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Abstract 

This project comprises the study of the pattern trajectories on multimorbidity patients over 65 

years old in Catalonia over a period of 5 years, between 2012 and 2016. With that end goal, a 

database of 916619 patients which require primary care is used, obtaining the electronic health 

record (EHR) of those patients. 

Signal processing and machine learning techniques are used in order to analyse this database. This 

analysis of the data is divided into three stages: dimensionality reduction, clustering, and 

longitudinal analysis through multimorbidity patterns. 

This study is part of a collaboration between the Signal Processing and Communications Group of 

the TSC (UPC) and The Foundation University Institute for Primary Health Care Research Jordi Gol 

i Gurina (IDIAPJGol). 

A particular focus in the use of autoencoders to compress the data and the modelling of those 

longitudinal patterns provided us with a useful characterization in terms of modelling these 

behaviours. This can help medical staff prevent further complications when treating patients 

suffering from multimorbidity. 

 

Key words: Autoencoders, multimorbidity patterns, soft clustering, longitudinal analysis, 
Expectation Maximization, Hidden Markov Models, Viterbi, prevalence, exclusivity.  



 

 2 

Resum 

En aquest projecte es duu a terme un estudi sobre les trajectòries en patrons de multimorbiditat 
en pacients de més de 65 anys a Catalunya durant un període de 5 anys comprès entre el 2012 i el 
2016. Per a tal fi es disposa d’una base de dades de 916619 pacients d’atenció primària registrats, 
obtenint les dades de la història clínica electrònica (EHR) d’aquests.  

Per a l’estudi s’apliquen tècniques de processament del senyal i d’aprenentatge automàtic que 
processen les dades en 3 etapes: compressió de característiques, obtenció de patrons de 
multimorbiditat i modelatge de l’evolució temporal dels pacients a través dels patrons de 
multimorbiditat. 

El treball forma part d’una col·laboració desenvolupada entre el grup de processament del senyal 
i comunicacions del departament de TSC (UPC) i l’institut de recerca per a l’atenció primària IDIAP 
Jordi Gol. 

En particular, l’ús d’autoencoders per a comprimir les dades, i el modelatge dels patrons 
longitudinals, ens ha proporcionat una caracterització útil de cara a modelar aquest 
comportaments i pot ajudar a prevenir al personal mèdic de possibles complicacions en els 
pacients amb multimorbiditat. 

 

Paraules clau: Autoencoders, patrons de multimorbiditat, soft clustering, anàlisi longitudinal, 
Expectation Maximization, Hidden Markov Models, Viterbi, prevalença, exclusivitat.  
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Resumen 

En este proyecto se realiza un estudio sobre las trayectorias en patrones de multimorbilidad en 

pacientes de más de 65 años en Cataluña durante un periodo de 5 años comprendido entre el 2012 

y el 2016. Para este fin se dispone de una base de datos de 916619 paciente de atención primaria 

registrados, obteniendo los datos de la historia clínica electrónica (EHR) de estos. 

Para el estudio se aplican técnicas de procesado de la señal, así como métodos de aprendizaje 

automático que procesan los datos en tres etapas: compresión de características, obtención de 

patrones de multimorbilidad i modelaje de la evolución temporal de los pacientes a través de 

dichos patrones de multimorbilidad. 

El proyecto forma parte de una colaboración entre el grupo de procesado de la señal y 

comunicaciones del departamento TSC (UPC) y la Fundación Instituto Universitario para la 

Investigación en Atención Primaria de Salud Jordi Gol i Gurina (IDIAPJGol). 

En particular, el uso de los autoencoders para la compresión de los datos, y el modelaje de los 

patrones longitudinales, nos ha proporcionado una caracterización útil de cara a modelar estos 

comportamientos y puede ayudar a prevenir al personal médico de posibles complicaciones en los 

pacientes con multimorbilidad. 

 

Palabras clave: Autoencoders, patrones de multimorbilidad, soft clustering, análisis longitudinal, 

Expectation Maximization, Hidden Markov Models, Viterbi, prevalencia, exclusividad. 
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1. Introduction 

Multimorbidity is a common phenomenon which involves the coexistence of two or more chronic 

medical conditions in a single individual. It has been estimated that it affects up to 95% of the 

primary care population aged 65 years and older [1]. Patients with multimorbidity are high utilizers 

of healthcare resources and are some of the most costly and difficult-to-treat in Europe. Preventing 

and improving the way how multimorbidity is managed, it is now a key priority for many countries' 

public healthcare systems [2].  The consequences of multimorbidity are wide-ranging and severe. 

People with multimorbidity die prematurely [3], they have more frequent hospital admissions, 

longer hospital stays, and they visit many different medical specialists during a typical year [4]. 

This project is born from the necessity to apply new statistical tools to analyse the patient 

trajectories through different multimorbidity patterns over time, including the death probability 

estimation. It is developed in collaboration with the IDIAPJGOL (Institut Universitari d’Investigació 

en Atenció Primària Jordi Gol), as a subtask integrated into a more general project whose main 

goal consists in identifying clinically relevant patterns of the elderly population and analysing 

lifetime trajectories of patients with multimorbidity in order to assess public health care system in 

Catalunya. 

The baseline of the project was defined by the previous work developed in IDIAPJGOL. In [5], soft 

clustering methods were introduced to identify multimorbidity patterns using real-world datasets 

and applying a cross-sectional study. Following that method, in [6] they used the clustering 

technique to obtain a set of multimorbidity patterns explained in [5], previously compressing the 

real-world dataset in order to reduce the features space dimensionality. Finally, a longitudinal time 

study is introduced to obtain a model for the patient trajectories through the multimorbidity 

patterns. In Figure 1.1, it can be seen the three stages that are considered. 

  

This project will be developed following the approach used in [5] and [6]. New techniques are 

introduced to analyse their behaviour and compare to the ones used in [6], where they used the 

PCAmix technique to reduce data dimensionality, fuzzy c-means (FCM) as a clustering technique 

leveraging the results in [5], and the last novelty was to model individual longitudinal trajectories 

with a Hidden Markov Model.  

Based on the previous scheme, the following two updates are introduced in this work. 

1- The dimensionality reduction system based on the PCAmix algorithm is replaced by an 

autoencoder. 

2- The clustering step, based on the well-known soft clustering method FCM, is replaced 

by the Expectation-Maximization (EM) algorithm for Gaussian mixture models. 

Autoencoders to compress the work dataset were already applied in [7], but the performance, 

when compared to PCAmix, was only analysed in terms of the obtained transversal multimorbidity 

Dimensionality 

reduction 
Clustering Longitudinal 

analysis 

Figure 1.1 Sequence diagram of the three stages of the study. 
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pattern. A deeper study is needed with respect to the potential improvements obtained in the 

longitudinal trajectories when the compression step has been implemented using autoencoders.  

Regarding the use of the EM algorithm in the clustering step and taking into account that the 

Hidden Markov Model is also trained by an Expectation-Maximization based algorithm to learn the 

parameters, the Expectation-Maximization algorithm is used as the clustering method to initialize 

HMM parameters, replacing the previous fuzzy c-means. 

The aim of the project is to explore and analyse the proposed methods, acquire data from 

electronic health records and finding realistic multimorbidity patterns and individual time 

sequences to be able to advise medical staff from multimorbidity characterization and possible 

mortality. 

The resulting total system will be trained using cross-validation techniques, and ultimately, the 

obtained models and their differences with respect to the previous system will be analysed in 

depth. 

Furthermore, the report will also give a preview into the state-of-the-art literature regarding 

multimorbidity in the second chapter, followed by an in-depth explanation of the dataset available 

in chapter 3, the dimensionality reduction explanation in chapter 4, the theoretical bases of the 

algorithms in clustering in chapter 5, the longitudinal study in chapter 6. Chapter 7 will present the 

experimentally measured results and the conclusions will be exposed in chapter 8. 
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2. State of the art 

The longitudinal characterization of multimorbidity patterns is a key factor for uncovering 

relationships over time and to develop prediction models [8]. Most of the published literature 

focuses on diseases rather than patients as the unit of analysing multimorbidity patterns [9]. By 

changing the point of view and orienting the analysis to an individual level on multimorbidity 

patterns a better characterization can be obtained of population segments [10]. 

Most of the longitudinal analysis has used cross-sectional designs as in [11], and the ones that 

include the whole longitudinal structure of the data are scarce [12]. It is essential to take into 

account the different diseases that affect people over time in order to define the trajectory of 

multimorbidity patterns. More information on how individual techniques are influenced by specific 

identification of disease patterns are required to improve this kind of studies or consider new 

statistical approaches adapted to multimorbidity research [6]. 

In the last years, dynamic programming for machine learning like Hidden Markov Models have 

been proposed to identify multimorbidity patterns throughout time [6]. The observations are 

random variables conditioned by a cluster. Considering a patient to belong exclusively to one 

multimorbidity pattern each year, it cannot be directly observed. Instead, EHR data for each year 

of study is treated as the observed outcomes from the time series. An example of HMM use in 

multimorbidity studies is [13], where it is applied to a large dataset from practices of patients that 

had events on comorbidities. Primary Care EHR, where data are routinely collected, represents the 

exclusive resource for the longitudinal analysis of multimorbidity patterns. 

EHR is usually sparse, high-dimensional, and often both uncertain and incomplete [14]. Feature 

extraction becomes ever more important as data grows to high dimensions. Autoencoder as a 

neural network-based feature compression method achieves great success in generating abstract 

features of high dimensional data [15]. Dimensionality reduction using a convolutional neural 

network encoder can be applied instead of various complex perception algorithms, manually 

choosing task-specific data features [16]. 

In the healthcare field, there are some examples of dimensionality reductions using neural 

networks. In [17], a work using deep embedded clustering for feature extraction and unsupervised 

clustering is presented. The results show how deep autoencoders achieve better performance than 

traditional clustering techniques with wide-range threshold conditions. In [18], stacked 

autoencoders are used as a previous step before applying a classifier, extracting features from 

scalp electroencephalogram (EEG) data, and performing the classification with the learned 

features. 

Studying the performance of clustering algorithms among healthcare dataset in [19], different 

types of clustering are tested, as Partitioned clustering, Hierarchical methods, Density based 

clustering or Subspace clustering. The Expectation Maximization algorithm obtains one of the best 

results in terms of accuracy under heart disease data, getting better performance than hard 

clustering methods like the K-Means algorithm.  In [14], the behaviour of unsupervised learning 

techniques for automatically uncovering such as patterns in time series data is studied. The EM 

algorithm is used for Maximum Likelihood (ML) estimation of the parameters in a Gaussian mixture 

model concluding that the model can recognize patterns with prognostic significance. Finally, in [5] 

it is studied how soft clustering performs in a similar dataset as it allows analysis for diseases to be 
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linked simultaneously to multiple clusters and it is more consistent with clinical experience, 

concluding that the resulting clusters are clinically meaningful.  

In terms of methodological analysis, there are two main goals. The first one is to build a robust 

model using soft clustering instead of hard clustering techniques like K-Means. It is more natural 

to treat each patient individually assuming they could belong to different patterns instead of taking 

the assumption that all patients belong to one exclusive pattern. The second goal is to obtain a 

time sequence along the five years of studied data, based on the longitudinal analysis instead of 

doing a cross-sectional study for each year. This will allow making predictions from past 

observations. 
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3. Database  

The data used in the project is obtained from the Catalan Health Institute (CHI) Information System 
for Research in Primary Care (SIDIAP). It is a database that contains anonymized longitudinal 
electronic health records (EHR) from primary and secondary care. The database contains 
information on patient’s demographics, diagnoses, drug prescriptions, and socioeconomic status. 

A total of 916619 individuals aged over 65 years and observed during the 2012-2016 period were 
included in the dataset. The inclusion criterion establishes that they must be aged 65-99 on 
December 31st of 2011 and that they must survive until December 31st, 2012. Additionally, they 
must have visited their primary care centre at least once in the five years period. In Figure 3.1 it is 
shown the evolution of the number of patients during the five years of study. 

No new individuals were included over time, and all the losses were caused by death or dropouts 

because of transfer to other health systems and were considered lost to follow-up. The start date 

to calculate the risk of death was 1st January 2013. Both states, death and drop-out, are introduced 

from the second year of the study, so for the first year, it is assumed that all the patients are alive 

and do not leave the system.  

Diseases were coded in SIDIAP using the International Classification of diseases version 10 (ICD-
10). The ICD10 codes were classified into 60 chronic diseases previously identified by the Swedish 
National Study of Aging and Care in Kungsholmen (SNAC-K). The presence of more than one of 
chronic disease group in an individual is what defines the study of multimorbidity in this dataset. 
In addition to the 60 diseases groups, age at baseline and sex from each patient is also included in 
the study. 

The complete list of diseases groups is attached in Appendix A.1, including the absolute frequency 
of each one and their correspondent prevalence. To avoid possible noise introduced by low 
prevalence diseases, the ones below 2% of prevalence (percentage of people in the dataset with a 
disease) were discarded, so 13 of them are not considered for the analysis. The remaining 47 

916619 874860 833870 787886 743827 

5917 6017 6969 5853 

35842 34973 39045 38206 

Alive Transfer 

out 
Dead 

2012 2013 2014 2015 2016 

Figure 3.1. Longitudinal Flow Chart of individuals over the study period. 
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diseases plus sex are binary variables (considering 0 as the absence of the specific disease and 
woman in the case of sex, and 1 the opposites), and age is the only one that is not treated as binary, 
normalizing the 65-99 initial range to 0-1. 

Considering all these factors, longitudinal data is saved as 𝒚0𝑁𝑥𝑀(𝑡)variable where 𝑡 = 1, … , 𝑇, 
being T=5. For each year t, it is included a matrix of N x M dimensions, where N is the total of 
individuals (916619) and M is the number of total diseases (filtered by prevalence previously), 
added to age and sex variables, therefore M = 49. Each individual is represented by a vector of 
dimension 𝑑0 = 49. Summarizing, the dataset to study has 5x916619x49 samples. Denoting the 
complete dataset as 𝒚0 ∶= {𝑦0(1),𝑦0(2),… ,𝑦0(𝑇)}. 
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4. Dimensionality reduction 

To begin data processing, the first step consists of applying a dimensionality reduction by using a 
compression system. The motivation to do it is both, to simplify its subsequent processing and to 
avoid working with binary variables as it could complicate the clustering. 

Both methods, PCAmix and autoencoders, transform initial data to compressed features close to 
Gaussian distributions. This kind of distribution is useful to apply methods modelling data as a 
Gaussian Mixture distributed.  

 

4.1. Autoencoders 

An autoencoder is a specific type of artificial neural network where the output tries to be as similar 
as possible to the input, used to generate more efficiently data from an unsupervised way. It can 
learn non-linear transformations, unlike PCA, with a non-linear activation function and multiple 
layers. It compresses the input D-dimensioned data to a reduced dimension d, found it in the 
bottleneck, and decodes this data to the original dimension, having an output at the end of the 
network similar to the input data plus an error introduced by the compression. 

The main architecture consists of three parts as it is shown in Figure 4.1. 

 

Figure 4.1. Basic scheme of an autoencoder 

1. Encoder: It is the part where the model learns how to avoid possible noise and compress data 

from and input dimension D to a smaller dimension d, having an encoded representation of the 

original data, being useful to work with an approximated version, lighter than input data. 

2. Bottleneck: contains the compressed data of d dimension. It is the output of the encoder and 

the input of the decoder. Here is where it is defined as the dimension chosen to work. 

3. Decoder: It is the last stage of the architecture and tries to recover the encoded data in the 

bottleneck, up to the input data. The output data has the same input dimension D, but adds a 

reconstruction loss from the compression, that determines how well It is the model. The smaller 

the losses the model has, the closer to the input data will be the reconstruction. 
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As it is presented in [7] and adapting to the current input dimensions, the architecture to use in 

this case will work with the following dimensions for each layer of the autoencoder network: 49-

40-25-15-25-40-49. Having a dimension d of 15 in the bottleneck and being a symmetric network, 

using three layers both for the encoder and decoder. 

To build and compile the model an optimizer Adam and Mean Square Error (MSE) as loss function 

it is used. MSE, given in (4.1), is studied along with a training subset of the data by applying a batch 

gradient algorithm during 50 epochs. To avoid overfitting, another subset independently from the 

training one, called validation, it is used to compute its MSE and it is been compared to the training 

one, repeating the process at the end of each epoch. The sigmoid function is used as an activation 

function for all the layers of the neural network.   

𝑀𝑆𝐸(𝑌0
𝑚) =

1

|𝑌0
𝑚|

∑ |𝒚0(𝑛) − 𝑥(𝑛)|2

𝒚0(𝑛)∈𝑌0
𝑚

 
(4.1) 

Input data is represented as 𝑌0 ∶= {𝒚0(𝑛) ∈ 𝑅𝐷𝑥1;  ∀𝑛 = 1, … , 𝑁 , being 𝒚0(𝑛)  the input 

observations. Encoded data is given by 𝑌 ∶= {𝒚(𝑛) ∈ 𝑅𝑑𝑥1;  ∀𝑛 = 1, … , 𝑁 and decoded data by 𝑋

∶= {𝒙(𝑛) ∈ 𝑅𝐷𝑥1;  ∀𝑛 = 1, … , 𝑁. Taking 𝑌0
𝑚as a measure sub-dataset of 𝑌0. 

 

4.2. Autoencoder and PCAmix comparison 

In the preceding work of multimorbidity analysis [6], PCAmix was the technique used to compress 

the original data 𝑌0 . It performs principal component analysis (PCA) of a set of observations 

described by the numerical variables and includes multiple correspondence analysis (MCA) for the 

categorical variables. PCA is used for dimensionality reduction when there are binary and 

continuous variables, as it is our case, computing the principal components and using them to 

perform a change of basis on the data. Obtaining lower-dimensional data while preserving as much 

of the data’s variation as possible. 

Results from a previous study [7] about the autoencoders performance with the same dataset are 

considered. Autoencoders obtained a more accurate compressed data in comparison to the 

original input, with less memory occupancy and a better computational cost. 

In the Figure 4.2, obtained from the study [7], the minimum square error (4.1) for both techniques 

was computed, being AE for autoencoder and Pm for PCAmix. Index tr refers to training set and 

index ts to the test set. 

Also, the percentage of error committed when decoding only binary features was computed using 

(4.2), where 𝑏𝑖𝑛(·) means binarization and 𝐼(̅𝑎, 𝑏) is the logical function equal to 0 if 𝑎 = 𝑏 and 1 

otherwise. Being Dth the feature corresponding to age, the only one that is not binary. 

휀(𝑌0
𝑚) =

∑ ∑  𝐼(̅𝑦0,𝑖(𝑛), 𝑏𝑖𝑛(𝑥𝑖(𝑛))𝐷−1
𝑖=1𝒚0(𝑛)∈𝑌0

𝑚

(𝐷 − 1)|𝑌0
𝑚|

 

It can be seen in Figure 4.2 that autoencoder overperformed PCAmix in smaller 

dimensions. As dimension increases, the differences between both methods are 

reduced, as nearer of 𝑑 = 35 is, PCAmix starts to have a better behaviour. 

(4.2) 
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Figure 4.2. 10*log of MSE and 휀(𝑌0
𝑚) in terms of reduced dimension d from [6]. 

 

For the current study, the input data 𝑌0 will have an initial dimension D equal to 49, as explained 

in the database chapter, and the reduced dimension will be 𝑑 = 15 for 𝑌, to take advantage of the 

autoencoder’s behaviour against PCAmix and for comparison with the previous study [6]. 

From this point, the data that is going to be used is the one encoded and found in the bottleneck, 

referring to 𝑌. Having dimensions of 916619 patients per year and 𝑑 = 15 features. Being a final 

vector of 5x916619x15. 
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5. Clustering 

It is assumed that the patient population is distributed into a set of clusters, matching with 

different multimorbidity patterns. To initialize some parameters of the Hidden Markov Model 

(which is going to be explained later in the longitudinal analysis chapter), it is introduced the soft 

clustering Expectation Maximization algorithm, being applied to the encoded dataset Y, to 

distribute the patients into a set of clusters. Each cluster is assumed to characterize a 

multimorbidity pattern. 

Encoded data is assumed to follow a Gaussian distribution, which it is often used to represent real-

valued random variables whose distributions are not known. Moreover, Gaussian distributions 

have some unique properties that are valuable in machine learning applications. 

EM is an unsupervised form of grouping in which each patient can belong to more than one cluster. 
It is an approach for performing maximum likelihood estimation in the presence of latent variables, 
iteratively computing the estimation of the values for the latent variables, and optimizing the 
model, repeating both steps until convergence. 

 

5.1. Gaussian distribution 

The Gaussian or normal distribution is a type of continuous probability distribution for a real-

valued random variable. It can be written as [20]: 

𝑁 (𝑦|µ, 𝜎2)  =  
1

(2𝜋𝜎2)
1
2

 𝑒
−

1
2𝜎2(𝑦 − µ)2

  

 

(5.1) 

Where µ is the mean (the average value of all points in the sample) and 𝜎2  the variance. The 
square root of the variance is known as the standard deviation, that indicates how much the data 

set deviates from its mean, and 𝛽 =  
1

𝜎2 is the precision. 

For a D-dimensional multivariate Gaussian distribution, the used in the project, can be written as: 

𝑁 (𝒚|𝝁, 𝜮) =  
1

(2𝜋)
𝐷
2 |𝜮|

1
2

 𝑒−
1
2

(𝒚 −𝝁)𝑇 𝜮−1(𝑦−𝝁)
 

(5.2) 

 

Where µ is a d-dimensional mean vector, Σ is a dxd dimensional covariance matrix and |Σ| refers 
to the determinant of the covariance matrix. 

One situation where a Gaussian distribution takes importance is in the central limit theorem, that 
tells that under certain conditions, when independent variables are added, the sum tends to a 
normal distribution, even if original variables are not normally distributed (Walker, 1969). 

The Gaussian distribution has many important analytical properties, some of them are the 
following: 
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- It is the continuous distribution that maximizes the entropy for a specified mean and 
variance. 

- It is symmetric about its mean. 
- The mean, median and mode are equal. This is because the middle point of the distribution 

is the one with maximum frequency. 
- It is a normalized distribution, that means that the area above the curve is equal to 1.  

∫ 𝑁 (µ,  𝜎2)𝑑𝑦
∞

−∞

= 1 (5.3) 

- Data points that are drawn independently from the same distribution are said to be 
independent and identically distributed. Knowing that the joint probability of two 
independent events is given by the marginal probability of each event, the probability of 
the dataset given µ and 𝜎2 is: 

𝑝(𝒚|µ, 𝜎2) = ∏ 𝑁(𝑦𝑛|µ, 𝜎2 
𝑁

𝑛=1
) 

(5.4) 

 

- To determine the unknown parameters (µ and 𝜎2), it is computed the maximization of the 
likelihood function. In practice it is used the log-likelihood function as it is equivalent to 
maximize the function itself, being numerically simpler. So, from equations (5.1) and (5.4), 
the log-likelihood function can be written as: 

𝑙𝑛 𝑝(𝒚|µ, 𝜎2)  =  −
1

2𝜎2
∑ (𝑦𝑛 −  µ)2  −

𝑁

2
 𝑙𝑛 𝜎2 −

𝑁

2
𝑙𝑛 (2𝜋)

𝑁

𝑛=1
 

(5.5) 

 

5.1.1. Maximum likelihood for the Gaussian 

From the log-likelihood of a Gaussian distribution (5.5) it is obtained the log-likelihood equation 

for multivariate Gaussian distribution, also estimating the parameters using maximum likelihood. 

𝑙𝑛 𝑝(𝒚|𝝁, 𝜮 )  =  −
𝑁𝐷

2
𝑙𝑛 (2𝜋) −

𝑁

2
𝑙𝑛 |𝜮| −

1

2
 ∑ (𝒚𝒏 − 𝝁)𝑇𝛴−1(𝒚𝒏 − 𝝁)

𝑁

𝑛=1
 

(5.6) 

So, as it can be seen, the function depends only in ∑ 𝒚𝑛
𝑁
𝑛=1 and ∑ 𝒚𝑛𝒚𝑛

𝑇𝑁
𝑛=1 . These are known as 

sufficient coefficients for the Gaussian distribution [20]. 

The derivative of the log-likelihood function in terms of µ and setting to zero, gives the maximum 
likelihood estimator by mean. 

𝝁𝑀𝐿 =
1

𝑁
∑ 𝒚𝑛

𝑁

𝑛=1
 

 

(5.7) 

Following same procedure for maximization in terms of covariance, and having computed the ML 
mean estimator, the obtained estimator is: 

𝜮𝑀𝐿 =
1

𝑁
∑ (𝒚𝑛 − 𝒚𝑀𝐿)(𝒚𝑛 − 𝒚𝑀𝐿)𝑇

𝑁

𝑛=1
 

(5.8) 
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5.2. Mixtures of Gaussians 

A mixture model is a probabilistic model for representing subsets of population over the total one, 

without requiring observed data to identify the subset where the individual observation belongs. 

So, a Gaussian mixture is a function made by a group of Gaussians identified by 𝑘 ∈ {1, … , 𝐾} 
where K is the number of total clusters. Each cluster is modelled thorough three parameters: mean 
µ that defines the centre of each cluster, a covariance matrix 𝜮 for each cluster and a mixing 
probability π that defines the discrete latent variable of the model. 

Having all three parameters, the Gaussian mixture distribution can be written as: 

𝑝(𝒚) =  ∑ 𝜋𝑘𝑁(𝒚|𝝁𝑘 , 𝜮𝑘)
𝐾

𝑘=1
 

(5.9) 

Introducing a K-dimensional binary random variable z for all d dimensions where only a particular 
element 𝑧𝑘 is equal to one. So, 𝑧𝑘 values satisfy that 𝑧𝑘 ∈ {0,1} and ∑ 𝑧𝑘 = 1𝑘  for each dimension 
of the encoded dataset. Defining the marginal distribution over z in terms of the mixing coefficient 
it is obtained: 

𝑝(𝑧𝑘 = 1) = 𝜋𝑘 (5.10) 

Knowing that mixing coefficients are themselves probabilities, must meet ∑ 𝜋𝑘 = 1𝐾
1 . 

 

5.2.1. Expectation-Maximization 

Taking log-likelihood equation for one Gaussian (5.6) and rewriting in terms of K Gaussians with 

their corresponding parameters, it is obtained [20]: 

𝑙𝑛 𝑝(𝑌|𝝅, 𝝁, 𝜮)  =  ∑ 𝑙𝑛 {∑ 𝜋𝑘𝑁(𝒚𝑛|𝝁𝑘, 𝜮𝑘)}
𝐾

𝑘=1

𝑁

𝑛=1
 

(5.11) 

 

Maximizing the function (5.11) compared to the single case (5.6), it is more complex because the 

summation over k that appears inside the logarithm no longer acts directly on the Gaussian. Setting 

derivatives of log-likelihood to zero, it is not obtained as a closed form solution. 

To face this problem, it is considered as an alternative approach the expectation-maximization 

(EM) algorithm. 

The goal of the EM algorithm is to find maximum likelihood solutions for models having latent 

variables. The algorithm is an iterative algorithm that starts from some initial estimation of the 

parameters (e.g., random, K-Means…) and then proceeds iteratively updating the parameters until 

convergence is reached.  

The initial parameters or weights can be selected randomly, like choosing K random data points as 

initial means and selecting the covariance matrix of the complete dataset for each of the initial K 

covariance matrices. The EM algorithm takes many more iterations to reach convergence than the 
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K-Means algorithm, so that it means that it has an elevated computational cost. It is common to 

use the K-Means algorithm in order to find an appropriate way to initialize the parameters or 

weights for the Gaussian mixture model. The covariance matrices can be initialized to the 

covariances of the clusters found by K-Means algorithm, and the mixing coefficients can be set to 

the fractions of data points assigned to each cluster.  

Convergence is generally detected by computing the value of the log-likelihood after each iteration 

and when the difference between the current iteration and the previous one is below a 

preestablished threshold, it can be assumed the convergence of the algorithm. 

Denoting 𝑝(𝑧𝑘 = 1|𝒚) as 𝛾(𝑧𝑛𝑘), the steps of the EM to follow are [20]: 

1. Initialization of means 𝝁𝑘 , covariances 𝜮𝑘  and mixing coefficients 𝜋𝑘  and compute the 

initial value of the log-likelihood. 

2. E-step. Evaluate the responsibilities using the current parameters values. 

𝛾(𝑧𝑛𝑘) =
𝜋𝑘𝑁(𝒚𝑛|𝝁𝑘, 𝜮𝑘)

∑ 𝜋𝑗𝑁(𝒚𝑛|𝝁𝑗, 𝜮𝑗)𝐾
𝑗=1

 
(5.12) 

3. M-step. Re-estimate the parameters using the current responsibilities. 

𝝁 𝑘
𝑛𝑒𝑤  =  

1 

𝑁𝑘
 ∑ 𝛾(𝑧𝑛𝑘)𝒚𝑛

𝑁

𝑛=1
 

(5.13) 

𝜮 𝑘
𝑛𝑒𝑤  =  

1 

𝑁𝑘
 ∑ 𝛾(𝑧𝑛𝑘)(𝒚𝑛 − 𝝁 𝑘

𝑛𝑒𝑤)(𝒚𝑛 − 𝝁 𝑘
𝑛𝑒𝑤)𝑇

𝑁

𝑛=1
 

(5.14) 

𝜋 𝑘
𝑛𝑒𝑤  =  

𝑁𝑘  

𝑁
 𝑤ℎ𝑒𝑟𝑒 𝑁𝑘= ∑ 𝛾(𝑧𝑛𝑘)

𝑁

𝑛=1
 

(5.15) 

 

4. Evaluate the log-likelihood (5.11) and check for convergence of either the parameters or 

the log-likelihood. If the convergence criterion is not satisfied return to E-step. 

The pseudocode of the EM algorithm is attached in Appendix C.1. 

 

5.2.2. Bayesian information criterion 

The Bayes Information Criterion (BIC) is a criterion for model selection among a finite set of models. 

The model with lowest BIC score is considered the best as it is fitted under the maximum likelihood 

estimation framework. 

BIC is calculated as follows [21]: 

𝐵𝐼𝐶 = −2 ln(𝐿) + 𝑘 ln(𝑛) (5.16) 

Where: 

- ln(L) is the maximized value of the log-likelihood function for the estimated model (5.11). 

- k is the number of free parameters to be estimated. In our specific case 𝑘 = 𝐾(𝑑2 + 𝑑 +

1). 

- N is the number of observations of the dataset. 



 

 23 

6. Longitudinal analysis 

A longitudinal analysis involves a study of repeated observations of the same variables over periods 

of time. Having a first classification of the individuals after the clustering division, in this chapter 

what is going to be studied is the evolution of this classified data throughout the years. 

It is observed that each independent time sequence corresponding to an individual is very short, 

since only a period of five years is available. Usually, working with Hidden Markov models, a very 

long sequence of observations is used, by means of which a path is followed that visits several 

times each state. We cannot use a single observation sequence to train the model (i.e., for 

reestimation of model parameters). This is because the transient nature of the states within a 

single patient only allows a small number of state transition observations if any. Hence, in order to 

have sufficient data to make reliable estimates of all model parameters, one has to use multiple 

observation sequences. So, we have modified the reestimation procedure, i.e., the Baum-Welch 

algorithm, as it is presented in section 6.1.1. 

So, each individual forms a short temporal sequence of five vectors, one per year, containing d 

features each one, where d is the chosen reduced dimension. It is assumed that every sequence is 

statistically independent of each other because each sequence belongs to a different individual 

[22].  

To learn from the predicted parameters of the clustering algorithm and be modelled on the 

temporal evolution, for the sequential observations it is followed a dynamic random process 

represented by Hidden Markov Models, associating each cluster to a hidden state. 

 

6.1. Hidden Markov Models 

A Markov chain is a stochastic model describing a sequence, where it is assumed that the current 

prediction of the next observation of the chain, only depends on the value of the immediately 

preceding observation and it is independent of the previous ones. If it is wanted to consider the 

previous M observations, it can be applied an Mth order Markov chain in which the conditional 

distribution depends on the previous M variables. 

Formally, a Markov chain is specified by the following components [23]: 

- Q = q1, q2, ..., qK: a set of K states. 

- A = a11, a12, ..., ak1, ..., akk: a transition probability matrix A, each aij representing the 

probability of moving from state i to state j. ∑ 𝑎𝑖𝑗 = 1𝑘
𝑗=1 ∀𝑖. 

- π = π1, π2, …, πK: an initial probability distribution over states. πi is the probability that the 

Markov chain will start in state i. Some states j may have πj = 0, meaning that they cannot 

be initial states. Also, ∑ 𝜋𝑖 = 1𝑘
𝑖=1 . 

A HMM has a Markov chain which mix some observed states with some hidden ones. A discrete 

multinomial latent variable 𝒁 ∈ {1, … , 𝐾} is associated with each observation 𝒚(t) where K is the 

number of states. 

Considering the components of the Markov chain, the hidden model also includes the following 

ones: 
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- 𝒚(𝑡)  =  𝒚(1), 𝒚(2), … , 𝒚(𝑇) : a sequence of T observations. Being a random variable 

𝒚(𝑡) ∈ 𝑅𝐷. 

- 𝑩 =  𝑏𝑘(𝒚(𝑡)) : a sequence of observation likelihoods or emission probabilities, each 

expressing the probability of an observation 𝒚(𝑡) being generated from state k. Given by 

conditional probabilities. 

The state emission distributions in the multimorbidity application are modelled as Gaussian 

distributed: 

𝑝(𝒚(𝑡)|𝑘) = 𝑁(𝒚(𝑡)|𝝁𝑘 , ∑𝑘) 𝑘 ∈ {1, … , 𝐾} (6.1) 

The joint probability distribution over both latent and observed variables consists in:  

𝑝(𝒀, 𝒁) = 𝑝(𝒛(1)|𝝅)[∏ 𝑝(𝒛(𝑡)|𝒛(𝑡 − 1), 𝑨)] ∏ 𝑝(𝒚(𝑡)|𝒛(𝑡))

𝑻

𝑡=1

𝑇

𝑡=2

 

 

(6.2) 

As it is considered a first order HMM, two independent assumptions are taken into account: 

1. The probability of a particular state only depends on the previous state: 

𝑝(𝒛(𝑡 + 1)|𝒛(1), … , 𝑧(𝑡)) = 𝑝(𝒛(𝑡 + 1)|𝒛(𝑡)) (6.3) 

2. The probability of an output observation depends only on the state that produced the 

observation and not on any other state or any other observation. 

𝑃(𝒚(𝑡)|𝒛(1), … , 𝒛(𝑇)) =  𝑃(𝒚(𝑡)|𝒛(𝑡)) (6.4) 

The transition matrix along the time sequence, five years in the case of the study, can be graphically 

shown as in Figure 6.1, where k refers to the number of the state (or cluster in our case) for each 

of the 916619 individuals to study, and K is the total number of clusters. Each line represents the 

transition probability to switch to next year’s state. 

 

Figure 6.1. Unrolled state transition diagram for five years. 
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HMM have three basic problems that must be solved for real-world applications [22]. There are: 

1. Given the observation sequence 𝒀 and a model 𝜽 = (A, B, π), how it could be efficiently 

computed the probability of the observation sequence given the model 𝑝(𝒀|𝜽). 

2. Given the observation sequence 𝒀  and the model 𝜽 , how it could be chosen a 

corresponding state sequence Q=q1q2…qN which is optimal. 

3. How it could be adjusted the model parameters 𝜽 = (A, B, π) to maximize 𝑝(𝒀|𝜽). 

To determine the parameters of an HMM it is possible to use maximum likelihood. The likelihood 

function is obtained from the joint distribution (6.2) by marginalizing over the latent variables. 

𝑝(𝒀|𝜽) = ∑ 𝑝(𝒀, 𝒁|𝜽)

𝑧

 (6.5) 

It cannot be treated each of the summations over Z independently because the joint distribution 

𝑝(𝒀, 𝒁|𝜽) does not factorize over n. Neither can be performed the summations explicitly because 

there exists N variables to be summed over, which each one has K states, having a total of KN terms. 

So, as it becomes larger the chain, the number of terms grows exponentially. In fact, the 

summation in (6.5) is the summation over exponentially many paths through the lattice diagram 

in Figure 6.1.  

To find and efficient framework for maximizing the likelihood function in HMM is also used in the 

EM algorithm (presented in chapter 5.2.1). The EM algorithm must be initialized by choosing 

starting values for π and the transition matrix A. If any element is initialized to zero will remain to 

zero in subsequent EM updates. So, one way to initialize these parameters is setting random 

starting probabilities. 

Also, EM algorithm requires initial values for the parameters of the emission distribution. One way 

to set these ones is to assume data as independent and identically distributed and fit the emission 

density by maximum likelihood, then the resulting values are used to initialize parameters for EM. 

To achieve that, forward-backward or Baum-Welch algorithm is introduced. 

 

6.1.1. Baum-Welch algorithm 

Baum-Welch algorithm (Baum, 1972) is a special case of the EM algorithm used for HMM training. 

The algorithm allows to train both the transition probabilities matrix A and the emission probability 

vector B. Baum-Welch solves the problem of unknowing the counts of being in any of the hidden 

states by iteratively estimating the counts. 

The forward probability 𝛼(𝑡) represents the joint probability of seeing all the given observations 

up to time t and the value of z(t). 

𝛼(𝑡, 𝑘) = 𝑝(𝒚(1), 𝒚(2), … , 𝒚(𝑇), 𝑧(𝑇) = 𝑘; 𝜽) (6.6) 

The backward probability 𝛽(𝑡)  represents the conditional probability of seeing the future 

observations from time t+1 up to T given the value of z(t). 

𝛽(𝑡, 𝑘) = 𝑝(𝒚(𝑡 + 1), 𝒚(𝑡 + 2), … , 𝒚(𝑇), 𝑧(𝑇)|𝜽) (6.7) 
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Applying Bayes’ theorem and making use of the conditional independence property together with 

the product rule of probability, it can be combined forward and backward variables, obtaining the 

probability of state k at time t given the observations and the model 𝜽: 

𝛾(𝑡, 𝑘) ∶= 𝑝(𝑧(𝑡) = 𝑘|𝒚(1), … , 𝒚(𝑇); 𝜽) =
𝛼(𝑡, 𝑘)𝛽(𝑡, 𝑘)

∑ 𝛼(𝑡, 𝑗)𝛽(𝑡, 𝑗)𝐾
𝑗=1

 
(6.8) 

In next step it is considered the evaluation of the quantities 𝜉(𝒛𝑛−1, 𝒛𝑛), which corresponds to the 

values of conditional probabilities 𝑝(𝒛𝑛−1, 𝒛𝑛|𝑿). Using the definition of 𝜉(𝒛𝑛−1, 𝒛𝑛) and applying 

Bayes’ theorem, it is obtained [20]: 

𝜉(𝑡 − 1, 𝑡, 𝑗, 𝑘) ∶=  𝑝(𝑧(𝑡 − 1) = 𝑗, 𝑧(𝑡) = 𝑘|𝒚(1), … , 𝒚(𝑇); 𝜽)

=
𝛼(𝑡 − 1, 𝑗)𝑝𝑘𝑗𝑝(𝑦(𝑡)|𝑘)𝛽(𝑡, 𝑘)

∑ ∑ 𝛼(𝑡 − 1, 𝑗)𝑝𝑘𝑗𝑝(𝑦(𝑡)|𝑘)𝛽(𝑡, 𝑘)𝐾
𝑘=1

𝐾
𝑗=1

 

(6.9) 

𝑤ℎ𝑒𝑟𝑒 𝑝(𝒚(1), … , 𝒚(𝑇)) =  ∑ ∑ 𝛼(𝑡 − 1, 𝑗)𝑝𝑘𝑗𝑝(𝑦(𝑡)|𝑘)𝛽(𝑡, 𝑘)

𝐾

𝑘=1

𝐾

𝑗=1

 
 

Summarizing the steps required to train an HMM using EM, first the parameters 𝜽 =  (𝑨, 𝑩, 𝝅) 

are initialized, where 𝑨  and 𝝅  are often initialized randomly from a uniform distribution. 

Initialization of 𝑩 in our case might be using the previous EM algorithm (been used to clustered) 

to compute 𝝁𝑘  and 𝜮𝑘. After that, both forward 𝛼 and backward 𝛽 recursions are run, and the 

results are used to evaluate 𝛾 and 𝜉. Also, the likelihood can be evaluated at this stage that refers 

to E-step. Taking the results of E-step, the parameters 𝜽 are re-estimated following the procedure 

of M-step from section 7.3. These two steps continue alternating until some of the stopping 

criterions are reached. 

To reinforce the explanation, pseudocode of the Baum-Welch algorithm is included in the 

Appendix C.2. 

An important issue that must be treated before using the algorithm is related with equations (6.6) 

and (6.7). As some of the probabilities from these equations are often significantly small and 

produces underflow exponentially quickly. In order to avoid this problem, equations (6.6) and (6.7) 

are normalized and a scaling factor cn is applied to relate with the original one. With the scaling 

factor, equations from (6.6) to (6.9) are redefined [20] as: 

�̂�(𝑡, 𝑘) = 𝑝(𝒚(1), 𝒚(2), … , 𝒚(𝑇), 𝒛(𝑇)) =
α(𝑡, 𝑘)

𝑝(𝒚(1), 𝒚(2), … , 𝒚(𝑇))
 

(6.10) 

�̂�(𝑡, 𝑘) =
𝛽(𝑡, 𝑘)

𝑝(𝒚(𝑡 + 1), … , 𝒚(𝑇)|𝒚(1), … , 𝒚(𝑡))
 

(6.11) 

 

𝑐𝑛 = 𝑝(𝒙𝑛|𝒙1, … , 𝒙𝑛−1) 

(6.12) 
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𝑐(𝑡)�̂�(𝑡, 𝑘) = 𝑝(𝒚(𝑡)|𝑘) ∑ �̂�(𝒛(𝑡 − 1, 𝑗))𝑝𝑘𝑗

𝐾

𝑗=1

 
(6.13) 

𝑐(𝑡 + 1)�̂�(𝑡, 𝑘) = 𝑝(𝒙𝑛|𝒛𝑛) ∑ �̂�(𝑡 + 1, 𝑗)𝑝𝑘𝑗𝑝(𝒚(𝑡 + 1|𝑗)

𝐾

𝑗=1

 
(6.14) 

After applying Baum-Welch algorithm to learn the parameters, returning to the definition of the 

three problems of HMM, now it is studied the election of the optimal state path. To resolve the 

presented problem, Viterbi algorithm is used. 

 

6.1.2. Viterbi algorithm 

Viterbi algorithm resolves the decoding task. Given a HMM and a sequence of observations, this 

algorithm searches along all the possible paths through the lattice to find the most probable one, 

with a computational cost that grows only linearly with the length of the chain. 

 

 

Figure 6.2. One possible path for a five-year sequence. 

 

In the above image (Figure 6.2) it is seen an example of a possible path for a five-year sequence for 

one individual after applying Viterbi algorithm to find it. Each individual of the database will have 

its own path along the five years period of the study. 

It is wanted to find 𝑧(1), 𝑧(2), … , 𝑧(𝑇) given the observation sequence 𝒚(1), 𝒚(2), … , 𝒚(𝑇). The 

highest probability along a single path at time t, which ends in state k is defined as 𝛿(𝑡, 𝑘). 

𝛿(𝑡, 𝑘) = max 𝑝 (𝑧(1), … , 𝑧(𝑇 − 1), 𝑧(𝑇) = 𝑘|𝒚(1), 𝒚(2), … , 𝒚(𝑇), 𝜽) (6.15) 
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Considering 𝑘 = 1, … , 𝐾, the algorithm is defined as: 

1. Initialization: 

𝛿(1, 𝑘) = 𝜋𝑘𝑝(𝒚(1)|𝑧(1) = 𝑘; 𝜽) (6.16) 

To keep the track of the path, variable 𝑣(𝑡, 𝑘) is declared an initialized as: 

𝑣(1, 𝑘) = 0 (6.17) 

2. Recursion: 

𝛿(𝑡, 𝑘) = max𝑗[𝛿(𝑡 − 1, 𝑗)𝑃𝑘𝑗]𝑝(𝒚(𝑡) |𝑧(𝑡) = 𝑘; 𝜽) 𝑤ℎ𝑒𝑟𝑒 𝑡 = 2, … , 𝑇 (6.18) 

𝑣(𝑡, 𝑘) = 𝑎𝑟𝑔max𝑗[𝛿(𝑡 − 1, 𝑗)𝑃𝑘𝑗]   
(6.19) 

3. Termination and backtracking: 

�̂�(𝑇) = 𝑎𝑟𝑔max𝑗[𝛿(𝑇, 𝑗)]  (6.20) 

�̂�(𝑡) =  𝑣(𝑡 + 1, �̂�(𝑡 + 1)) 𝑤ℎ𝑒𝑟𝑒 𝑡 = 𝑇 − 1: −1: 1 
(6.21) 

The pseudocode of Viterbi algorithm can be found in the Appendix C.3. 
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7. Results  

As it was defined at the introduction chapter, the goal of the study was to find multimorbidity 

patterns, grouped in clusters, to obtain a transition matrix to model the population evolution in 

the course of five years of study, storing in a path for each individual. To reach that goal the study 

was divided into three stages. The first one related to the compression of the data. The second one 

corresponds to the clustering part where the different multimorbidity patterns were defined and 

used as HMM initialization. The third and final stage consisted of obtaining the most probable path 

for every patient. 

For the grouping of the participants, it is assumed that the patient population is initially distributed 

into a set of clusters, corresponding to the different multimorbidity patterns. To study the 

temporal evolution of both individuals and clusters, the sequential individual observations are 

assumed to follow a dynamic random process represented by an HMM. By using this method each 

cluster is related to a hidden state or multimorbidity pattern. 

All the features from all the different individuals up to this point are considered for the 

development of the HMM. Diseases with a prevalence below 2% are excluded before clustering to 

avoid possible statistical noise. The sex variable from the initial dataset is also removed as it 

introduces a distortion when autoencoders are applied. Therefore, the data considered as input 

for the autoencoder algorithm includes the forty-seven filtered diseases plus the normalized age 

for each patient. In order to reduce the dimensionality of the data, the autoencoder is applied (as 

explained in chapter 4) and the EM algorithm is used to identify an initial set of clusters, which will 

be then used to initialize some HMM parameters in the next stage. In addition to the clusters 

computed by EM, two more clusters are included with the objective to account for drop-out and 

death states. 

In the third stage, the set of HMM parameters provided by EM algorithm are computed from the 

observation data to initiate the Baum-Welch algorithm. In this process, the data from each patient 

is treated as a short temporal sequence of five feature vectors, one vector per year. Having learnt 

the parameters, the best cluster trajectory is computed by maximizing the probability of the 

observed sequences conditioned to the computed parameters using the Viterbi algorithm. A 

graphical representation of the evolution of the project’s steps can be seen in Figure 7.1. 

 

7.1. Dimensionality reduction 

As explained in chapter 4, an autoencoder has been applied in order to compress the data. 

One change respect [7] that has been done in the autoencoder application is to remove the 
variable regarding patient’s sex because it introduces a severe effect into the clustering stage. 
Input data X is dimensioned as 5x916619x48. 

Dimensionality 

reduction 

Autoencoder 

Clustering 

EM 

Longitudinal 

analysis 

BW + Viterbi 

Figure 7.1. Schematic of the project’s stages. 
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To ensure the best possible performance from the autoencoder, the best one was chosen by 
applying random cross-validation technique [24] in order to discard possible overfitting problems 
and to assure the best division into training and testing sets in terms of improving the model 
performance by computing the best score of MSE.  

As the idea is to use the encoded data treated as a Gaussian mixture model, each new feature is 
analysed to see if it could fit a Gaussian behaviour and if it is not being wrongly assumed.  

 

Figure 7.2. Comparison between encoded data and the Gaussian model for each feature. 

To do the comparison of the encoded data and an ideal Gaussian distribution, each feature has 
been treated independently. The pertinent mean and variance to build the ideal Gaussian 
distribution for the case are computed for each feature. The encoded data was used to generate 
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the histogram in Figure 7.2, by automatically computing the number of bins to fit the best 
implementation. 

As a result, a histogram (blue) is plotted for each dimension and the corresponding theoretical 
Gaussian curve (orange). It can be observed for each dimension how well the model fits a Gaussian 
distribution. 

It could be assumed that the encoded data could work as a Gaussian Mixture Model, as many of 
the new features fit in a good way a Gaussian distribution, like in cases in d=2,4,5,6,9,11,13,14 or 
15. 

 

7.2. Clustering 

7.2.1. Model Selection 

The GaussianMixture class from sklearn.mixture library of Python is used to compute the EM 
algorithm. This class allows us to estimate the parameters of a Gaussian mixture distribution. 

The input parameters of the class used to initialize the EM algorithm are the following ones: 

- n_components: the number of mixture components or clusters. 
- covariance_type: type of covariance parameters to use. There are four different ones: 

o Full: each component has its own general covariance matrix. 
o Tied: all components share the same general covariance matrix. 
o Diagonal: each component has its own diagonal covariance matrix. 
o Spherical: each component has its own single variance. 

- tol: the convergence threshold. It is one of the algorithm’s stopping criterion. 
- reg_covar: non-negative regularization added to the diagonal of the covariance. Allows 

assuring that the covariance matrices are positives. 
- max_iter: the number of EM iterations to perform. It is the other stopping criterion. 

 
To select the best parameters for the model, they are compared using BIC score. The model 
is chosen applying repeated random sub-sampling validation (or Monte Carlo cross-
validation [24]) repeating for 20 independent iterations and keeping the results for 
minimum BIC.  

Figure 7.3. Comparison between covariance types for the different number of clusters. 
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As shown in Figure 7.3, the best results are the ones with the lowest BIC (implies maximum 
likelihood as presented in chapter 5.2.2). As it is obvious, the best covariance type is using full, as 
it is used all the completes covariance matrices. So, the model is constructed with this covariance 
type. The other parameters, searching the minimum BIC score for each one, they are set to: tol=10-
3, reg_covar=10-6 and max_iter=100. Having selected those parameters, next step is to analyse 
the optimal value for the number of clusters. 

 

Figure 7.4. BIC score plot for the different number of clusters. 

Looking for the BIC score, it can be seen in Figure 7.4 that as the number of clusters grows, BIC 
decreases. An optimal number of clusters cannot be selected for that reason. To see its behaviour 
analysing in a different way, two more methods for model selection are presented and compared 
to try to get a conclusion. 

The first method is called the Silhouette method. It computes the Silhouette coefficient for each 
sample. This coefficient is a measure of how well samples are clustered with samples that are like 
themselves.  

It is computed using the mean intra-cluster distance a(i) and the mean nearest-cluster distance b(i) 
for each sample, where d(i,j) is the distance between data points i and j, 𝐶𝑖 is the cluster of that 
sample and 𝐶𝑘 ≠ 𝐶𝑖: 

𝑎(𝑖) =
1

|𝐶𝑖| − 1
∑ 𝑑(𝑖, 𝑗)

𝑗∈𝐶𝑖,𝑖≠𝑗

 

 

(7.1) 

𝑏(𝑖) = 𝑚𝑖𝑛𝑘≠𝑖

1

|𝐶𝑘|
∑ 𝑑(𝑖, 𝑗) 

𝑗∈𝐶𝑘

 

 

(7.2) 

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max(𝑏(𝑖) − 𝑎(𝑖))
 

(7.3) 
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Finally, having computed each element s(i) for each number of clusters, it is computed the mean 
for each number of clusters and plotted in Figure 7.5, looking for the maximum value in this case. 
As it is a method with a big computational cost, it is only computed once for each sample of the 
dataset. 

 

Figure 7.5. Mean Silhouette coefficient for each number of clusters. 

 

The results using silhouette coefficients do not conclude into an optimal number of clusters 
neither. Achieving local maximums but looking that from n=12 increases indefinitely. A third 
technique is used to compare to the previous ones. 

A technique based on a scatter criteria is used. Meaning that distance among different clusters is 
maximized and intra-cluster distances is minimized. To achieve this goal, it is needed to satisfy the 
following two conditions: 

1- 𝑚𝑖𝑛𝑇𝑟(𝑺𝑇
−1𝑺𝑤) (7.4) 

2- 𝑚𝑎𝑥𝑇𝑟(𝑺𝑊
−1𝑺𝐵) (7.5) 

Where: 

- Mean vector for the i cluster is 𝒎𝒊 =
1

𝑛𝑖
∑ 𝒙𝒙∈𝐷𝑖

   (7.6) 

- Total mean vector is 𝒎 =
1

𝑛
∑ 𝒙 =

1

𝑛
∑ 𝑛𝑖𝒎𝑖  𝑐

𝑖=1𝒙∈𝐷  

 

(7.7) 

- Scatter matrix for the i cluster is 𝑺𝑖 = ∑ (𝒙 − 𝒎𝑖)(𝒙 − 𝒎𝑖)𝑇
𝒙∈𝐷𝑖

   

 

(7.8) 

- Within-cluster scatter matrix is 𝑺𝑊 = ∑ 𝑺𝑖
𝑐
𝑖=1    

 
(7.9) 

- Between-cluster scatter matrix is 𝑺𝐵 = ∑ 𝑛𝑖(𝒎𝑖 − 𝒎)𝑐
𝑖=1 (𝒎𝑖 − 𝒎)𝑇  ) 

 
(7.10) 

- Total scatter matrix is 𝑺𝑇 = ∑ (𝒙 − 𝒎)(𝒙 − 𝒎)𝑇 =𝒙∈𝐷 𝑺𝐵 + 𝑺𝑊   
 

(7.11) 

And computing 𝑇𝑟(𝑺𝑇
−1𝑺𝑤)  and 𝑇𝑟(𝑺𝑊

−1𝑺𝐵)for the different number of clusters it is obtained 
Figure 7.6. It is shown that as big as the number of clusters is, more distance exists between both 
lines where the objective proposed by (7.4) and (7.5) is to find the number of clusters where the 
difference is maximum. 
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Figure 7.6.  𝑇𝑟(𝑺𝑇
−1𝑺𝑤) and 𝑇𝑟(𝑺𝑊

−1𝑺𝐵) in relation to the number of clusters. 

After applying all three methods, the same conclusion is valid for each. As the number of clusters 
is increasing, better is the performance of the model. So, analytically it cannot be applied a criterion 
to choose the optimal model. In this case, the clinical criteria will prevail in front of the analytic 
way. Finally, 8 clusters were selected applying this clinical criterion and the best clustering was 
chosen by taking the best splitting due to cross-validation [24]. 

 

7.2.2. Medical Interpretation 

After having selected the optimal Gaussian model, and all the data is being grouped by clusters, 
some statistical concepts need to be introduced in order to analyse the results of the clustering. 

- Prevalence: is the proportion of a population who have a specific medical condition in a 
given time period. It is defined as: 

𝑃𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 =
𝑁º 𝑜𝑓 𝑝𝑒𝑜𝑝𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑤𝑖𝑡ℎ 𝑎 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑜𝑝𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟
 

(7.12) 

- Observed-Expected ratio: is obtained by dividing disease prevalence in the cluster by 

disease prevalence. 

𝑂/𝐸 =
𝑃𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟

𝑃𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑚𝑒𝑑𝑖𝑐𝑎𝑙 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛
 

(7.13) 

A disease is considered to be part of a multimorbidity pattern when 𝑂/𝐸  ≥2. 𝑂/𝐸 
provides information on the most overrepresented disease in each cluster. The 
overrepresented diseases are the nuclear diseases in each pattern and represent the 
disease that characterizes people in this cluster. With the use of 𝑂/𝐸 ratios, the analysis is 
less affected by diseases with high prevalence, as could be hypertension or dyslipidaemia 
(shown in Appendix B.1). 
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- Exclusivity: the proportion of patients with the disease included in the cluster over the 
total number of patients with the disease. It can be identified as the percentage of people 
with a certain disease in a specific cluster. 

𝐸𝑥𝑐𝑙𝑢𝑠𝑖𝑣𝑖𝑡𝑦 =
𝑁º 𝑝𝑒𝑜𝑝𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑤𝑖𝑡ℎ 𝑎 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑑𝑖𝑠𝑒𝑎𝑠𝑒

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑒𝑜𝑝𝑙𝑒 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑑𝑖𝑠𝑒𝑎𝑠𝑒
 

The use of 𝑂/𝐸 and exclusivity indicate which conditions are most likely to co-
exist. 

(7.14) 

With the computed tables from Appendix B, the following conclusions are extracted from the 
clustered data considering the medical assessment: 

- N_components = 8 is the optimal number of clusters because using a bigger number adds 
new clusters that are extremely related with some of the computed with 8 and it adds 
redundant information that is not clinically interesting. And less than 8 clusters, it is 
discarded because it is not interesting in terms of finding multimorbidity patterns. 

- The obtained patterns give more importance to high prevalent diseases and not construct 
clusters grouping concrete types of diseases.  This leads us to do not have many 
overrepresented clusters. 

- Only clusters C4 and C8 have overrepresented diseases (O/E≥2). Both clusters coincide in 
being the ones with a higher representation of females. 

- Cluster C2 is a multimorbidity pattern that includes individuals, but the prevalence of every 
disease is quite low. It can be explained as the elderly with no severe complications of their 
multimorbidity. This one can be named as a non-specific cluster as it does not give any 
relevant information about illnesses.  

- Clusters C1 and C2 have a 100% prevalence of hypertense patients, but also C3 and C4 
have around this 100%, so they could be similar groups between them. 

- At baseline, the cluster with the highest proportion of the sample is C4, with a population 
percentage of 18,83% (table 9.1). On the other side, the lowest proportion of the sample 
is found in C2 with only 3,32% that is a cluster with non-overrepresented diseases. 

- Males are only predominant in clusters C2 and C7, with a very similar percentage to 
females that have predominance in all the rest. They stand out in clusters C8, C4 and C3 
with more than 60% of the clusters’ individuals. 

- To name the resulting clusters with the predominant kinds of diseases in each one, it is 
needed to take into account the overrepresented diseases in each group. Doing this way, 
it can be only be named C4 and C8, as they are the only ones that have more than 50% of 
some disease. For the rest, it is observed the most prevalent diseases in each pattern. The 
proposed names are: 
 

o C1: Hypertension, Diabetes, Anaemia cluster. 
o C2: Non-specific cluster. 
o C3: Hypertension, Diabetes, and their complications with Osteoarthritis 

cluster. 
o C4: Cardiovascular risk factors and their complications. Without the 

cardiac complications cluster. 
o C5: Osteoarthritis cluster. 
o C6: Osteoarthritis and Dyslipidaemia cluster. 
o C7: Cardiovascular risk factors cluster. 
o C8: Cardiovascular risk factors and their complications. With cardiac 

complications cluster. 
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 C1 C2 C3 C4 C5 C6 C7 C8 

Females (%) 53,01 % 48,32 % 61,01 % 64,04 % 51,70 % 58,99 % 48,05 % 66,00 % 

Males (%) 46,99 % 51,68 % 38,99 % 35,96 % 48,30 % 41,01 % 51,95 % 34,00 % 

Age(mean) 77,98 73,42 76,17 74,32 74,70 72,52 74,85 77,13 

Total  138.375,74 30.466,31 161.696,29 172.603,76 119.484,35 93.348,98 96.887,98 103.755,59 

Total (%) 15,10 % 3,32 % 17,64 % 18,83 % 13,04 % 10,18 % 10,57 % 11,32 % 

Table 7.1. Summary of clusters' features 

 

7.2.3. Parameters to initiate Baum-Welch algorithm 

From the GMM model and by applying, some parameters are computed to be used in the HMM 
training step.  

• A membership matrix that stores the information of the predicted probability of being in 
each cluster for every patient. So, the matrix has dimensions of n_individuals x 
n_components (916619x8). 

• A mean vector of each cluster having dimensions n_components x n_features (8x15) where 
it Is saved the centroid of each cluster for each dimension.  

• A covariance matrix with dimension n_components x n_features x n_features (8x15x15), 
being computed the covariance matrix for each cluster. 

Finally, computing the membership of each cluster for the five years of the study, it can be 
predicted a transition matrix seeing the individual’s trajectory with a cross-sectional study for each 
year. 

To see its behaviour, data corresponding to each patient is split for each year, and each subset is 
used to predict the membership probabilities of a patient for every cluster. Doing this way for the 
five years, it can be seen which is the highest probability of being in one cluster for all the time 
sequence and it can be computed if a patient keeps or leaves a particular state. 

The computed transition matrix (table 7.2) validates the Gaussian model, as for every year the 
main percentage it is found in keeping in the same state, and the probabilities of moving to another 
state are quite low in comparison. The matrix shown in table 7.2 is used as the initial transition 
probability matrix of the Markov model when the BW algorithm is applied. 

The split transition matrices of consecutive years can be found in the Appendix B.4. 
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 C1 C2 C3 C4 C5 C6 C7 C8 

C1 74,77 % 7,54 % 3,83 % 3,66 % 5,45 % 0,25 % 1,15 % 3,35 % 

C2 1,21 % 87,68 % 0,44 % 0,76 % 4,91 % 1,29 % 3,52 % 0,19 % 

C3 2,54 % 4,85 % 79,10 % 4,36 % 0,28 % 4,31 % 0,97 % 3,58 % 

C4 2,66 % 2,86 % 4,00 % 80,29 % 1,16 % 1,22 % 1,62 % 6,16 % 

C5 9,86 % 6,54 % 0,94 % 3,02 % 70,94 % 3,21 % 2,45 % 3,06 % 

C6 0,50 % 3,21 % 11,62 % 3,71 % 3,18 % 71,28 % 3,18 % 3,30 % 

C7 7,39 % 4,08 % 8,07 % 4,89 % 2,68 % 2,97 % 69,49 % 0,44 % 

C8 2,34 % 8,28 % 3,38 % 4,82 % 1,63 % 1,31 % 0,03 % 78,20 % 

Table 7.2. Transition matrix from predicted states 

 

7.3. Longitudinal analysis 

As it is explained in chapter 6.2, HMM parameters are initially set from the EM algorithm. 

In this case, there are going to be used the mean vector, the covariance matrix, and the predicted 
transition matrix. 

One way to initialize the initial probabilities is computing the proportion of individuals in each 
cluster of EM algorithm. Doing this way for our dataset, the algorithm tends to fix the start 
probabilities to one specific cluster and the other ones get a negligible probability. This issue 
implies to predict erroneous transition’s probabilities for the mentioned cluster. To solve this 
problem, initial probabilities for the Baum-Welch algorithm are initialized with a random 
probability for each cluster and getting the ones that obtain the best log-likelihood score for 10 
realizations. 

At this point two artificial clusters are added to the set of K=8 clusters, they are the drop-out group 
and the mortality group. These new clusters are modelled as absorbing states, which means that 
once entered, cannot be left. Start probabilities are set to 0 in both cases as there are no dead 
people in the population, and the transition probability of remaining in the same state is set to 1 
as it defines the absorbing state. Also, mean vector and covariance matrices are not computed for 
these absorbing clusters as there are not available observation vectors for dead or for dropped out 
people at baseline.  

Having defined all the initial parameters for Baum-Welch, the algorithm is computed, and the 
parameters are estimated. In Table 7.3 it is seen the estimated transition matrix and in Table 7.4 
the start probabilities including the absorbing states. To decode the longitudinal trajectories, 
Viterbi algorithm (Chapter 6.3) is used. It finds the optimal trajectory maximizing the probability of 
the observed sequence conditioned to the set of final parameters. 
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C1 C2 C3 C4 C5 C6 C7 C8 Drop-Out Death 

C1 77,30% 4,47% 1,27% 2,86% 1,36% 0,58% 4,75% 0,44% 0,89% 6,08% 

C2 12,29% 71,81% 0,31% 0,92% 2,64% 3,84% 3,19% 0,04% 1,11% 3,86% 

C3 1,91% 0,08% 81,98% 3,81% 0,12% 3,91% 1,82% 1,18% 0,74% 4,45% 

C4 4,23% 0,31% 2,55% 82,39% 1,62% 0,67% 1,77% 1,45% 0,53% 4,46% 

C5 9,72% 2,69% 0,60% 7,31% 66,61% 2,46% 1,21% 1,21% 0,90% 7,32% 

C6 0,91% 2,32% 4,27% 1,17% 0,59% 76,44% 10,28% 0,52% 0,65% 2,85% 

C7 3,06% 0,67% 2,34% 3,23% 0,16% 4,40% 82,66% 0,17% 0,51% 2,81% 

C8 1,13% 0,03% 2,19% 3,05% 1,21% 1,06% 0,26% 77,48% 0,88% 1,27% 

Drop-Out 0% 0% 0% 0% 0% 0% 0% 0% 100% 0% 

Death 0% 0% 0% 0% 0% 0% 0% 0% 0% 100% 

Table 7.3. Transition matrix from computed states in the BW algorithm 

. 

 

 C1 C2 C3 C4 C5 C6 C7 C8 Drop-Out Death 

Probs 21,43 % 13,93 % 8,83 % 10,02 % 3,10 % 13,64 % 27,20 % 1,85 % 0 % 0 % 

Table 7.4. Initial probabilities from computed states in the BW algorithm 

 

 C1 C2 C3 C4 C5 C6 C7 C8 Drop-Out Death 

C1 77,13% 4,01% 1,42% 3,42% 1,90% 0,56% 4,05% 0,75% 0,89% 5,87% 

C2 12,67% 71,67% 0,33% 0,84% 2,84% 3,86% 2,78% 0,09% 1,16% 3,76% 

C3 1,82% 0,06% 83,40% 3,43% 0,15% 3,62% 1,19% 1,39% 0,73% 4,20% 

C4 3,97% 0,13% 2,20% 84,05% 1,91% 0,51% 1,00% 1,74% 0,50% 3,99% 

C5 8,88% 1,29% 0,64% 7,33% 69,54% 2,44% 0,64% 1,93% 0,84% 6,47% 

C6 0,89% 2,06% 4,74% 1,20% 0,90% 76,42% 9,58% 0,77% 0,65% 2,79% 

C7 3,03% 0,52% 2,39% 3,00% 0,17% 4,63% 82,78% 0,27% 0,52% 2,68% 

C8 0,72% 0,02% 1,48% 2,62% 1,49% 0,76% 0,17% 80,33% 0,88% 11,55% 

Drop-Out 0% 0% 0% 0% 0% 0% 0% 0% 100,00% 0,00% 

Death 0% 0% 0% 0% 0% 0% 0% 0% 0,00% 100,00% 

Table 7.5. Transition matrix from computed states in Viterbi algorithm 
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After the Viterbi application, transition matrix in Table 7.5 is shown. This matrix is computed by 
seeing each individual best trajectory. It can be validated with comparing with predicted matrices 
by cross-sectional study after clustering analysis (Table 7.2) and with Baum-Welch predicted matrix 
(Table 7.3). The three of them share a similar behaviour, as Table 7.5 has been computed after the 
previous estimations and does not introduce any different temporal modification, so it is fitted to 
the most probable trajectories. 

Analysing the obtained matrix, all the eight computed clusters have their maximum probability in 
staying in the same cluster the next year. They vary between 69% and 85%, having similar 
behaviour.  The cluster with a higher probability to not change is C4 (84,05%) that is characterized 
with Obesity as the disease with higher exclusivity (Appendix B.3), C4 has almost 2/3 parts of the 
obese people in the dataset. Therefore, patients with Obesity problem would remain in the same 
group. On the other hand, the cluster with a lower probability of staying at the same place is C5 
with 69,54%. It is logical because looking for the most probable cluster to go from C5, C1 (8,88%) 
and C4 (7,33%) are found. Observing the prevalence table (Appendix B.1), it is shown that they 
share some of the most prevalent diseases as Osteoarthritis or prostate diseases. Searching for 
other relevant transition probabilities between clusters, only two of them are around 10%. They 
are the probability to go from C2 to C1 (12,67%) and the probability to go from C6 to C7 (9,57%). 
In the first case, it is explained by prostate diseases, C2 is a cluster with low prevalence diseases 
(explained in 9.2.2), and the only one that has a notorious percentage is prostate diseases (8,09%) 
and in C1 matches the cluster with the highest prevalence of this condition, so individuals from C2 
are moving to C1 in a coherent way. In the second case, C6 and C7 share similar diseases as the 
more predominant like Dyslipidaemia, Osteoarthritis, prostate diseases, or Diabetes. It is also 
natural to move from one to the other cluster. 

In the death state, one cluster stands out among the others. It is the case of C8 that has a 11,55% 
of mortality, a percentage nearly the double of the second one (C5 with 6,47%). Analysing 
prevalence in C8, it is easy to argue why it exists this difference. C8 is the cluster with more diseases 
above 20% of prevalence, 17 in total, and it is the only cluster with all the diseases above 2%. C8 
has large numbers for observed/expected ratio and exclusivity for cardiovascular problems as atrial 
fibrillation and heart diseases too. So, in this cluster coexists all the studied diseases with lot of 
them with an important proportion, this makes more probable to die having all these factors. 

 C1 C2 C3 C4 C5 C6 C7 C8 
Drop-
Out 

Dead 

Females (%) 50,56 % 48,19 % 80,88 % 68,55 % 57,40 % 62,27 % 48,05 % 60,31 % 60,34 % 52,35 % 

Males (%) 49,44 % 51,81 % 19,12 % 31,45 % 42,60 % 37,73 % 51,95 % 39,69 % 39,66 % 47,65 % 

Age(mean) 75,76 72,47 74,63 74,16 74,19 72,51 73,27 76,72 78,24 81,45 

Total 146095 57819 92421 121203 34164 92131 167057 32937 24756 148036 

Total (%) 15,94 % 6,31 % 10,08 % 13,22 % 3,73 % 10,05 % 18,23 % 3,59 % 9819 70533 

Table 7.6. Summary of clusters’ features with absorbing states for the last year of study after Viterbi 

 

To validate the explanations analysing the transitions between states, it is calculated again the 
features in terms of sex, age, and population of each cluster (Table 7.6), in this case adding the 
observing states as it is computed in the final year of the study. Comparing with Table 7.1, that are 
analysed at the clustering stage, the commented transitions in some clusters are observed. Most 
of them follow with a similar percentage of the population, knowing that some of them have 
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migrated to the two new states and similar distribution in terms of sex and age. Only two of the 
clusters have decreased considerably. There are C5 and C8. As it was commented, C5 was the 
cluster with the lowest probability to remain on it and a considerable probability to move to C1 or 
C4. In the case of C8, it is the pattern with the highest probability to move to death state, so also 
is reasonable to decrease its proportion in the last year. Looking in the statistics of death state, it 
is the one with the highest mean of ages, this observation reinforces that the algorithms work in a 
logical way, as a patient with higher age has more risk to die, adding to the risk of the disease. 

Figure 7.7 and Figure 7.8 are graphical representations of the different behaviours between states 
explained previously. In Figure 7.7 the clusters are sorted looking for its initial state, and it shows 
the different states where the patients from each cluster go. In Figure 7.8 the different transitions 
between the initial and final states are computed. The principal stability of being in the same 
cluster for the complete study can be seen in both figures. 

 

 

Figure 7.7. Sequence path for all individuals over the five years sorted by initial clusters. 
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Figure 7.8. Transition diagram from baseline to final clusters. 
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8. Conclusions 

As it was explained in the introduction, following the methodology of [5] and [6] this study was 

divided into three main stages, those being the dimensionality reduction, clustering, and the 

longitudinal analysis. 

Starting with the compression method, the results showed that both autoencoders and PCAmix 

behaviour can be very restrictive, limiting the posterior clustering step to obtain patterns attending 

mainly to a few variables. This behaviour appeared when diseases with low prevalence (<2%) were 

included, and for that reason the low prevalence diseases were removed from the study, since 

they were modifying the way in which other diseases prevailed in each cluster. In a similar way, 

the sex variable limited the clusters to only males or females, not taking into account the 

contribution from other diseases and it also was removed. 

Having removed low prevalence features and sex, when comparing PCAmix and autoencoder, the 

main difference that was discovered is an improvement with autoencoders in the calculation of 

covariance matrices. In the study using PCAmix, the main handicap was treating the complete 

covariance matrices in BW algorithm as it produces singular matrices, so before using the algorithm 

the covariance matrices were converted to diagonal matrices. This is not an issue using an 

autoencoder, as the encoded data is defined in the 0-1 range, and the complete covariance 

matrices were used in BW to obtain better results in terms of increasing the log-likelihood score. 

Regarding the clustering stage, using the EM algorithm for clustering does not differ too much from 

FCM as both are soft clustering-based methods and treat individuals in a similar way. The main 

difference is encountered as diseases’ prevalence are analysed. The introduction of EM after 

autoencoder compression, instead of the previous PCAmix and FCM, translates into fewer complex 

patterns and less important diseases, as a lot of them are represented in all the clusters but with 

a small percentage. That leads us to have less overrepresented diseases in each cluster and makes 

it difficult to name each one by a specific clinical group. Another conclusion extracted from these 

patterns is the high exclusivity found in obesity and cardiovascular problems, that are the only 

groups that can be treated differently versus the other ones. These kinds of diseases can be better 

analysed by using the EM algorithm for clustering method. 

The last stage is the longitudinal study, which was performed by applying the same algorithms as 

[6] but changing initializations deriving from the previous methods applied, achieving a transition 

matrix that follows a similar model as the one obtained with PCAmix and FCM and having the 

higher values in the diagonal (>= 70%). The transition probabilities vary in consequence of the 

nature of the clusters, as they are different depending on the clustering technique. Focusing on 

the time sequences, it is interesting to observe that most of the patients remain in the same 

pattern across years, and it is easy to see when they move because they go to other similar 

patterns. In this case, the main difference between both studies is found in the death state, as 

transitions to death state are generally lower because of the composition of the clusters. As 

explained above, applying these techniques the diseases are evenly distributed, and the number 

of individuals per cluster does not greatly differ from smaller and bigger clusters. This presents an 

advantage versus the results obtained using other techniques in which got high transition 

probabilities to death in smaller clusters. 
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After having analysed the obtained patterns and how those change during the five years of the 

study, medical staff must validate if the current analytic results would help to treat multimorbidity 

and if it could prevent possible complications of this sort with patients.  

The project’s plan was conditioned by not having an updated version of the database that was 

supposed to be used after the model was defined. This issue was caused by the current worldwide 

medical situation which led to a delay in posting the up-to-date data in this dataset. This task 

remains pending as part of a future continuation of the project and it will be useful to validate the 

current model against the extended data. 

Another future proposal to continue working on this project is the introduction of recurrent neural 

networks (RNN) as an alternative to Baum Welch algorithm to model the longitudinal behaviour. 

These kinds of neural networks present an advantage in learning from past events, so it can be 

treated as an approach for time sequences. It can be compared to the HMM and analyse its 

behaviour. Also, RNN can be used for mortality prediction and/or hospitalization prediction 

knowing the pathologies and the pharmacy drugs, but in this case, the database needs to be 

updated. 

This project gave me the opportunity to work in collaboration with a research institute in the 
healthcare field and see how the whole process from inside. It has been truly pleasant to contribute 
and to learn how complex and debated are the decisions involved in the healthcare field. 
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Appendices 

Appendix A 

- A.1 Diseases 

 Chronic condition Freq. % 

1 Hypertension 650899 71,01 % 

2 Dyslipidaemia 466585 50,90 % 

3 Osteoarthritis and other degenerative joint diseases 300803 32,82 % 

4 Obesity 262888 28,68 % 

5 Diabetes 230460 25,14 % 

6 Anaemia 167577 18,28 % 

7 Cataract and other lens diseases 156622 17,09 % 

8 Chronic kidney diseases 153756 16,77 % 

9 Prostate diseases 153635 16,76 % 

10 Osteoporosis 151847 16,57 % 

11 Depression and mood diseases 148751 16,23 % 

12 Solid neoplasms 137045 14,95 % 

13 Colitis and related diseases 131512 14,35 % 

14 Venous and lymphatic diseases 126997 13,85 % 

15 Other musculoskeletal and joint diseases 124765 13,61 % 

16 Dorsopathies 124603 13,59 % 

17 Neurotic, stress-related and somatoform diseases 123395 13,46 % 

18 COPD, emphysema, and chronic bronchitis 109603 11,96 % 

19 Ischemic heart diseases 95434 10,41 % 

20 Deafness, hearing impairment 90261 9,85 % 

21 Sleep disorders 88739 9,68 % 

22 Thyroid diseases 88445 9,65 % 
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23 Other genitourinary diseases 85468 9,32 % 

24 Cerebrovascular diseases 80264 8,76 % 

25 Atrial fibrillation 80247 8,75 % 

26 Oesophagus, stomach, and duodenum diseases 80043 8,73 % 

27 Heart failure 74077 8,08 % 

28 Other eye diseases 68939 7,52 % 

29 Glaucoma 66162 7,22 % 

30 Inflammatory arthropathies 62450 6,81 % 

31 Dementia 59213 6,46 % 

32 Cardiac valve diseases 52100 5,68 % 

33 Peripheral neuropathy 49127 5,36 % 

34 Other psychiatric and behavioural diseases 46841 5,11 % 

35 Asthma 43663 4,76 % 

36 Allergy 40394 4,41 % 

37 Autoimmune diseases 39350 4,29 % 

38 Ear, nose, and throat diseases 38752 4,23 % 

39 Peripheral vascular diseases 30674 3,35 % 

40 Other neurological diseases 285414 3,11 % 

41 Chronic pancreas, biliary tract, and gallbladder diseases 27321 2,98 % 

42 Migraine and facial pain syndromes 25999 2,84 % 

43 Bradycardias and conduction diseases 25476 2,78 % 

44 Chronic liver diseases 22633 2,47 % 

45 Other digestive diseases 22022 2,40 % 

46 Parkinson and parkinsonism 20833 2,27 % 

47 Other metabolic diseases 18997 2,07 % 

48 Other cardiovascular diseases 16833 1,80% 
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49 Other skin diseases 15363 1,70% 

50 Chronic ulcer of the skin 13869 1,50% 

51 Blood and blood forming organ diseases 13575 1,50% 

52 Other respiratory diseases 9974 1,10% 

53 Epilepsy 8981 1,00% 

54 Haematological neoplasms 8174 0,90% 

55 Chronic infectious diseases 6647 0,70% 

56 Inflammatory bowel diseases 5549 0,60% 

57 Schizophrenia and delusional diseases 4792 0,50% 

58 Blindness, visual impairment 4772 0,50% 

59 Multiple sclerosis 576 0,10% 

60 Chromosomal abnormalities 77 0,00% 

Abbreviations: COPD: Chronic obstructive Pulmonary Disease. 

 

Table 8.1. Complete list of diseases with their absolute frequency and prevalence 
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Appendix B 

 

- B.1 Prevalence table 

 c1 c2 c3 c4 c5 c6 c7 c8 mean 

Allergy 4,48 % 0 % 5,41 % 4,52 % 4,42 % 5,16 % 2,33 % 5,12 % 4,41 % 

Anemia 23,95 % 0 % 20,62 % 18,33 % 14,72 % 9,89 % 10,53 % 31,25 % 18,28 % 

Asthma 5,17 % 0 % 5,37 % 5,66 % 4,08 % 3,94 % 0,08 % 9,08 % 4,76 % 

Atrial_fibrillation 11,36 % 0 % 8,07 % 0,33 % 6,34 % 2,20 % 0 % 39,79 % 8,75 % 

Autoimmune_dis 4,53 % 1,12 % 4,92 % 4,47 % 3,82 % 4,08 % 3,04 % 5,55 % 4,29 % 

Bradycardias_conduction_dis 3,61 % 0,36 % 2,99 % 2,48 % 1,79 % 1,20 % 1,79 % 6,03 % 2,78 % 

Cardiac_valve_dis 7,60 % 0 % 7,90 % 4,51 % 3,62 % 2,84 % 0 % 13,54 % 5,68 % 

Cataract_lens_dis 19,17 % 0 % 19,93 % 18,44 % 14,16 % 14,10 % 12,74 % 22,75 % 17,09 % 

Cerebrovascular_dis 13,30 % 0 % 13,01 % 6,25 % 5,91 % 4,19 % 0 % 18,37 % 8,76 % 

Chronic_kidney_dis 19,00 % 0 % 21,27 % 20,23 % 7,12 % 7,75 % 14,21 % 27,60 % 16,77 % 

Chronic_liver_dis 4,11 % 0,87 % 1,78 % 2,24 % 3,14 % 1,44 % 1,83 % 2,96 % 2,47 % 

Chronic_pancr_bil_gall_dis 3,54 % 0,62 % 3,08 % 3,27 % 2,71 % 2,15 % 1,90 % 4,36 % 2,98 % 

Colitis_related_dis 19,78 % 0 % 19,89 % 13,80 % 12,83 % 11,38 % 0 % 21,42 % 14,35 % 

COPD_emphy_chron_bronchitis 13,43 % 0 % 11,17 % 11,47 % 12,31 % 8,84 % 7,35 % 22,23 % 11,96 % 

Deafness_hearing_loss 13,41 % 0 % 13,52 % 10,25 % 9,42 % 9,66 % 0 % 11,45 % 9,85 % 

Dementia 10,62 % 0 % 8,80 % 4,03 % 8,36 % 5,53 % 0 % 7,89 % 6,46 % 

Depression_mood_dis 15,88 % 0 % 19,86 % 14,02 % 14,11 % 15,20 % 1,19 % 36,88 % 16,23 % 

Diabetes 23,57 % 0 % 27,58 % 39,04 % 12,37 % 14,27 % 23,90 % 33,37 % 25,14 % 

Dorsopathies 15,52 % 0 % 18,46 % 15,68 % 11,64 % 13,80 % 0 % 18,72 % 13,59 % 

Dyslipidemia 0 % 0 % 100 % 59,59 % 0 % 100 % 49,12 % 58,89 % 50,90 % 

Ear_nose_throat_dis 4,11 % 0 % 5,00 % 4,51 % 4,14 % 4,93 % 2,62 % 4,92 % 4,23 % 

Esophagus_stomach_duodenum
_dis 11,22 % 0 % 11,83 % 8,68 % 8,76 % 9,28 % 0 % 10,88 % 8,73 % 

Glaucoma 8,21 % 0 % 8,44 % 7,43 % 6,22 % 5,82 % 6,00 % 9,29 % 7,22 % 

Heart_failure 7,24 % 0 % 5,36 % 2,17 % 4,19 % 0,89 % 0 % 44,15 % 8,08 % 

Hypertension 100 % 0 % 99,83 % 99,47 % 0 % 0,05 % 100 % 79,49 % 71,01 % 

Inflammatory_arthropathies 9,37 % 0 % 9,43 % 8,57 % 5,30 % 4,97 % 0 % 8,17 % 6,81 % 

Ischemic_heart_dis 10,67 % 0 % 14,14 % 7,73 % 6,67 % 6,01 % 0 % 29,79 % 10,41 % 

Migraine_facial_pain_syndromes 2,53 % 0,80 % 3,32 % 2,87 % 2,59 % 3,62 % 1,66 % 3,70 % 2,84 % 
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Neurotic_stress_somatoform_dis 13,42 % 0 % 17,06 % 10,84 % 11,72 % 12,76 % 1,20 % 30,31 % 13,46 % 

Obesity 0 % 0 % 0 % 100 % 9,63 % 9,11 % 0 % 67,73 % 28,68 % 

Osteoarthritis_degen_joint_dis 32,57 % 0 % 35,61 % 42,88 % 26,89 % 28,69 % 19,34 % 44,82 % 32,82 % 

Osteoporosis 16,98 % 0 % 19,91 % 13,79 % 17,23 % 19,80 % 9,60 % 23,11 % 16,57 % 

Other_digestive_dis 3,09 % 0,81 % 2,58 % 2,18 % 2,77 % 1,90 % 1,22 % 3,17 % 2,40 % 

Other_eye_dis 7,93 % 0,91 % 9,12 % 8,67 % 5,21 % 6,16 % 4,78 % 10,97 % 7,52 % 

Other_genitourinary_dis 10,73 % 0 % 12,60 % 9,89 % 8,16 % 9,06 % 0 % 14,41 % 9,32 % 

Other_metabolic_dis 2,22 % 0,32 % 2,38 % 2,31 % 1,62 % 1,65 % 1,50 % 2,96 % 2,07 % 

Other_MSK_joint_dis 14,11 % 0 % 17,45 % 15,70 % 12,40 % 14,41 % 1,92 % 19,08 % 13,61 % 

Other_neurological_dis 3,57 % 0,78 % 3,66 % 3,03 % 2,81 % 2,83 % 1,68 % 4,42 % 3,11 % 

Other_psychia_behavioral_dis 5,17 % 0 % 5,68 % 4,85 % 6,41 % 5,88 % 3,97 % 4,96 % 5,11 % 

Parkinson_parkinsonism 3,16 % 0,71 % 2,50 % 1,75 % 2,67 % 1,80 % 1,09 % 3,15 % 2,27 % 

Peripheral_neuropathy 5,37 % 0 % 6,96 % 7,15 % 3,79 % 4,94 % 0 % 8,65 % 5,36 % 

Peripheral_vascular_dis 4,34 % 0,35 % 5,05 % 3,06 % 1,92 % 1,95 % 1,49 % 5,36 % 3,35 % 

Prostate_dis 20,35 % 8,09 % 16,56 % 14,53 % 17,85 % 16,59 % 18,73 % 15,59 % 16,76 % 

Sleep_dis 11,56 % 0 % 13,05 % 9,68 % 7,20 % 7,86 % 0 % 18,31 % 9,68 % 

Solid_neoplasms 17,46 % 0 % 15,70 % 13,85 % 17,10 % 13,63 % 13,35 % 16,86 % 14,95 % 

Thyroid_dis 8,32 % 0 % 10,59 % 10,17 % 7,75 % 10,86 % 5,62 % 16,77 % 9,65 % 

Venous_lymphatic_dis 12,80 % 0 % 13,10 % 17,10 % 11,78 % 11,24 % 7,01 % 26,24 % 13,85 % 

Table 8.2. Prevalence of every disease in each cluster. Yellow box means prevalence >20% 

 

B.2 Observed-Expected table 

 OE.c1 OE.c2 OE.c3 OE.c4 OE.c5 OE.c6 OE.c7 OE.c8 

Allergy 1,02 0,00 1,23 1,02 1,00 1,17 0,53 1,16 

Anemia 1,31 0,00 1,13 1,00 0,81 0,54 0,58 1,71 

Asthma 1,09 0,00 1,13 1,19 0,86 0,83 0,02 1,91 

Atrial_fibrillation 1,30 0,00 0,92 0,04 0,72 0,25 0,00 4,54 

Autoimmune_dis 1,05 0,26 1,15 1,04 0,89 0,95 0,71 1,29 

Bradycardias_conduction_dis 1,30 0,13 1,07 0,89 0,64 0,43 0,64 2,17 

Cardiac_valve_dis 1,34 0,00 1,39 0,79 0,64 0,50 0,00 2,38 

Cataract_lens_dis 1,12 0,00 1,17 1,08 0,83 0,82 0,75 1,33 

Cerebrovascular_dis 1,52 0,00 1,49 0,71 0,68 0,48 0,00 2,10 
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Chronic_kidney_dis 1,13 0,00 1,27 1,21 0,42 0,46 0,85 1,65 

Chronic_liver_dis 1,66 0,35 0,72 0,91 1,27 0,58 0,74 1,20 

Chronic_pancr_bil_gall_dis 1,19 0,21 1,03 1,10 0,91 0,72 0,64 1,46 

Colitis_related_dis 1,38 0,00 1,39 0,96 0,89 0,79 0,00 1,49 

COPD_emphy_chron_bronchitis 1,12 0,00 0,93 0,96 1,03 0,74 0,61 1,86 

Deafness_hearing_loss 1,36 0,00 1,37 1,04 0,96 0,98 0,00 1,16 

Dementia 1,64 0,00 1,36 0,62 1,29 0,86 0,00 1,22 

Depression_mood_dis 0,98 0,00 1,22 0,86 0,87 0,94 0,07 2,27 

Diabetes 0,94 0,00 1,10 1,55 0,49 0,57 0,95 1,33 

Dorsopathies 1,14 0,00 1,36 1,15 0,86 1,02 0,00 1,38 

Dyslipidemia 0,00 0,00 1,96 1,17 0,00 1,96 0,96 1,16 

Ear_nose_throat_dis 0,97 0,00 1,18 1,07 0,98 1,17 0,62 1,16 

Esophagus_stomach_duodenum_dis 1,29 0,00 1,35 0,99 1,00 1,06 0,00 1,25 

Glaucoma 1,14 0,00 1,17 1,03 0,86 0,81 0,83 1,29 

Heart_failure 0,90 0,00 0,66 0,27 0,52 0,11 0,00 5,46 

Hypertension 1,41 0,00 1,41 1,40 0,00 0,00 1,41 1,12 

Inflammatory_arthropathies 1,38 0,00 1,38 1,26 0,78 0,73 0,00 1,20 

Ischemic_heart_dis 1,02 0,00 1,36 0,74 0,64 0,58 0,00 2,86 

Migraine_facial_pain_syndromes 0,89 0,28 1,17 1,01 0,91 1,28 0,59 1,31 

Neurotic_stress_somatoform_dis 1,00 0,00 1,27 0,80 0,87 0,95 0,09 2,25 

Obesity 0,00 0,00 0,00 3,49 0,34 0,32 0,00 2,36 

Osteoarthritis_degen_joint_dis 0,99 0,00 1,09 1,31 0,82 0,87 0,59 1,37 

Osteoporosis 1,02 0,00 1,20 0,83 1,04 1,20 0,58 1,40 

Other_digestive_dis 1,29 0,34 1,07 0,91 1,15 0,79 0,51 1,32 

Other_eye_dis 1,05 0,12 1,21 1,15 0,69 0,82 0,64 1,46 

Other_genitourinary_dis 1,15 0,00 1,35 1,06 0,88 0,97 0,00 1,55 

Other_metabolic_dis 1,07 0,16 1,15 1,11 0,78 0,80 0,72 1,43 

Other_MSK_joint_dis 1,04 0,00 1,28 1,15 0,91 1,06 0,14 1,40 

Other_neurological_dis 1,15 0,25 1,18 0,97 0,90 0,91 0,54 1,42 

Other_psychia_behavioral_dis 1,01 0,00 1,11 0,95 1,25 1,15 0,78 0,97 

Parkinson_parkinsonism 1,39 0,31 1,10 0,77 1,18 0,79 0,48 1,39 

Peripheral_neuropathy 1,00 0,00 1,30 1,33 0,71 0,92 0,00 1,61 

Peripheral_vascular_dis 1,30 0,10 1,51 0,91 0,57 0,58 0,44 1,60 
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Prostate_dis 1,21 0,48 0,99 0,87 1,07 0,99 1,12 0,93 

Sleep_dis 1,19 0,00 1,35 1,00 0,74 0,81 0,00 1,89 

Solid_neoplasms 1,17 0,00 1,05 0,93 1,14 0,91 0,89 1,13 

Thyroid_dis 0,86 0,00 1,10 1,05 0,80 1,13 0,58 1,74 

Venous_lymphatic_dis 0,92 0,00 0,95 1,23 0,85 0,81 0,51 1,89 

Table 8.3. Observed-Expected of every disease in each cluster. Green box means O/E<0.5, red box means 
O/E > 2 

 

B.3 Exclusivity table 

 Exc.c1 Exc.c2 Exc.c3 Exc.c4 Exc.c5 Exc.c6 Exc.c7 Exc.c8 

Allergy 15,34 % 0,00 % 21,65 % 19,30 % 13,07 % 11,91 % 5,59 % 13,14 % 

Anemia 19,78 % 0,00 % 19,89 % 18,88 % 10,50 % 5,51 % 6,09 % 19,35 % 

Asthma 16,39 % 0,00 % 19,90 % 22,37 % 11,16 % 8,41 % 0,18 % 21,59 % 

Atrial_fibrillation 19,59 % 0,00 % 16,26 % 0,72 % 9,44 % 2,56 % 0,00 % 51,44 % 

Autoimmune_dis 15,92 % 0,86 % 20,22 % 19,62 % 11,59 % 9,67 % 7,48 % 14,63 % 

Bradycardias_conduction_dis 19,62 % 0,43 % 18,96 % 16,82 % 8,40 % 4,41 % 6,79 % 24,58 % 

Cardiac_valve_dis 20,18 % 0,00 % 24,53 % 14,94 % 8,30 % 5,09 % 0,00 % 26,96 % 

Cataract_lens_dis 16,94 % 0,00 % 20,58 % 20,32 % 10,81 % 8,40 % 7,88 % 15,07 % 

Cerebrovascular_dis 22,93 % 0,00 % 26,21 % 13,43 % 8,80 % 4,87 % 0,00 % 23,75 % 

Chronic_kidney_dis 17,10 % 0,00 % 22,37 % 22,71 % 5,53 % 4,70 % 8,96 % 18,63 % 

Chronic_liver_dis 25,12 % 1,17 % 12,73 % 17,08 % 16,58 % 5,94 % 7,83 % 13,57 % 

Chronic_pancr_bil_gall_dis 17,92 % 0,70 % 18,22 % 20,68 % 11,86 % 7,34 % 6,74 % 16,55 % 

Colitis_related_dis 20,81 % 0,00 % 24,45 % 18,11 % 11,65 % 8,08 % 0,00 % 16,90 % 

COPD_emphy_chron_bronchitis 16,96 % 0,00 % 16,48 % 18,07 % 13,42 % 7,53 % 6,50 % 21,04 % 

Deafness_hearing_loss 20,56 % 0,00 % 24,22 % 19,61 % 12,46 % 9,99 % 0,00 % 13,17 % 

Dementia 24,81 % 0,00 % 24,04 % 11,76 % 16,86 % 8,71 % 0,00 % 13,82 % 

Depression_mood_dis 14,77 % 0,00 % 21,59 % 16,27 % 11,33 % 9,54 % 0,77 % 25,73 % 

Diabetes 14,15 % 0,00 % 19,35 % 29,24 % 6,41 % 5,78 % 10,05 % 15,02 % 

Dorsopathies 17,23 % 0,00 % 23,96 % 21,72 % 11,16 % 10,34 % 0,00 % 15,59 % 

Dyslipidemia 0,00 % 0,00 % 34,66 % 22,04 % 0,00 % 20,01 % 10,20 % 13,09 % 

Ear_nose_throat_dis 14,69 % 0,00 % 20,85 % 20,09 % 12,76 % 11,88 % 6,56 % 13,18 % 

Esophagus_stomach_duodenum_dis 19,40 % 0,00 % 23,89 % 18,71 % 13,08 % 10,82 % 0,00 % 14,10 % 

Glaucoma 17,17 % 0,00 % 20,64 % 19,38 % 11,24 % 8,21 % 8,79 % 14,57 % 
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Heart_failure 13,53 % 0,00 % 11,70 % 5,05 % 6,76 % 1,12 % 0,00 % 61,83 % 

Hypertension 21,26 % 0,00 % 24,80 % 26,38 % 0,00 % 0,01 % 14,89 % 12,67 % 

Inflammatory_arthropathies 20,76 % 0,00 % 24,42 % 23,68 % 10,14 % 7,43 % 0,00 % 13,57 % 

Ischemic_heart_dis 15,47 % 0,00 % 23,95 % 13,97 % 8,35 % 5,88 % 0,00 % 32,39 % 

Migraine_facial_pain_syndromes 13,46 % 0,94 % 20,63 % 19,07 % 11,90 % 13,01 % 6,20 % 14,78 % 

Neurotic_stress_somatoform_dis 15,05 % 0,00 % 22,36 % 15,16 % 11,35 % 9,65 % 0,94 % 25,49 % 

Obesity 0,00 % 0,00 % 0,00 % 65,66 % 4,37 % 3,24 % 0,00 % 26,73 % 

Osteoarthritis_degen_joint_dis 14,98 % 0,00 % 19,14 % 24,60 % 10,68 % 8,90 % 6,23 % 15,46 % 

Osteoporosis 15,47 % 0,00 % 21,20 % 15,68 % 13,56 % 12,17 % 6,12 % 15,79 % 

Other_digestive_dis 19,43 % 1,12 % 18,94 % 17,11 % 15,03 % 8,04 % 5,38 % 14,96 % 

Other_eye_dis 15,91 % 0,40 % 21,38 % 21,70 % 9,03 % 8,34 % 6,72 % 16,51 % 

Other_genitourinary_dis 17,37 % 0,00 % 23,84 % 19,98 % 11,41 % 9,90 % 0,00 % 17,50 % 

Other_metabolic_dis 16,19 % 0,52 % 20,27 % 20,97 % 10,16 % 8,10 % 7,64 % 16,14 % 

Other_MSK_joint_dis 15,65 % 0,00 % 22,62 % 21,71 % 11,87 % 10,78 % 1,49 % 15,87 % 

Other_neurological_dis 17,30 % 0,83 % 20,75 % 18,30 % 11,77 % 9,25 % 5,72 % 16,08 % 

Other_psychia_behavioral_dis 15,26 % 0,00 % 19,61 % 17,87 % 16,34 % 11,72 % 8,20 % 11,00 % 

Parkinson_parkinsonism 20,98 % 1,04 % 19,39 % 14,46 % 15,32 % 8,05 % 5,06 % 15,70 % 

Peripheral_neuropathy 15,12 % 0,00 % 22,89 % 25,11 % 9,21 % 9,38 % 0,00 % 18,28 % 

Peripheral_vascular_dis 19,58 % 0,35 % 26,64 % 17,22 % 7,48 % 5,93 % 4,69 % 18,11 % 

Prostate_dis 18,33 % 1,60 % 17,43 % 16,33 % 13,89 % 10,08 % 11,81 % 10,53 % 

Sleep_dis 18,03 % 0,00 % 23,78 % 18,83 % 9,69 % 8,27 % 0,00 % 21,41 % 

Solid_neoplasms 17,63 % 0,00 % 18,53 % 17,44 % 14,91 % 9,29 % 9,44 % 12,77 % 

Thyroid_dis 13,02 % 0,00 % 19,37 % 19,84 % 10,47 % 11,47 % 6,15 % 19,68 % 

Venous_lymphatic_dis 13,95 % 0,00 % 16,68 % 23,24 % 11,08 % 8,26 % 5,35 % 21,44 % 

Table 8.4. Exclusivity of every disease in each cluster. Blue box means exclusivity > 50% 
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B.4 Predicted transition matrices 

 C1 C2 C3 C4 C5 C6 C7 C8 

C1 72,19 % 7,09 % 4,66 % 4,68 % 5,57 % 0,29 % 1,63 % 3,89 % 

C2 3,01 % 69,43 % 1,17 % 1,96 % 11,93 % 3,46 % 8,55 % 0,50 % 

C3 2,60 % 4,45 % 77,01 % 5,64 % 0,32 % 4,57 % 1,30 % 4,11 % 

C4 3,05 % 2,54 % 4,41 % 79,15 % 1,27 % 1,37 % 2,16 % 6,04 % 

C5 9,12 % 6,26 % 1,13 % 3,19 % 70,40 % 4,01 % 2,76 % 3,12 % 

C6 0,50 % 2,93 % 10,85 % 3,96 % 3,33 % 71,37 % 3,62 % 3,42 % 

C7 7,25 % 3,75 % 7,81 % 6,16 % 2,67 % 3,00 % 68,89 % 0,47 % 

C8 2,58 % 7,68 % 3,74 % 4,89 % 1,85 % 1,47 % 0,04 % 77,75 % 

Table 8.5. Transition matrix from predicted states from 2012 to 2013 

 C1 C2 C3 C4 C5 C6 C7 C8 

C1 75,36 % 6,95 % 3,72 % 3,90 % 5,31 % 0,22 % 1,08 % 3,46 % 

C2 1,10 % 88,82 % 0,38 % 0,72 % 4,50 % 1,06 % 3,25 % 0,17 % 

C3 2,68 % 4,46 % 79,21 % 4,58 % 0,26 % 4,19 % 0,97 % 3,64 % 

C4 3,03 % 2,61 % 4,47 % 79,54 % 1,18 % 1,22 % 1,89 % 6,05 % 

C5 9,93 % 6,19 % 0,98 % 3,19 % 70,89 % 3,16 % 2,54 % 3,12 % 

C6 0,52 % 2,95 % 11,54 % 3,82 % 3,15 % 71,28 % 3,31 % 3,42 % 

C7 7,63 % 3,87 % 8,48 % 5,15 % 2,55 % 2,85 % 68,99 % 0,48 % 

C8 2,61 % 7,78 % 3,54 % 5,00 % 1,71 % 1,43 % 0,03 % 77,91 % 

Table 8.6. Transition matrix from predicted states from 2013 to 2014 

 C1 C2 C3 C4 C5 C6 C7 C8 

C1 75,15 % 8,06 % 3,72 % 3,22 % 5,39 % 0,27 % 0,99 % 3,19 % 

C2 0,47 % 95,07 % 0,14 % 0,24 % 2,11 % 0,42 % 1,49 % 0,06 % 

C3 2,30 % 5,20 % 79,94 % 3,87 % 0,25 % 4,14 % 0,85 % 3,44 % 

C4 2,55 % 3,07 % 3,94 % 80,50 % 1,13 % 1,15 % 1,44 % 6,20 % 

C5 10,05 % 6,93 % 0,88 % 2,98 % 70,86 % 2,99 % 2,30 % 3,01 % 

C6 0,43 % 3,48 % 11,90 % 3,71 % 2,95 % 71,24 % 3,05 % 3,21 % 

C7 7,47 % 4,30 % 8,14 % 4,48 % 2,68 % 2,89 % 69,62 % 0,41 % 

C8 2,19 % 8,88 % 3,32 % 4,77 % 1,54 % 1,29 % 0,04 % 77,98 % 

Table 8.7. Transition matrix from predicted states from 2014 to 2015 
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 C1 C2 C3 C4 C5 C6 C7 C8 

C1 76,36 % 8,06 % 3,22 % 2,85 % 5,51 % 0,23 % 0,92 % 2,85 % 

C2 0,25 % 97,42 % 0,07 % 0,11 % 1,10 % 0,23 % 0,78 % 0,04 % 

C3 2,58 % 5,29 % 80,25 % 3,36 % 0,28 % 4,34 % 0,77 % 3,12 % 

C4 2,03 % 3,22 % 3,17 % 81,98 % 1,08 % 1,15 % 1,00 % 6,37 % 

C5 10,34 % 6,77 % 0,76 % 2,73 % 71,59 % 2,66 % 2,18 % 2,97 % 

C6 0,56 % 3,46 % 12,21 % 3,34 % 3,28 % 71,23 % 2,75 % 3,15 % 

C7 7,21 % 4,41 % 7,84 % 3,79 % 2,80 % 3,11 % 70,45 % 0,40 % 

C8 2,00 % 8,80 % 2,92 % 4,64 % 1,42 % 1,05 % 0,02 % 79,15 % 

Table 8.8. Transition matrix from predicted states from 2015 to 2016 
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Appendix C 

- C.1 Expectation-Maximization algorithm 

 

Figure 8.1. Pseudocode of Expectation-Maximization algorithm 
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- C.2 Baum-Welch algorithm 

 

Figure 8.2. Pseudocode of Baum-Welch algorithm 
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- C.3 Viterbi algorithm 

 

Figure 8.3. Pseudocode of Viterbi algorithm. 
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Appendix D 

- D.1 Gant chart 

Task/Week 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1. State of the art                     

1.1 Autoencoders                     

1.2 EM                     

1.3 Cluster’s selection                     

1.4 Baum-Welch                     

1.5 Viterbi                     

2. Clustering                     

2.1 Encode data                     

2.2 Train GMM’s                     

2.3 Choose optimal                     

2.4 Clinical results                     

2.5 Relative entropy                     

2.6 Cluster’s trajectory                     

3. Longitudinal analysis                     

3.1 Baum-Welch                     

3.2 Viterbi                     

3.3 Clinical results                     

5. Documentation                     

5.1 Project plan                     

5.2 Critical review                     

5.3 Final report                     
Figure 8.4. Gant chart of the project updated in the critical review 
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Glossary 

- AE: Autoencoder 

- BIC: Bayesian Information Criterion 

- BW: Baum-Welch 

- CHI: Catalan Health Institute 

- EGG: Electroencephalogram 

- EHR: Electronic Health Record 

- FCM: Fuzzy C-Means 

- GMM: Gaussian Mixture Model 

- HMM: Hidden Markov Model 

- IDIAPJGOL: Institut Universitari d’Investigació en Atenció Primària Jordi Gol 

- MCA: Multiple Correspondence Analysis 

- MSE: Mean Square Error 

- O/E: Observed/Expected 

- PCA: Principal Component Analysis 

- RNN: Recurrent Neural Network 

- SIDIAP: Sistema d’Informació pel Desenvolupament de la Investigació en Atenció Primària 


