with AIC explained 

in section 3.5, 3.6 and 3.7.   

3.1  Data used   

The investigation here presented uses the dataset of mental health care collected by the 

information system of the Coordination of Hospitalizations in Ribeirão Preto, Brazil, from July 

2012 to December 2017 (YOSHIURA et al., 2017). The dataset contains information on 8,755 

patients with an average age of 37.6 years. The features of the dataset are related to: 1) socio-

demographic aspects, 2) information for people admission in a hospital stay (location, duration, 

patient origin and destination), 3) diagnoses (at admission, primary diagnosis and secondary 

diagnosis), 4) services used (such as transfer patients to other hospitals), 5) Information on inpatient 

discharges from hospitals that provide general or specialized care, 6) date information such as (date 

of registration, date of discharge and date of  death, etc.), 7) codes associated to patients, hospitals 

and hospitalization procedures, 8) mental diagnostic codes (according to the International 

Classification of  Diseases, 10th Revision - ICD-10).  

Next we highlight some groups of those disease presented on the dataset: neurotic and 

anxiety disorders (F40-F49), psychotic disorders including schizophrenia (F20-F29), bipolar 

disorder (F30, F31), depressive disorders (F32-F34), personality disorders (F60-F69), alcohol-

related disorders (F10), other substance-related disorders (F11-F19), and other mental disorders 

(mainly F00-F09 and F70-79). Moreover, the records include information about other types of 

diseases, such as a heart problem, trauma, and stroke. All the fifty-two Portuguese and English 

names of all the features (also denoted here as variables) are shown in Table 1. The corresponding 
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dataset is referred as both 52-feature dataset (52-FD) and raw-and-Full dataset (Raw-Full FD), 

according to the purpose. 

Table 1– List of all variables form 52-FD, their meaning in English, the corresponding data types and 

value ranges. 

Number Portuguese Meaning in English Type of values / Value range 

1 Idade Age Numeric / 0-100 

2 Faixa_etaria Age ranges 
Numeric / 0-5, 6-18, 19-60, 61-80, 

81-100 

3 Data_nascimento Birth date Date / DB period* 

4 Prob_respiratorios Breathing problems Nominal / Yes, No,  Empty 

5 Municipio City Nominal / City Name 

6 Cod_paciente Patient code Numeric / four Arabic digits 

7 Cod_regulacao Regulatory code Alphanumeric / F00-F16000 

8 Cod_unidade_origem EU** source code Numeric / 1-199 

9 Convulsao Convulsion Nominal / Yes, No, Empty 

10 Data_cancel_solicitacao Request cancel date Date / DB period 

11 Data_lista_reg 

Date of inclusion in the 

regulatory system list of 

admissions in EUs 

Date / DB period 

12 Data_lista_hospital 
Date of inclusion in the list of an 

EU 
Date / DB period 

13 Data_internacao Hospital entry date Date / DB period 

14 Data_vaga_reg 
Due date to entry appointed by 

the regulatory system 
Date / DB period 

15 Data_cadastro Registration date Date / DB period 

To be Continued 
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          Continuation 

Number Portuguese Meaning in English Type of values / Value range 

16 Data_internacao_real Actual hospital entry date Date / DB period 

17 Data_admissao_reg 
Date when the regulatory 

system chose an EU 
Date / DB period 

18 Data_vaga_hospital Due date to enter into the EU Date / DB period 

20 Diabetes Diabetes Nominal / Yes, No, Empty 

 
21 Data_alta Discharge date Date / DB period 

22 Grupo_diagnostico_alta Discharge diagnosis group Nominal  / (AD, TM, Empty) 

23 Diff _vaga_internacao 
Gap of time until entering the 

Hospital 
Numeric / 0-26 days 

24 Data_expiracao Expiration date Date / DB period 

25 Tipo_internacao Hospitalization type 
Nominal / Voluntary, 

Involuntary, Compulsory 

27 Cid10_diagnostico ICD10 diagnosis Nominal / E32.3-Z91.5 

26 Cid10_diagnostico_alta ICD10 discharge diagnosis Nominal /A00 - Z73.1 

29 Cid10_seg_diagnostico ICD10 second diagnosis Nominal / B23.8-Z91.5 

28 Cid10_seg_diagnostico_alta 
ICD10 second discharge 

diagnosis 
Nominal / A00-Z32.1 

30 Doenca_infecto Infection diseases Nominal / Yes, No,  Empty 

31 Tempo_internacao 
Length of Stay in Hospital 

(LOS) 
Numeric / 0-1521 days 

32 Arranjo_domiciliar 
Family or home relationships, 

who you live with 

Nominal / Alone, Father, Mother 

Friend, Other condition 

33 Estado_civil Marital status 
Nominal / Single, 

Married,  Divorced 

To be Continued 
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Continuation 

Number Portuguese Meaning in English Type of values / Value range 

34 Nome_unidade_destino Name of destination health unit Nominal / Organization Name 

35 Nome_unidade_solicitacao Name of the requested health unit Nominal / Organization Name 

36 Gravidez Pregnant Nominal / Yes, No, Empty 

37 Profissao_ocupacao Professional occupation 
Nominal / Employed, Unemployed, 

Retired 

38 Tipo_regulacao Regulatory type Nominal / Yes, No, Empty 

39 Data_solicitacao Request date Date / DB period 

40 Sexo Gender Nominal / Male, Female 

41 Etnia Skin color 
Nominal / White, Black, Brown, 

Yellow 

42 UF Federal state name Nominal / Two-letter acronym 

43 AVC Stroke Nominal / Yes, No, Empty 

44 HAS Systemic arterial hypotension Nominal / Yes, No, Empty 

45 Cod_transf_alta Transferring code release Numeric 

19 Data transferencia Transferring date Date /  DB period 

46 Traumatismo Trauma 

 

Nominal / Yes, No, Empty 

47 Tipo_alta Type of discharge 

Nominal / Clinic, Transfer, Transfer 

to mental section, By request, 

Administrative, Evasion, Died 

To be Continued 
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* DB Period - period of data collected available in the database used, from 7/12/2012 to 12/30/2017. 

** EU - Emergency Unit. 

Source: Elaborated by the author. 

 

3.2 Estimation of Distribution Algorithms (EDAs) 

 

EDAs are optimization methods based on evolutionary theory that automatically constructs 

a problem model, which is used to search on the decision space. They require relatively few 

parameters to setup. Basically, an EDA uses samples of variable values from promising solutions 

of a problem to generate a model of variable correlations and probabilities. Then, new values for 

each variable (a candidate solution) are generated from the model, sampling the decision space. 

After selecting the best found solutions among those new generated, a new model can be produced 

and start a new cycle of the EAD processing.  Figure 2 synthesizes the main steps of a general 

EDAs. 

 

 

Number Portuguese Meaning in English Type of values / Value range 

48 Tipo_internacao_de 
Type of abnormal 

hospitalization 

Nominal / Spontaneous demand, 

Transfer from another clinic, 

Judicial order, Empty 

49 Unidade_cadastro unit registration Numeric / 4-199 

50 
Tempo_espera_inter

nacao 
Waiting time for hospitalization Numeric / 0-365 days 

51 
Tempo_espera_aceit

e 
Waiting time for acceptance Numeric / 0-365 days 

52 Via_internacao Reasons for hospitalization 
Nominal / Spontaneous Demand, 

Caregiver, EU 
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Figure 2 – Overview of EDAs. 

 

Source: Elaborated by the author. 

 

The main drawbacks of them have being the computing time to construct the models, since 

high quality models (that can properly represent a problem) usually requires significantly more 

computation. For example, Bayesian Networks (JENSEN, 1996) can construct models with high 

quality for several complex problems, but the corresponding running time can make the complete 

processing unfeasible for large instances of them (high number of variables, large groups of 

correlated variables, mixed data type, etc.). 

 

3.2.1  Optimization based on Phylogram Analysis 

OPA (Soares et al., 2017)  is an EDA that can guarantee an adequate tradeoff between 

computing time and the quality of problem models for some complex problems. Models of OPA 

are phylograms (as the phylogenetic trees used to describe species evolution) combined with joint 

probabilities of variables associated to each phylogram subtree (clades) as shown in Appendix A. 

Useful phylograms can be constructed by relatively fast algorithms. OPA uses Fast Algorithm of 

Newman to generate models from large amount of data (that can also be of any type) and a 

resampling technique to overcome bias from greedy procedures involved in this algorithm and 

from data samples. Those characteristics make OPA proper for dealing with new data sets and 

problem domains with poor knowledge available (where there is no previous model or expert to 

orient a modeling process). Figure 3 shows a flowchart of the OPA main steps. The optimization 

cycle of an OPA is similar to a typical EDA, differing mainly by the method of model construction. 
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Figure 3 – Optimization based on Phylogram Analysis-OPA. 

 

Source: Elaborated by the author. 

 

Usually pre-processing techniques are applied to adequate data for the analysis method 

chosen before constructing any problem model, however, OPA can avoid such processing if 

necessary. On the other hand, the model building approach of OPA is agnostic to data (type, 

structure or source) and to the analysis method used. Then it can be extended to generate models 

that are not dependent on data structure, pre-processing or any analysis method that may generate 

bias on results. 

Next, we propose an approach, called Feature Sensitivity through criterion-based 

resampling from OPA (FS-OPA), based on OPA to identify the principal features (variables) of a 

problem from scratch. Thus, problem models can be generated for any problem if some significant 

amount of data is available. This type of result can reduce the time of the investigation until one 

reaches a useful result or preliminary conclusions, benefiting analysis for different fields, mainly 

the ones with lack of funds or expert practitioners to carry on the investigations. 

A Feature Sensitivity analysis aims at finding a set with the principal features of the problem 

taking into account both the current context (e.g., sampled data quality and its relevance for a 

purpose) and the feature interactions (AHMADI-JAVID et al., 2017), which differs from usual 

feature selection approaches. FS-OPA can perform the feature sensitivity analysis for any type of 

data and grade of interactions. The results are arranged in a model that highlights feature 

relationships and relevance (based on phylogram(s)). The main values of variables relevant for the 

success are represented by joint probabilities, as in OPA, conditional probabilities, a regression 

method, classification approach, etc. FS-OPA was hybridized to a Cox approach to enable survival 

analysis. Then, the output of FS-OPA is a probabilistic model. The synthesis of a system in such 

model enables practitioners to realize mechanisms of relatively complex systems, as well as to 

make decisions with higher level of confidence. Next Section introduces FS-OPA. 
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3.3 Feature Sensitivity through criterion-based resampling form OPA  

 

FS-OPA is described from by the modifications of it highlighted in Figure 4. They SS 

(Salient Samples through a criterion) and SM (Sampling from a phylogram Model). Next Sections 

present both SS and SM. 

 

Figure 4 – SS and SM rectangles in red dashed lines highlights the OPA steps that were modified in order 

to construct FS-OPA. 

 

 

Source: Elaborated by the author. 

 

3.3.1 SS in FS-OPA 

Tournament operator is a procedure used by EDAs to highlight promising regions in the 

search space.  OPA performs it through selecting points (solutions/samples) in such regions, 

according to a purpose or optimization criterion. Basically, it picks up randomly a small number 

of samples (as individuals that compete in a tournament) and saves the best of them according to 

the criterion (also called objective function or fitness) in a set. This process repeats until the set has 

enough samples for modeling. In a certain way, the tournament is a resampling method with similar 

benefits, as it reduces the data unbalance bias, among other aspects that benefit the modeling 

process. The selection pressure (usually two, denoted as s=2) is the number of individuals that 

compete in each tournament and it is a parameter to setup. 

Another relevant operator used by EDAs to salient promising regions of the search space is 

called ranking. After sorting all samples (according to a criterion) into a vector, the first best 

segment (top) of the vector composes the set of selected samples. The size of the top is adjustable 
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by the selection pressure imposed (size of the top is equal to equal to 
𝑛

𝑠
 where n is the total amount 

of number of samples), managed as a parameter. 

FS-opa bypasses such a parameter by developing a selection that works with three levels of 

selection pressure. It uses ranking selection for the sake of simplicity in the code implementation 

and validation since it is a deterministic procedure. Besides, the stochasticity added by the use of 

the three levels can contribute to the reduction of bias. First, FS-opa ranks all the dataset according 

to the used criterion (e.g., minimizing LOS), generating an ordered sequence, a rank R.  The three 

levels of selection pressures result in three levels of categorizations of R. First, FS-opa ranks all 

the dataset according to the used criterion (e.g., minimizing LOS), generating an ordered sequence, 

a rank R. The three levels of selection pressures result in three levels of categorizations of R. 

Differently from OPA, FS-opa saves both the samples at the top (head of the rank) and the bottom 

(tail of the rank) of each categorization: i) two-level categorization(2C, 𝑠 = 2), ii) four-level 

categorization (4C, 𝑠 = 4), and iii) eight level categorization (8𝐶, 𝑠 = 8). 

A set called B2C saves the best samples (according to the criterion) from 2C, and another, 

W2C, stores the worst samples from it. Similarly, B4C (B8C) is the head with best samples after 

splitting R into four (eight) categories, and W4C (W8C) is the tail with the worst samples. Figure 5 

summarizes the SS procedure. Note that highest pressure can increase the number of categorizes 

subsets, however, results based on OPA show that those three values are usually enough for variety 

of complex  problems (SOARES et al., 2017). 
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Figure 5 – Components of SS in FS-opa that finds relevant sample subsets: B2C, W2C, B4C, B8C, W4C, and 

W8C. 

 

 

Source: Elaborated by the author. 

 

 

3.3.2  SM in FS-opa 

The execution of the model-building strategy of OPA for each of the six subsets generated 

by SS produces six phylogram-based models. Figure 6 synthesizes the SM procedure. The 

phylograms represent the main relationships among variables (also called features or factors, 

depending on the domain). Based on them, we determine a set of principal features, as described 

in the sequel. 
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Figure 6 – First, SM constructs six phylogram-based models. 

 

 

 

Source: Elaborated by the author. 

 

The algorithm used by SM for phylogram constructions is DAMICORE (SOARES et al., 

2017). This method can work with data from any type and structure (integer, real and complex 

numbers, categorical data, images, sound, movies, etc.), as well as mixed data types, without any 

pre-processing (filtering, outlier detection, feature extraction, among others). DAMICORE 

associates to each phylogram possible clusters of the strongly correlated objects in the analysis, 

where each object corresponds to a vector with the values of a variable manipulated by FS-opa. 

Moreover, it requires no parameter set up to run, although another code compressor (gzip is the 

default choice) improving compression can benefit the resulting quality. 
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SM applies DAMICORE to the six subsets (B2C, W2C, B4C, W4C, B8C, W8C) of samples 

(Figure 6), but the objects for DAMICORE manipulation are values associated to each variable.  if 

data has a spreadsheet structure, each entire column corresponding to a variable (xi) composes an 

object (also called xi). In practice, a file called xi
B2C ( xi

W2C, xi
B4C, xi

W4C, xi
B8C, xi

W8C), saved in a 

directory/folder called B2C (W2C, B4C, W4C, B8C, W8C), stores the data associated with variable xi 

from samples in B2C (W2C, B4C, W4C, B8C, W8C). It results in six directories, each one with l 

variables, where l is the total amount of variables of the problem (number of columns of a 

spreadsheet). The size of files xi
B2C and xi

W2C are n/2 in B2C and W2C, respectively. Similarly, the 

sizes of files xi
B4C and xi

W4C (xi
B8C and xi

W8C) are n/4 (n/8). Note that the size of files (number of 

samples used) decreases as the selection pressure increases. Finally, DAMICORE runs for each 

directory generating the six phylograms (preliminary models) with clusters associated (also called 

clades in the domain of evolution theory, that used here by convenience). 

Figure 7 illustrates the analysis of the feature sensitivity of SM, organized into two 

techniques: one strictly based on clades found for each of the six categorized subsets (B2C, W2C, 

B4C, W4C, B8C e W8C) and another based on the sizes of the graph paths from a reference variable 

(leaf node) to the other variables (also leaf nodes) calculated for each phylogram. The former 

process is called SM1 and the latter, SM2. Note that finding the principal and less correlated factors 

is a way to find a parsimonious inference model. They can benefit further analysis by experts since 

they can focus on the more relevant aspects of a relatively complex system. Moreover, fewer 

features may reduce collinearity and improve the accuracy of prediction models until a certain 

point. 

 

Figure 7 – Feature sensitivity from models and their use in Cox approach. 

 

 

 

Source: Elaborated by the author. 
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First, SM1 splits phylograms into two clades: C1 and C2. Supposedly the majority of the 

objects in each clade have low-level common information. Thus, the remotion of the branch (graph 

edge) in the middle of the largest (graph) path of the phylogram generates such clades. Note that 

other strategies to estimate the largest uncorrelated clades from a phylogram are possible according 

to OPA principles, but the middle-path-based criterion is relatively simple and enough to produce 

relevant results (Section 3). Moreover, if the largest path has an even number of branches, both 

remotions are tested and the one with higher congruence in the procedure described in the next 

paragraph is chosen.     

SM1 applied to the six preliminary models produces twelve clades, denoted: C1B2C, C2B2C, 

C1W2C, C2W2C, C1B4C, C2B4C, C1W4C, C2W4C, C1B8C, C2B8C, C1W8C, C2W8C. Then, SM1 compares 

nodes from clade C1B2C (C1B4C, C1B8C) with both the nodes from C1W2C (C1W4C, C1W8C) and 

C2W2C (C2W4C, C2W8C) to find the most congruent clade pair (those with the most nodes in 

common, suppose it is (C1BiC, C1WiC)). This pair and the remaining clades in each category 

compose respectively pairs p1
i and p2

i, for each category i (i in {2C, 4C, 8C}). In other words,  p1
i 

= (C1BiC, C1WiC) and p2
i = (C2BiC, C2WiC) assuming the most congruent pair is (C1BiC, C1WiC); 

otherwise, p1
i = (C1BiC, C2WiC) and p2

i = (C2BiC, C1WiC) when (C1BiC, C2WiC) is the most congruent 

pair. 

Suppose p1
i is (C1BiC, C1WiC). SM1 selects the leaf nodes whose siblings changed in the 

corresponding phylograms when comparing any pair (x, y) of leaf nodes from p1
i, x in C1BiC and y 

in C1WiC. Then, SM1 stores the leaf nodes (selected features) from p1
i into s1

i . SM1 runs also for 

p2
i producing s2

i.  The output of SM1 is called a clade-based list, sclade, corresponding to the union 

of s1
i and s2

i for all i. 

Note that features (leaf nodes) whose siblings (relationships) changed from the model based 

on the best samples to the model constructed from the worst samples should have enough 

information to identify each of these two types of samples. Thus, those features are expected to be 

meaningful for problem modeling and solving.  

Figure 8 synthesizes the clade-based sensitivity by SM1 from two phylogram models, 

highlighting clades C1 and C2, respectively, from the best and the worst models. p1
i is pair (C1BiC, 

C1WiC), where C1BiC and C1WiC are the clades surrounded by the green dashed lines respectively 

in the best and worst models. Similarly, p2
i is pair (C2BiC, C2WiC) with clades highlighted by dashed 
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blue lines. The siblings changed are in s1
i = {A, B} (the leaf nodes in red color) and s2

i = {}, thus, 

sclade = {A, B}.  

 

Figure 8 – Clade-based list:  p1
i (p2

i) has the clades rounded by green (blue) dashed lines. s1
i = {A, B} and 

s2
i = {}, thus, sclade = {A, B}. 

 

Source: Elaborated by the author. 

SM2 uses the same four clades found by SM1 (C1BiC, C2BiC, C1WiC, C2WiC) for each 

category i.  It also uses a unique pair q1
i composed by the clades from the best and the worst models 

that have the target feature (leaf mode). 

Figure 9 highlights a target, feature A (yellow), and the clades of q1
i (red-dashed lines) with 

it. The target is a feature with strong relation to a goal according to a criterion or a purpose of the 

analysis from the problem model. Such feature is called the target criterion. 

Figure 9 also shows the two clades of pair q1
i. The clade at left has two leaf nodes, A and 

B, in the subtree whose root is the sibling of the target feature, A. The clade at right has the sibling 

of A corresponding to leaf node B. Thus, si
criterion results in {A, B, C}. 
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Note that SM2 requires some previous knowledge from the problem domain. Since it can 

indicate relevant features, SM2 runs based on them to compose scriterion. This property of SM2 seems 

useful for adaptive approaches with human intervention when, for example, practitioners motivated 

by some partial results manipulate the dataset or the found models according to their experience. 

In this way, FS-opa can deal with several levels of knowledge from the problem domain, benefiting 

from it, when possible. For example, in our dataset, other features have some relation to LOS. Each 

of those features can also be treated as a target to improve problem modeling. In such a case, SM2 

should run for each of the new targets generating new criterion-based lists that must be combined 

through the union operator. 

Finally, the lists produced by SM1 and SM2 are combined in a same set r, by applying the 

union operator to sclade and scriterion. Based on r, regression methods, machine learning, among other 

approaches, can construct complete models for prediction, diagnosis, etc. 

 

Figure 9 – Criterion-based lists. Red dashed lines highlight subtrees found by SM2 using node A as target 

feature. scriterion = {A, B, C}. 

 

 

Source: Elaborated by the author. 
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3.4 Cox Approach in FS-opa 

 

Our purpose of investigation in this project concerns on time length of treatment or staying 

in hospitals, then survival analysis is a relevant strategy to construct a stochastic problem model. 

Cox approach is used to complete a stochastic phylogram-based modeling through FS-opa. Figure 

10 illustrates the integration of SM and Cox approach in FS-opa. 

 

Figure 10 – Feature sensitivity from models and their use of as the main variables in Cox approach. 

 

Source: Elaborated by the author. 

3.5 DAMICORE 

In order to find the groups of effective predictors on LOS, a new approach based on a 

clustering method is proposed in this study. DAMICORE is a tool for data mining in scientific 

applications that combined with three algorithms that have succeed in other science filed, but never 

used to implement the mental disorders data (SANCHES et al., 2011); Normalized Compression 

Distance (NCD) (CILIBRASI; VITÁNYI 2005) from Information Theory, Neighbor-joining (NJ) 

by Phylogenetic Reconstruction (FIGUEIRA et al., 2005) and Newman's Fast Algorithm (FA) from 

Complex Networks(PEDRO; TAKAHASHI, 2011) as shown in (Figure 11). 

3.5.1  Normalized Compression Distance (NCD) 

The Normalized Compression Distance (NCD) (CILIBRASI; VITÁNYI, 2005) can be used 

for several types of data. In fact, it is a metric that can find relationships among data even when 

you don´t know features that can be used to adequately represent the object analyzed. 

The basic idea is that, given two objects a and b, they are considered close if a can be 

significantly compressed using the information in b, and vice-versa, i.e. if two entities are similar 

it is easier (it is more succinct) to describe the second just referring its differences to the first. The 
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properties of such compression are the basis of Kolmogorov complexity theory (LI; VITANYI, 

1997) however, the calculus of the Kolmogorov complexity is computationally intractable. 

Fortunately, (CILIBRASI; VITÁNYI, 2005) proposed a compression-based metric that 

approximates the Kolmogorov complexity in reasonable computing time. 

 

The NCD can be formalized as follows (Equation 3.1). 

( )
( ) ( ) ( ) 

( ) ( ) 

C xy -min C x ;C y
NCD x;y =

max C x ;C y
                                                                                             (3.1) 

Where C(x) is the length of the compressed version of file x, y is the other file, and xy is the file 

resulting from the concatenation of x and y. 

3.5.2 Neighbor Joining (NJ) 

        The Phylogeny is a field from Biology that investigates the relationships among species 

or other objects. A tree structure (sometimes a network) is used to describe the relationships. The 

type of user data is both discrete (like presence and absence of wings) and continuous (like species 

size). The most recent methods for phylogenetic tree reconstruction in general search for trees of 

higher likelihood. However, the relatively old Neighbor Joining (NJ) method is one of the simplest 

and computer efficient algorithms for phylogeny which constructs phylogenies that are competitive 

with the ones produced by the most reliable methods. Moreover, the NJ does not depend on Biology 

evolution models or other type of prior knowledge of the problem domain to work well; it requires 

only a matrix estimating the distance among objects. Those aspects are the main reasons that 

explain why the NJ is currently used in Biology laboratories. In other words, the NJ possibly 

presents the best trade-off between cost and benefit to deal with a relatively large diversity of data 

types. Thus, it is an interesting algorithm for the development of a tool for identification of 

hierarchical similarities among variables. Recall  that distance 𝑑𝑖𝑗 for clusters 𝐶𝑖 and 𝐶𝑗 Equation 

𝑢(𝐶𝑖) be the separation of clusters 𝐶𝑖  and 𝐶𝑗 from other clusters defined by (Equations 3.2 to 3.3).       
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1
i jij p C q C pq

i j

d d
C C

 =                                                                                                                    (3.2)

( )
1

2
i iju C C d

n
=

−
                                                                                                                                                        (3.3) 

Where 𝑛 is the number of clusters. 

 

3.5.3  Fast Newman (FN) 

Once a phylogeny is found, it is necessary to verify if there are clades, subtrees of the 

phylogenetic tree with a high degree of independence. However, the methods from data mining are 

not designed to deal with a relatively large number of objects, and for this specific purpose, 

Complex Networks are used to identify and discover communities (clusters) in large-scale 

networks and distribution systems are relevant examples of areas to apply algorithms for 

community detection. 

The FN can deal with large-scale networks finding the main representative communities of 

a system. Thus, this algorithm is interesting basically due to two aspects: i) its scalability makes it 

adequate for the manipulation of many functions/kernels, ii) it operates properly over data arranged 

in a network model, enabling its application to phylogenetic trees. 
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Figure 11 – Overview of DAMICORE. 

 

 

 

Source: Elaborated by the author. 
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3.6 Survival analysis  

Survival analysis aims to analyze the behavior of the time until an event occurs in terms of 

specific variables (information of interest) and so to get a conclusion about the occurrence of the 

event (p. ex. Probability, risk and prediction of occurrence of the event). It is essential for analyzing 

the data belonging to the field of medicine, engineering, marketing etc. (HIDAYAT et al., 2014; 

KIEFER, 1988; LE; LE, 1997). 

Time may be in hours, days, weeks, months and years from the beginning of follow-up until 

an event occurs. Time is a positive real-valued variable, has a continuous distribution. Examples 

of the survival time are:  

• Time from the diagnosis of a disease to the development of a disease. 

• Time to death. 

• Length of stay in a jail/ hospital/ school. 

Event may be the recovery from a sickness, death etc. (ZAMAN; PFEIFFER, 2011). In 

medical analysis three methods (Parametric, Semi-parametric and Nonparametric) of survival 

analysis are essentially used to obtain the estimates of survival probabilities, mean/ median survival 

time. The method is also used for the comparison of two or more treatments/ procedures. The 

similarities, differences, and visualization methods are shown below in Table 2. Although all of 

the models are similar, they all have their advantages and disadvantages, as shown in Table 3. 

 

Table 2 – Survival analysis Comparisons. 

Technique Visualization Hazard_Function_Shape Covariate_Effects_Shape 

Nonparametric Kaplan-Meier Plots No Assumption No Assumption 

Semiparametric Cox Proportional Hazard Plots No Assumption Strong Assumption 

Parametric Kaplan-Meier Plots w/ Distribution Distributional Assumption Strong Assumption 

 

Source: Elaborated by the author. 
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Table 3 – Survival analysis advantages and disadvantages. 

Technique Advantages Disadvantages Model 

Precision 

Nonparametric Good for smaller data Cannot use multiple covariates Least 

Semiparametric Parametric w/o restrictive 

assumptions 

Bad w/ time-dependence Middle 

Parametric Allows for predictive modelling Potential unbiased parameter 

estimates 

Most 

 

Source: Elaborated by the author. 

Introducing some mathematical notations, the survival function, S(t), is defined as the 

probability of an observation does not fail until time t, or in other words, the probability of the 

survival time be more than t, that means that 

( ) ( )S t P T t=                                                                                                                                       (3.4) 

Where T represents the random time until an event of interest occurs. The hazard function, 𝜆(𝑡), 

may be interpreted as the instantaneous probability of the event occurring immediately after t given 

that it did not occur until t. Mathematically, it is defined as (Equation 3.5). 

( )
( )

0
lim

t

p t T t T t
t

t


 →

 + 
=


                                                                                                                                               (3.5) 

Since (Equations 3.5 to 3.6) are defined in terms of the probability distribution of variable 

T, we can find relation between them (Cook and Lawless 2002). Cumulative hazard function is 

given: 

( ) ( )
0

t

H t h S ds=                                                                                                                                    (3.6) 

We have following relation between these functions: 

( )
( ) ( )

( )

( )

( )

( )
0

d log
lim

dtt

S t S t t S t S
h t

t S t S t →

  − + 
= = − = −   

                                                                                    (3.7) 
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( ) ( )( ) ( )( )exp ; sin 0 1S t H t S= − =                                                                                             (3.8) 

( ) ( ) ( )f t h t S t=                                                                                                                                   (3.9) 

Another particularity of the survival analysis is to incorporate the information of the 

subjects whose failure was not observed, assuming that they will fail in the future. It is done 

considering a variable of censoring that indicates if the observed data is failure time or not, and 

considering in the modelling the probability of failure after the observed time. Right censoring 

happens when a case leaves the study before an event occurs, or the study ends before the event 

has occurred. Left censoring is when the event of interest has already happened before enrolment.  

Left censoring is very rarely encountered. However, some subjects are not susceptible to the event 

in the study, and we may be interested in estimating the proportion of these subjects in the 

population. So, we must assume that there are two groups in the community, susceptible and not 

susceptible to the event of interest. 

3.6.1 Nonparametric Approach 

The most straightforward and easy method which is free of assumptions is the 

nonparametric method. Nonparametric methods are often elementary and straightforward to know 

as compared to parametric methods. Moreover, nonparametric analyses are more generally used in 

situations, where there is uncertainty about the exact form of distribution. In the nonparametric 

methods, the most popular and  commonly used method is the Kaplan-Meier method (KAPLAN; 

MEIER, 1958). 

The Kaplan-Meier (KM) estimator is also named a nonparametric maximum likelihood 

estimator. It is applied for estimating the survival probabilities. The method is a changed form of 

the life table technique, with the situation that each time interval contains exactly one event and 

event occurs at the beginning of the interval (GOEL et al., 2010). 

Assume that we have censored survival data on a cohort of patients. We divide the follow-

up time into intervals that are small enough that few patients die in any one interval. Suppose this 

interval is days. Let:  

𝑛𝑖  the number of patients known to be at risk at the beginning of day 𝑖. 

𝑑𝑖  the number of patients who die on day 𝑖. 
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Then for patients alive at the beginning of the 𝑖𝑡ℎ day, then estimated probability of 

surviving the day is as follow in (Equations 3.10 to 3.11). 

i i
i

i

n d
p

n

−
=                                                     (3.10) 

Then probability that a patient survives the first 𝑡 days is the joint probability of surviving 

days 1, 2, 3, … , 𝑡 which is estimated by: 

  1 2 3
ˆ ... tS t p p p p=                                                    (3.11) 

𝑝𝑖 = 1  on all days that no deaths are observed. Hence, if 𝑡𝑘 denotes the 𝑘𝑡ℎ day on which deaths 

are observed then, Kaplan-Meier survival curve as follow in (Equations 3.12 to 3.13): 

     : k
kk t t

S t p


=                                                                                                                         (3.12) 

The Kaplan-Meier cumulative mortality curve is defined as: 

   1D t S t= −                                                                                                                                       (3.13) 

 

3.6.2 Semi-Parametric Approach 

  

Cox Regression Model 

 

Cox regression model is a semi-parametric regression model, which is the most popular in 

analysis the data with the time to discharge is common in medical research (IHWAH, 2015; WEI; 

GLIDDEN, 1997; YUEN; MACKINNON, 2016). For each patient in the dataset, we have the times 

of hospitalization, 𝑖 = 1, … , 𝑛 and 𝑗 = 1, … , 𝑚𝑖, where n is the total number of patients and mi is 

the number of observed events for patient i. Thus, the LOS for the ith patient and for jth stay is given 

by Tij-Ti,j-1 where Ti,0=0, for all 𝑖 = 1, … , 𝑛. The hazard function for the jth event of ith subject at 

time t, 𝑖 = 1, … , 𝑛 and = 1, … , 𝑚𝑖 , is given by (Equation 3.14).  

0

1

( , ) ( )exp( )
p

j
ij

j

h t X h t x 
=

=                                                                                                             (3.14) 

Where, 

ℎ0(𝑡) is the baseline function. 
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𝑋 = (𝑥1  𝑥2, … , 𝑥𝑛) is the set of  𝑛 feature vectors. 

𝛽𝑗 is the coefficient for 𝑗𝑡ℎ predictor. 

      Andersen and Gill Model 

One of the extensions of the Cox regression model is the Anderson-Gill (A-G) that a 

counting process model. A-G model is appropriate with left and right-censored observations, 

continuous and categorical covariates. A-G has been widely used in the medical  data with time 

varying covariates event, for example, mental disorder,  myocardial infarction, congestive heart 

failure, stroke, diabetes mellitus, arthritis, hip fracture, chronic lung disease, and cancer (GILL et 

al., 2004, 2006; GUO et al., 2008; JOHNSON et al., 2004) 

  0( ) ( ) ( )exp ( )ij i ijt Y t t X t  =                                                                                                         (3.15) 

Where, 

𝜆𝑖𝑗(𝑡) is the hazard function for the  𝑗𝑡ℎ  event  of  𝑖𝑡ℎ subject at time 𝑡. 

𝑌𝑖  indicator variable. 

𝜆0(𝑡)  is baseline hazard function. 

𝑋𝑖𝑗(𝑡) is represents the 𝑗𝑡ℎ covariate vector for the 𝑖𝑡ℎ subject at time 𝑡. 

 

3.6.3 Parametric Approach and Models 

In parametric models, methods of estimation and inference based on the likelihood are 

simple and straightforward but based on the stronger assumptions as compared to the semi-

parametric model. Exponential, Weibull, GGamma, Log-logistic are the most popular survival 

distributions. A straight-line plot of 𝑙𝑜𝑔𝑆(𝑡) against 𝑡 is an indication that the exponential 

distribution, where the slope of the line is an estimate of the hazard rate 𝜆. Survival function in 

exponential distribution is defined as (Equation 3.16). 

( ) exp ( ); 0S t t = −                                                                                                                     (3.16) 

Weibull distribution has two parameters, shape parameter 𝑝 and scale parameter  , which 

allows taking different shapes. Weibull distribution has broader use in survival analysis than 
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exponential distribution (WEIBULL, 1951).The survival function of Weibull distribution is 

defined (Equation 3.17). 

( ) exp ( ) pS t t= −                                                                                                                                 (3.17) 

Log-logistic distribution is also characterized by two parameters (shape and scale) (BOAG, 

1949). 𝑝 and 𝜆 is the shape parameter and scale parameter of GGamma distribution as follow in 

(Equation 3.18) 

1 1
1( ) ( ) 1 ( ) ; ( ) 1 ( )p p pt p t t S t t    

− −
−    = + = +                                                                      (3.18) 

The likelihood function can be expressed as: 

( )  ( ) 
1

1

i

i

cn
c

i i

i

f t S t
−

=

                                                                                                                         (3.19) 

Where,  

𝑓(𝑡) denotes the probability density function of the survival time 𝑡. 

𝑆(𝑡)  be the survival function. 

𝑐𝑖 is an indicator variable. 

 

3.7 Packages in R software 

3.7.1 A Platform for Parametric Survival Modeling  

Package flexsurv flexible parametric models for time-to-event data, including the Royston-

Parmar spline model, generalized gamma and generalized F distribution of random complexity to 

be fitted to survival data, obtaining the convenience of parametric modelling, while avoiding the 

risk of model misspecification. Flexsurv is designed as a general platform for survival modelling 

in R (JACKSON, 2016). 

3.7.2 Cox Proportional Hazards Model and Extensions 

The Survival method for an object built by cph returns an S function for computing 

measures of the survival function. The Quantile way for cph delivers an S function for computing 

quantiles of survival time (median, by default). The Mean method returns a function for computing 
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the mean survival time. This function issues a notice if the last follow-up time is uncensored unless 

a restricted mean is explicitly requested (KUMAR; KLEFSJÖ, 1994). 

3.7.3    Multiple imputation of discrete and continuous data 

MICE (Multivariate Imputation via Chained Equations) is one of the generally used 

packages by R users. Building multiple imputations as compared to a single imputation (such as 

the mean) takes care of uncertainty in missing values. MICE assume that the missing data are 

Missing at Random (MAR), which indicates that the probability that a value is missing depends 

only on observed value and can be predicted using them. It imputes data on a variable by variable 

basis by defining an imputation model per variable (BUUREN; GROOTHUIS-OUDSHOORN, 

2010). 

3.8 Criteria of method evaluation  

The quality of all the models can be compared using the Akaike Information Criterion 

(AIC). The statistical modeling will be performed using software R (that is a language and 

environment for statistical computing). AIC is defined in (Equation 3.20). 

( ) ( )ˆ ˆ ˆAIC 2 2ln ; | ,K l l P x M= − =                                                                                                             (3.20) 

where 𝑀 is statistical model of some data x, k is the number of model parameters, 𝜃 is the parameter 

values that maximize the likelihood function, 𝑙 is maximized value of the likelihood function for 

the model. 
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4 RESULTS AND DISCUSSION 

Ultimately, the goals of this research are summarized in two kinds of analysis. The first 

analysis based on OPA and Cox regression for datasets with low level of knowledge from 

problem domain, applied to mental disorders. The analyses were carried out with a total of 8755 

patients and 52 attributes. 

The second analysis the Weibull and GGamma parametric and semi parametric 

survival analysis models were applied to the Schizophrenia and Bipolar disorder data to find the 

factors that have a significant impact on the indicator of LOS. For counting process event with gap 

time in our dataset, Andersen and Gill model is applied, which is a branch of the Cox proportional 

hazards model. 

4.1 Approach based on OPA and Cox regression for datasets with low level of knowledge from 

problem domain, applied to mental disorders  

4.1.1 Raw-full dataset  

FS-opa is first applied to the dataset as found, without any pre-processing or intervention. 

The idea is to verify what is possible to model with no previous knowledge of the problem domain. 

The dataset was obtained from the mental health care information system responsible for 

coordination of hospitalizations in mental health specialized hospitals in the region of Ribeirão 

Preto, Brazil and it was composed by 8,755 samples (rows) with 52 features (columns), labeled as 

shown in Table 1. A simple inspection of the dataset shows that the majority of them are male, 

single and living alone, with white skin color. Patients have aged from 5 to 89 years, among other 

aspects. Moreover, missing values and some inconsistencies can also be found in the raw dataset. 

Such information is not used in the modeling through FS-opa in the study based on the raw-full 

dataset, as presented in the sequel. 

It is worth to remark that FS-opa first ranks samples according to a criterion and splits the 

ranks into some categories (2C, 4C and 8C), generating six subsets (B2C, W2C, B4C, W4C, B8C, 

W8C). Then data associated to each feature (column) is saved into the same file, with the same 

name of the corresponding column, in a directory with the same name of the subset. Then, FS-opa 

runs for each directory producing six phylogram-based models. 
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Instead of presenting only set r with all the features selected by FS-opa, Figures 12-17 

shows the partial results found by procedures SM1 and SM2 in order to illustrate how the 

practitioner can manipulate FS-opa in order to deal with a real scenario. 

Figure 12a shows the phylogram and the selected variables (orange) obtained by SM1 

applied to B2C. Similarly, Figure 12b shows the phylogram and the selected variables (orange) 

produced by SM1 executed for W2C. Figures 13a and 13b synthesizes the models and other results 

generated by SM2 run for B2C and W2C, respectively. Figures 14a and 14b as well as Figures 15a 

and 15b relates to results of SM1 (SM2) from B4C and W4C. Further, Figures 16a and 16b as well 

as Figures 17a and 17b refers to results of SM1 (SM2) from B8C and W8C. 

Each phylogram has variables that are relevant according to SM1 or SM2 in orange color. 

LOS is chosen as criterion used for SM2. Variables with black color in the phylogram show similar 

relationships in both the best and the worst subsets according to each category (selection pressure 

𝑠𝑝). 
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Figure 12 – SM1 of B2c and W2c.s1
2= {transferring  code release, patient code, regulatory code, 

hospitalization type, regulatory type, type of discharge, reason for hospitalization, type of abnormal 

hospitalization} and s2
2 = {}, thus, sclade = s1

2  
. 

 

a: B2c 
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b: W2c 

 

 

 

 

 

Source: Elaborated by the author. 
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Figure 13 – SM2 of B2c and W2c. The subtrees related to the sibling node of the target feature, LOS, in B2c 

and W2c have the same leaf nodes (orange), resulting in s2
criterion = {waiting time for hospitalization, 

waiting time of acceptance}. 

 

a:  B2c 

 

 

 

 

 

 

 

b: W2c 
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Source: Elaborated by the author. 
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Figure 14 – SM1 of B4c and W4c. s1
2= {regulatory code, patient code, hospitalization type, regulatory type, 

type of discharge, reason for hospitalization, type of  abnormal hospitalization, living condition, skin 

color, marital status, ag range, gender, discharge diagnosis group } and s2
2 = { birth date}, thus, sclade = { 

regulatory code , patient code , hospitalization type, regulatory type, type of discharge, reason for  

hospitalization, type of abnormal hospitalization , living condition, skin color, marital status, age range, 

gender, discharge diagnosis group , birth date}. 

a:  B4c 
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b:  W4c 

 

 

 

 

Source: Elaborated by the author 
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Figure 15 – SM2 of B4c and W4c. The subtrees of the sibling node of the target feature, LOS, in B4c and 

W4c have the same leaf nodes (orange), generating s4
criterion = {waiting time for hospitalization, wait time 

of acceptance, LOS}. 

 

a:  B4c 
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b:  W4c 

 

 

 

 

 

 

 

Source: Elaborated by the author. 
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Figure 16 – SM1 of B8c  and W8c. s1
2= {hospitalization type, type of  discharge, reason for  hospitalization, 

type of  abnormal hospitalization, ag range, gender, discharge diagnosis group, gap of time until entering 

the hospital} and s2
2 = {discharge diagnosis group}, thus, sclade = {hospitalization type, type of discharge , 

reason for hospitalization, type of abnormal hospitalization, age range, gender, discharge diagnosis group, 

gap of time until entering the hospital }. 

 

a:  B8c 
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b:  W8c 

 

 

 

 

 

Source: Elaborated by the author. 
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Figure 17 – SM2 of B8c and W8c. The leaf nodes (orange) differs from each other in the subtrees related to 

the sibling node of the target feature, LOS, in B8c and W8c, resulting the five features of s8
criterion = {waiting 

time of acceptance, waiting time for hospitalization, sex, regulatory type, discharge diagnosis group}. 

 

a:  B8c 
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b:  W8c 

 

 

 

 

 

 

Source: Elaborated by the author. 
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4.1.2 Column-constrained datasets 

Based on the results from the 52-feature model, some improvement can be achieved by 

revisiting the dataset armed with simple assumptions. The process of revision is also a way of 

verifying the consistency of results, as when it is obtained by a resampling procedure. Six datasets, 

with less than 52 features, were derived from the 52-Feature Dataset (52-FD) and FS-opa applied 

to them. As described in the sequel, the resampling doesn’t require any previous knowledge from 

the domain of mental health. 

A first resampling (RS1), the number of columns is constrained based on simple inspection 

of the amount of missing values for each variable. Columns with more than 85% with empty cells 

were removed transfer code release, admission date of emergency section, cancel request date, date 

of entry into emergency list, date of reserve into emergency section and transfer date generating 

the 46-Feature Dataset (46-FD). 

Another resampling (RS2) produced the 37-feature dataset (37-FD) by removing columns 

that seems to contain mostly repeated information. First features related to “date” were 

removed. For example, admission date and register date are usually both related to instant of time 

that a patient reached the hospital for the first time. Birth date and age is a similar case, since age 

depends on the patient's birthday. Note that most of the meaningful information related to time is 

retained by LOS. Features storing codes (patient code, regulation code and unit source code) were 

also removed. Data of type “code” can be seen as redundant labels or IDs, although they can benefit 

human or computer-aided management, they are relatively less relevant for modeling than other 

variables. 

Differently from raw-full dataset, RS1 and RS2, the resampling called RS3 is based on 

knowledge extracted from the results of FS-opa, but not on knowledge from experts on the area. 

Phylogram from 52-FD, 46-FS and 37-FD have some clades preserved in all of them. It means that 

the features associated by them didn’t reveal any relevant information that enabled FS-opa to 

distinguish “good” samples from “bad” samples. Those features, diabetes, stroke, systemic arterial 

hypotension, trauma, ICD10 diagnosis, ICD10 discharge diagnosis, ICD10 second discharge 

diagnosis, infection disease, code patient, code regulation, unit code source, convulsion, date 

entrance, unite registration and breathing problems less relevant for problem modeling, thus, they 

were removed from RS2 in order to compose RS3, generating the 21-FD that phylogram trees. 
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Comparisons of sets r (unions of sclade and scriterion) obtained from RS1, RS2 and RS3 

(columns three, four and five of Tables 4 and 5) to the set r obtained from 52-FD (column two of 

Tables 4 and 5) can generate two new lists: i) with common features (RS4), that were selected by 

FS-opa in at least two of  the three resamplings (RS1, RS2 and RS3) and they were also selected 

from 52-FD; ii) with novelty features (RS5), that selected by FS-opa in at least two of the three 

resamplings but they were not selected from 52-FD. 

Finally, the list with common and novelty features are then combined into RS6. Common 

features are one estimate of the most robust subset among all the sets r that were found. On the 

other hand, novelty features are features that require resampling to become salient, but with 

potential possess relevant information for modeling. 

A certain concerning is that novelty features can be just noise. Once again, resampling by 

the bootstrap technique (ARCHER et al., 1997) is a way to verify it, but in this thesis, we evaluate 

it by checking if AIC  of the associated Cox model is improved. Note that other information 

criterion to determine a model representativeness of data can be investigated as, for example, 

Bayesian Information Criterion (BIC) (VRIEZE, 2012), likelihood ratio test (ANISIMOVA; 

GASCUEL, 2006), Bayes Factor (BERGER; PERICCHI, 1996) , and minimum description 

Length   (RISSANEN, 1983) as a measure of parsimony.   

The lists of features from sclade and scriterion obtained by SM1 and SM2 of FS-opa from all 

the seven datasets investigated (52-FD / Full, 46-FS / RS1, 37-FD / RS2, 21-FD / RS3, 11-FS / 

RS4, 6-FD / RS5, and 15-FD / RS6 from section 4.1.2 are synthesized in Tables 4 and 5, 

respectively.  
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Table 4 – Clade-based selected lists, sclade, obtained by SM1 from 52-, 46-, 37-, and 21-FDs, respectively, 

Full, RS1, RS2 and RS3 resamplings; as well as, common (9-FD) and uncommon features (6-FD) and 

union of both sets (15-FD) corresponding to RS4, RS5 and RS. 

  

sclade  

 

raw-Full dataset and basic resamplings 

Common 

features  

in relation to Full 

Novelty 

features in 

relation to 

Full 

Common and 

novelty features 

together 

# 
52-FD 

        

46-FD 

(RS1) 

37-FD 

(RS2) 

21-FD 

(RS3) 

11-FD 

(RS4) 

6-FD 

(RS5) 

15-FD 

RS6 

1  Age Age Age  Age Age 

2 Age range       

3 Code patient Code patient      

4 
Code 

Regulatory 
Code Regulatory      

5 Date_birth (*)       

6 
Discharge 

diagnosis group  

Discharge 

diagnosis group 

Discharge 

diagnosis group 
 Discharge 

diagnosis group 
 Discharge 

diagnosis group 

7 
Type of 

discharge 

Type of 

discharge 
Type of discharge 

Type of 

discharge 
Type of discharge  Type of 

discharge 

8 
Hospitalization 

Type 

Hospitalization 

Type 

Hospitalization 

Type 

Hospitalization 

Type 

Hospitalization 

Type 
 Hospitalization 

Type 

9 Living condition Living condition  Living 

condition 
Living condition  Living condition 

10 LOS LOS LOS LOS LOS  LOS 

11 Marital status       

12  Pregnancy Pregnancy Pregnancy  Pregnancy Pregnancy 

13 Gender Gender Gender Gender Gender  Gender 

14 Skin color       

15 

Type of 

abnormal 

hospitalization  

Type of 

abnormal 

hospitalization 

Type of abnormal 

hospitalization 

Type of 

abnormal 

hospitalization 

Type of abnormal 

hospitalization 
 

Type of 

abnormal 

hospitalization 

16 Regulatory type  Regulatory type Regulatory type Regulatory type Regulatory type  Regulatory type 

17 
Reason for 

hospitalization 

Reason for 

hospitalization 
 Reason for 

hospitalization 

Reason for 

hospitalization 
 Reason for 

hospitalization 

18    Federal State 

name 
 Federal State 

name 

Federal State 

name 

19    Waiting time for 

hospitalization 
 

Waiting time 

for 

hospitalization 

Waiting time for 

hospitalization 

20    Waiting time of 

acceptance 
 Waiting time 

of acceptance 

Waiting time of 

acceptance 

(*) Date_birth wasn’t used in Cox model since it has date format. 

Source: Elaborated by the author. 
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Table 5 – Criterion-based selected lists, scriterion, obtained by SM2 from 52-, 46-, 37-, and 21-FDs, 

respectively, Full, RS1, RS2 and RS3 resamplings; as well as, common (9-FD) and uncommon features 

(6-FD) and union of both sets (15-FD) corresponding to RS4, RS5 and RS6, respectively. 

 

 scriterion 

 raw-Full dataset and basic resamplings 

Common 

features 

in relation to 

Full 

Novelty 

features in 

relation to 

Full 

Common and 

novelty features 

together 

# 52-FD  
46-FD 

(RS1) 

37-FD 

(RS2) 

21-FD 

(RS3) 

11-FD 

(RS4) 

6-FD 

(RS5) 

15-FD 

RS6 

1    Age  Age Age 

2 
Discharge  

diagnosis group 

Discharge  

diagnosis group 

Discharge  

diagnosis 

group 

 Discharge  

diagnosis group 
 Discharge  

diagnosis group 

3 LOS LOS LOS LOS LOS  LOS 

4 Gender Gender Gender Gender Gender  Gender 

5 Regulatory type Regulatory type 
Regulatory 

type 
 Regulatory type  Regulatory type 

6 
Waiting time for 

hospitalization 

Waiting time for 

hospitalization 

Waiting 

time for 

hospitalizati

on 

Waiting time for 

hospitalization 

Waiting time for 

hospitalization 
 Waiting time for 

hospitalization 

7 
Waiting time of 

acceptance 

Waiting time of 

acceptance 

Waiting 

time of 

acceptance 

Waiting time of 

acceptance 

Waiting time of 

acceptance 
 Waiting time of 

acceptance 

8    
Gap of time until 

entering the 

hospital 

 

Gap of 

time until 

entering 

the hospital 

Gap of time until 

entering the 

hospital 

 

 

Source: Elaborated by the author. 
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4.1.3  Results and analysis 

 The final step of FS-opa (Figure 10) is the construction of Cox model based on the selected 

lists in order to find the best set. 

First Cox regression is applied to each of the seven lists of features investigated (Section 

3.2.1).  The covariates of Cox model are shown in Tables 4 and 5. The best-fitted model, as well 

as the significant covariates, can be chosen by using the Akaike Information Criterion (AIC) 

(AKAIKE, 1970) since we don’t have nested models  (two models are nested if one model contains 

all the terms of the other, and at least one additional term) (MACCALLUM, 1986). When we 

simultaneously analyze the significance of the covariates in the modelling. In order to choose the 

significant covariates, we proposed to use the forward approach (DRAPER; SMITH, 2014) 

combined with the AIC. Using this method, we keep the covariate in the model if it decreases the 

AIC value, otherwise it is assumed as non-significant for explaining the target variable, in our case, 

the LOS in psychiatric hospitals. 

The AIC values related to Cox models obtained are depicted in Figure 18. The lowest valued 

for AIC is 68010.27 for the 15-FD based model. It corresponds to RS6, the union of features from 

RS4 (common features, robust ones) and RS5 (novelty features), thus, such combination seems to 

be capable of extracting information from data better than other resamplings for modeling through 

Cox approach. 
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Figure 18 – Survival probability according to LOS obtained using the model with the best AIC (RS6) 

 

Source: Elaborated by the author. 

 

Figure 19 presents an evaluation of Cox models according to a multicriteria decision 

making technique based on non-dominated sets (ABAKAROV et al., 2013) as used by OPA 

(Section 3.2.1). First solutions are plotted in the bi-objective space with the two dimensions 

Number of Features and Normalized AIC values (normalized with high AIC value=106868.6). A 

“rectangle” is associated in the quadrant at the “northeast” of each point (reference). Note that any 

other point in such a rectangle has equal or highest AIC as well as equal or higher number of 

features than the reference. We say that a reference point is non-dominated by the points inside its 

rectangle, in the same way that the points of the rectangle are dominated by the reference point. 

Thus, the multi-criteria decision making can be applied to the Cox models generated using the 

seven lists of features (3.2.1) in order to compare them. 
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Figure 19 – Comparison of the seven Cox models generated according to AIC. 

 

 

Source: Elaborated by the author. 

 

Figure 20 shows that RS2 point dominates RS1 point, RS3 point dominates RS2, RS4 

dominates RS1, RS6 dominates RS4, RS3, RS2 and RS1, and RS5 dominates RS4, RS2 and RS1. 

However, no point dominates RS5 and RS6, then both points are non-dominated and compose the 

best set of models according to multicriteria decision making based on AIC and number of feature 

objectives. The trade-off between RS5 and RS6 models are clear since RS6 has the lowest AIC 

(69020.64, while RS6 has AIC equal to 68010.27) but RS5 uses 6 features while RS6 requires 15 

features. 

For practical use, RS5 is preferable when the practitioner is manipulating the model since 

working with a relatively large number of dimensions is usually not easy for humans. On the other 
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hand, computer programs can be designed in order to deal with the large number of features of RS6 

and produce some improved results due to the highest representativeness of RS6. 

 

Figure 20 – Evaluation of the seven models using a multicriteria decision making technique. Colored 

quadrant (rectangle corners) highlights regions dominated by each point (model). RS5 and RS6 are the 

non-dominated models. 

 

 

Source: Elaborated by the author. 

 

Next, we compare each of the performance of Cox models for each column-constrained 

dataset due to the feature lists obtained by each of the procedures SM1 and SM2, as well as those 

obtained by the complete FS-opa (SM1+SM2). Figure 21 enables the evaluation of the relative 

contribution of each subset in order to improve Cox models. Clearly, SM1 sensitively provide the 
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largest improvements in AIC, while SM2 increments such performance. Note that SM1 requires 

no previous knowledge from data, it is data agnostic. On the other hand, SM2 requires at least a 

target variable, assumed highlighted related to the scope or purpose of the model.  

In a certain way, the results show that much of the modeling improvements modeling based 

on the proposed feature sensitivity analysis doesn't depend on any previous domain knowledge. 

Such a result is coherent with usual OPA achievements since it works with black-box problems 

(the term related to no knowledge from the problem in the optimization field) and it has found 

optimal solutions for large-scale multimodal optimization problems. 

Figure 21–Individual and relative contribution of each dataset for the performance of Cox models. 

 

 

 

Source: Elaborated by the author. 

 

Figure 22 presents other relationships among the quality of the Cox models generated 

according to a bicriteria evaluation, synthesized by the non-dominated sets. A curve or line 

connecting them in the biobjective space is called a non-dominated front. Beside AIC value, the 

number of features of each set is another criterion for minimizing, since it is a measure of 

parsimony. Analysis of trade-offs produces extreme points in the front, corresponding to an 

adequate value for one criterion and poor value for the other. The Cox model based on 6-FD-SM2 
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uses the lowest number of variables, while its AIC (larger than 0.95) is near to the largest found, 

related to 52-FS-SM1 (1.00). On the other hand, the Cox model from 15-FD (SM1+SM2) in the 

front has 15 variables and the found lowest AIC.  

There are several techniques to choose a solution (a set) from a front, but a relatively simple 

and useful indicates the solution in the elbows of the front. Figure 22 shows a unique elbow 

composed by sets 6-FS-SM21 and 6-FD. Both are near to the ideal point (that corresponds to zero 

AIC and one variable used). According to the number of variables both models are similar, but the 

6-FD based model has the second-best found AIC, highlighting it in some way. 

 Such result was the best FS-opa that provided without additional knowledge for the mental 

health dataset. The evaluation of the relevance of the 6-FD set according to experts on the mental 

disorder as well as the LOS estimates from the corresponding Cox model are both investigations 

that should be performed. Although their relevance, they are proposed as future work since it 

demands a relatively long-time cooperation with experts. In a certain way, such perspective 

conflicts with the main purpose of the FS-opa, to extract as much as possible information from a 

dataset without previous knowledge from the problem domain. It is important to remark that FS-

opa results also should contribute for further investigations since: i) solutions in front are the best 

found ones, thus, by using them, experts will only work with consistent sets, with relatively low 

level of redundancy; ii) FS-opa found high quality models using sets with low number of variables, 

then any new hypothesis (involving new combinations of those variables or parameter setups of 

Cox Model) could be tested; and iii) other hypotheses or models based on knowledge from experts 

can be compared to models in the front, as reference (with no bias and agnostic to data) for 

evaluating and/or normalizing the improvement of them. 
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Figure 22–Relative contribution of each set to Cox models in a trade-off analysis based on non-

dominance, according to two criteria: Normalized AIC and the number of features used. 

 

 

 

Source: Elaborated by the author. 

 

Finally, Figure 23 presents another comparison based on bicriteria evaluation of the Cox 

models generated, but now in relation to the literature results from the literature for mental health 

disorders. A review of papers in this field found a consensus of the principal features that have 

been used as indicators for LOS, such as age, gender, living condition, skin color, marital status, 

and professional occupation. Such a consensus set corresponds to the best model that FS-opa 

generated without additional knowledge. 
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Figure 23– Relative contribution of each set to Cox models in a trade-off analysis based on non-

dominance, according to two criteria: Normalized AIC  and the number of features used comparison with 

literature reviews. 

 

 

 

 

 

Source: Elaborated by the author. 
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4.2 Parametric and Semi Parametric Survival Analysis 

4.2.1 Samples Dataset  

We obtained the information regarding the clinical, administrative, and demographic 

variables about two groups of patients with a total of 1419 and 1118 patients with Schizophrenia 

and Bipolar disorder respectively, from the psychiatric hospital of Brazil which collected from July 

2012 to December 2017. In this way, the classification of the number of patients for each group of 

illness based on first and recurrent admissions are presented in Figure 24. It should be noted that 

missing values in medical data can be a significant challenge on the analysis, therefore, to fit these 

data, a pre-processing technique was considered to ensure that results are consistent ( (RUBIN, 

2004; SCHAFER, 1997). 

In this work, missing values were imputed using the chained equation (MICE). The entire 

process for replacing each missing data was repeated 10 times, while the imputed values which are 

created at the 5th repeat were used as our data set. Just one case associated with demographics 

information after pre-processing is listed in Table 7. In this work, all process related to missing 

values were implemented using MICE package in the R software (BANESHI; TALEI, 2011; 

ZHANG, 2016). 

4.2.2  Measures of Covariates 

Demographics information a total of 2537 patients with Schizophrenia and Bipolar disorder 

are shown in Table 6. The analysis sample consisted of the patients, which the majority of them 

are single and living alone. Further, major white skin color identified by 60.9% of patients with 

Schizophrenia, while 63.3% of the patients with Bipolar disorder are white. Meanwhile, in 

considering age, 45.2% of the total patients with Bipolar disorder have aged 20 to 39 years, while 

Schizophrenia was more widespread (46.6%). And in considering sex, 69.9% of the total patients 

with a mental disorder of Schizophrenia are male while 56.6% of the total patients with bipolar 

disorder are female.  
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Figure 24 – Count of Schizophrenia and Bipolar 

 

 

Source: Elaborated by the author. 
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Table 6 – Characterization of Participations 

General features (%) Schizophrenia (n=1419) Bipolar (n=1118) 

Gender 
 

Female, n (%) 431(30.4) 629(56.3) 

Male, n (%) 988(69.9) 489(43.7) 

Age 
  

 

Up to 20 years old, n (%) 

 

91(6.4) 68(6) 

20-39 years, n (%) 662(46.6) 505(45.2) 

40-59 years, n (%) 514(36.3) 433(38.8) 

60 years or more, n (%) 152(10.7) 112(10) 

Skin color 
 

White 864(60.9) 708(63.3) 

Other (brown, yellow, …etc.) 555(39.1) 410(36.7) 

Civil Status 
 

Married 175(12.3) 349(31.2) 

Single 

Separated/Divorced/Widowed 
1244(87.7) 769(68.8) 

Living Condition 
 

Alone 740 (52.1) 514(45.9) 

Other (with family, friends …etc.) 679(47.9) 604(54.1) 

 

 

Source: Elaborated by the author. 
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Figure 25 describes the variation of the number of hospitalization of patients with 

Schizophrenia and Bipolar disorder associated with the first and several admissions in more detail. 

It can be noticed that the curves show the same pattern which indicates that the maximum number 

of patients for both Schizophrenia and Bipolar disorder is related to the first admission. As shown 

in the Figure 24, the number of hospitalizations quickly reaches a plateau that is kept constant until 

the 13th admission. It is worthwhile to mention that in the analysis sample of patients with Bipolar 

disorder the number of hospitalizations at 11th, 12th and 13th admissions are zero, while for 

patients with Schizophrenia this number is zero at 11th and 12th admissions. 

 

Figure 25 – Number and Polarity Admissions 

 

 

Source: Elaborated by the author. 
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Descriptive variables of age, gender, living condition, skin color, marital status), 

hospitalization type, reason for hospitalization), type of abnormal hospitalization, waiting time of 

acceptance, waiting time for hospitalization and gap of time until entering the hospital were 

explored as independent variables using parametric and semi-parametric models of survival 

analysis. This allowed us to investigate the effect of these specific variables on the indicator of 

LOS. 

The AIC value related to the generalized gamma and Weibull model for both schizophrenia 

and bipolar disorder is depicted in Table 7. It is confirmed that the smaller AIC value is related to 

the adequate model. Hence, the generalized gamma model with AIC = 5278.379 and AIC = 

3512.582 is more suitable than the Weibull model in schizophrenia and bipolar disorder, 

respectively. 

Figures 26 and 27 illustrate the generalized gamma and Weibull model as the fitted model 

and the Kaplan Meier curve of schizophrenia and bipolar disorder over time. Plotting both fits on 

the same graph collaborates with the conclusion of the goodness of the chosen model, being that 

closer they are better is the fit. Thus, as can be seen in the Figures 26 and 27, the generalized 

gamma model is more fit than the Weibull model in schizophrenia and bipolar disorder, 

respectively.  

Figure 26 – Best Parametric Fitted Model in Schizophrenia 

 

Source: Elaborated by the author. 
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Figure 27 – Best Parametric Fitted Model in Bipolar 

 

 

Source: Elaborated by the author. 

 

In the present study, after the forward method for the decrease of AIC value, which has 

been used into the A-G model, we found that 7 covariates include: age, waiting time for 

hospitalization, type of abnormal hospitalization, type of hospitalization, reason for hospitalization, 

gap of time until entering the hospital have true impact on indicator of LOS for schizophrenia. 

While the effective factors related to the LOS in bipolar disorder contain age, gender, skin color, 

living conditions, type of abnormal hospitalization, type of hospitalization, reason for 

hospitalization and gap of time until entering the hospital. 

Figure 28 shows the fitted model of A-G for both schizophrenia and bipolar disorder over 

time. As can be seen, the indicator of LOS for schizophrenia is higher than bipolar disorder. 

Meantime, based on the parametric model, the outcomes show the same results as a comparison to 

the A-G model, except the factor of espera aceite (wait time accepted), which is significant for 

those patients with schizophrenia. Finally, the best AIC value for both A-G and the parametric 

model is tabulated in the Table 7. 
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Figure 28 – Semi-Parametric Model 

 

Source: Elaborated by the author. 

Table 7 – Model summary 

Parametric Model 

 

 

Schizophrenia Disorder Parametric 

Model 

AIC- Gengamma AIC-Weibull 

5278.379 5343.415 

Bipolar Disorder Parametric Model 3512.582 3548.824 

Semi-Parametric Model 

 

 

Schizophrenia Disorder Semi-

Parametric Model 

AIC 

11293 

Bipolar Disorder Semi-Parametric 

Model 
8008 

Dependent variable=Length of Stay 

 

Source: Elaborated by the author. 
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Figure 29 presents other relationships among the quality of the Cox models generated 

according to a bicriteria evaluation, synthesized by the non-dominated sets with comparing the 

second issue. They are highlighted as a curve/line connecting as the front. Beside AIC value, the 

number of features of each set is used as a criterion to minimize, since it is a measure of parsimony. 

Analyses of trade-offs between criteria usually result in extreme points in the front, corresponding 

to a very adequate value for one criterion and poor value for the other. The Cox model based on 

issu_2 uses the nine number of variables, while its AIC (larger than 0.72) is near the curve/line 

from FS-opa but it is not our best model so the best model in this project is provided with FS-opa 

without additional knowledge. 

 

Figure 29 – The relative contribution of each set to Cox models in a trade-off analysis based on non-

dominance, according to two criteria: Normalized AIC and the number of features used with comparing 

with second issue. 

 

 

 

Source: Elaborated by the author. 
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5 CONCLUSION 

The essence of data mining techniques is the possibility of discovering valuable data; they 

have recently become a predominant field of research with broad applications, specifically in 

medical healthcare. This study focused on developing a mining approach based on the optimization 

method called OPA, since can work with relatively complex problems without previous 

knowledge. This method constructs probabilistic models of correlated variables based on 

hierarchical clustering techniques. DAMICORE is one of the main clustering methods employed 

by OPA that was also used in this project.  Based on a combination of three other methods 

(normalized compression distance, Neighbor-Joining and Fast Newman  (ZHANG et al., 2011) it 

can deal with different types of dataset together without the previous transformations that may 

require knowledge from the problem domain.  

The main contribution of this study is a new approach for Feature Sensitivity analysis from 

OPA, called FS-opa. It also involves the combination of other statistical methods in order to enable 

practical results from such analysis. For the study case of mental health disorders, the Cox approach 

for survival analysis was employed for predicting LOS. 

Moreover, FS-opa can work with a raw dataset, showing that it requires no knowledge from 

the problem domain to obtain preliminary prediction models. Moreover, the improvement of them 

from the raw dataset is viable through a series of simple hypothesis among data quality, i.e. that 

usually doesn’t require knowledge from experts and are checkable by the FS-opa together with a 

multicriteria decision-making approach based on non-dominated sets. In fact, the improvement of 

data quality is arranged as a resampling procedure, where each new resampling set is determined 

according to the hypothesis. Results show that the consensus of variables selected from each 

resampling as well as the novel found features in each resampling are relevant for modeling.  

In the experiments performed, the multicriteria decision-making strategy of FS-opa to find 

the best Cox models generated from the resampling procedure found that RS5- and RS6-based 

models are the non-dominated Cox models with an adequate trade-off. These results also 

emphasize that it is possible to construct relevant models from a relatively complex raw dataset 

without prior knowledge from the problem domain. 
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It also worth to note that our results are consistent with several studies (BARNOW et al., 

1997; HUNTLEY et al., 1998; JIMÉNEZ et al. 2004; ØIESVOLD et al.; 1999). Some previous 

research showed that living with family and not married affected the long duration of psychiatric 

hospitalization (HACHESU et al., 2013; NEWMAN et al., 2018; PAUSELLI et al., 2017).  

This study demonstrates that the factors related to the time and type of hospitalization in 

our sample do significantly influence on the LOS. Furthermore, many studies find an association 

between LOS and diagnosis (DURBIN et al., 1999; ØIESVOLD et al., 1999; SCHEYTT et al., 

1996). We found the diagnosis, treatment type (involuntary, voluntary and compulsory treatment) 

have a positive impact on the LOS. 

Naturally, knowledge from experts must be used when they are available. In this way, FS-

opa can be oriented according to it. For example, by using the relative importance of features 

through the SM2 procedure of FS-opa, new criterion-based selected lists can be generated. Then, 

they can be analyzed together with the other lists obtained by FS-opa as in the resampling 

procedure combined with the multicriteria decision-making approach. Moreover, these findings 

have important implications for efficient economic management and reduce LOS of psychiatric 

patients in the health care system. Indeed, the proposed approach enables researchers with little 

knowledge of the evolutionary computation field to apply FS-opa for their dataset. 

Our findings improve in some way the psychiatric service and the socioeconomic status of 

the psychiatry department. Moreover, it can benefit the directions of future studies crucially needed 

in this area. Due to the increasingly more effective and efficient data collection and storage 

mechanisms in a variety of medical fields coupled with the enormity of ever more complex 

problems, FS-opa seems a method that can contribute to deal with such complexity. Finally, other 

approaches based on FS-opa principles may enable the improvement of analysis in the areas of 

healthcare.  
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APPENDIX A: Phylogenetic analysis 

 

The phylogenetic analysis proposes to analyze the evolutionary similarities among the 

different organisms. It is the study of evolutionary relatedness among different groups of organisms 

(for example, species, and populations) (PAVLOPOULOS et al.; 2010). Phylogenies from different 

types of data are made to determine groups of objects (phyla), associating such data. Ordinarily, 

phylogenetic trees are depicted as a branching diagram with branches linked by nodes and leading 

to terminals at the ends of the tree (JILL HARRISON; LANGDALE, 2006). Clades are groups that 

include an ancestor and all descendants starting from the lowest (leaf) to a higher (ancestor) inner 

node in the tree structure. Figure 30 shows of toy example of phylogenetic that Figure 31 

demonstrates possible clades (dashed lines) obtained from the phylogeny in Figure 30. 
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Figure 30 – Phylogeny of a group of fruits 

 

 

Source: Elaborated by the author. 

 

 

Figure 31 – Possible clades (dashed lines) obtained from the phylogeny in Figure 30 

 

 

 

 

 

Source: Elaborated by the author. 
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