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Abstract

Amyotrophic Lateral Sclerosis (ALS) is a fatal neurodegenerative disease characterized by
progressive muscle weakness caused by the degeneration of motor neurons. The main cause
of death in patients with ALS is related with respiratory insufficiency caused by weakness
of the respiratory muscles. In this context, and although ALS has no cure it is currently
known that the use of non-invasive ventilation techniques (NIV) improves patients’ condition
during treatment. The goal of this thesis is to develop a prognostic method based on dynamic
probabilistic graphical models, to predict hypoventilation in patients with ALS, considering
time windows of 90, 180 and 365 days. Data from 517 ALS patients followed-up at Hospital
de Santa Maria in Lisbon were analyzed. The dataset included 29 features plus the variable
of class which is binary and shows whether the patient needs NIV or does not need NIV.
Three classifiers based on dynamic Bayes Networks were implemented, differing the strategy
used to learn conditional Bayes network. The validation of classifiers was performed using
10-fold-cross-validation. A Software was also developed for test the classifiers. The best of
the three classifiers achieved 93.9%, 92.6% and 94.3% of accuracy, sensibility and specificity,
respectively.

Keywords: Amyotrophic Lateral Sclerosis, Data Mining, Probabilistic Grapical Models,
Prognosis, Classification, Classifier based on Dynamic Bayes Network.

1 Introduction

The Amyotrophic Lateral Sclerosis (ALS) is a fatal neurodegenerative disease characterized by
progressive muscle weakness caused by the degeneration of motor neurons. The leading cause of
death in ALS is related to respiratory insufficiency due to the weakening of the respiratory muscles,
causing death by hypoventilation. In the last decade, the application of techniques from the field
of Artificial Intelligence in real problems has increased significantly, including many problems in
the area of medicine, both in diagnosis and prognosis problems, where data mining techniques are
applied to extract information from clinical data. Some examples of the work that has been done
in this area is the identification of states of dementia in patients with Parkinson and Alzheimer
disease, study of cardiovascular disease and cancer, management of patients in intensive care units,
etc. ALS major studies focus on the identification of factors that influence the reduction of the
survival time of patients, based on population studies. The problem under study is to determine,
based on clinical data, if a patient breathes without difficulty in the instant i, will be in respiratory
failure in an instant i+ k, where k corresponds to a temporal window of 90, 180 and 365 days. In
a context of machine learning, it is a classification problem. In this paper three dynamic classifiers
based on DBN were implemented and applied to the problem addressed. An application Was also
implemented to test the classifiers and visualizing the results.
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2 Background

2.1 Amyotrophic Lateral Sclerosis

The Amyotrophic Lateral Sclerosis (ALS) is a fatal neurodegenerative disease characterized by
progressive muscle weakness caused by degeneration of motor neurons of the primary motor cor-
tex, brainstem and spinal cord [22]. The main cause of death in ALS results from respiratory
insufficiency resulting from the weakening of the respiratory muscles. Patients usually die by hy-
poventilation [18]. ALS is characterized according to the location of the first symptoms and if it
is a sporadic case, or if there is already a family history of the disease. Although ALS is currently
incurable disease, many of the symptoms that arise in the course of the disease are treatable, and
its effects can be alleviated. It is proven that the application of NIV in patients with ALS increases
the survival time and improves quality of life [18].

2.2 Bayes Network

Bayes Nets (BN) [17] are very useful to describe situations in which there is a degree of uncertainty
in the causes of events. To describe these situations where causality plays an important role, it
is essential to use probabilities in the description of the several events. The BN are defined
by two components, a directed acyclic graph and a set of conditional probability tables. The
graph represents the causal relationships between the various variables. Each node of the graph
corresponds to one or a set of random variables. The joint probability of a BN is given by the
product of the probabilities of all the nodes of the graph conditioned by its immediate predecessors.
For a graph with n variables, the joint probability is given by:

PB(T ) =

n∏
i=1

P (Xi|ΠXi
), (1)

where ΠXi
is the (possibly empty) set of parents of Xi in G.

2.3 Learning the structure of Bayes Network

Learning a BN is to find the directed acyclic graph (GAD) that best fits the dataset in order
to represent accurately a joint probability distribution that generated them. As there is a huge
number of possible network structures according to the total number of variables, the problem of
finding the best structure can not be solved in polynomial time. In reality, learning the optimal BN
in its most general formulation is NP-complete [6]. Even trying to find an approximate solution
it is a problem NP-hard [8]. For this reason, the learned structure BN is often limited to a tree,
a unique subclass of BN where learning of the optimal structure is made in polynomial time.
Therefore, alternative methodologies adopted to solve the problem of learning the structure of BN
are based on heuristic search methods, which restrict the search space using a scoring function
φ, which guide the search. This function evaluates a certain network structure by assigning a
value to that it can be compared to other structures later. The heuristic search method selects
the network structure B given the dataset T which maximizes the value φ(B, T ). For an efficient
search is extremely important that the scoring function is decomposable in the network structure,
namely, it can be written as a sum of local scores φi dependent only on each node Xi and its
parent ΠXi

.
Examples of decomposable score functions based on information theory are: Log-likelihood (LL)
and Minimum Description Length (MDL) [15]; examples of Bayesian scoring functions are: K2 [7],
Bayesian Dirichlet (BD) and its variants (BDe and BDeu) [5].
Heuristic algorithms often used in this kind of problem with this type of decomposable score
functions, are the greedy local search. An example is the method Greedy Hill Climber (GHC),
which in each iteration attempts to improve the score given to a certain structure, as follows:

1. Starts with an initial network, which may be empty, random, or built through knowledge of
the problem domain.
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2. In each iteration the algorithm tries to improve the score of the current network by applying
the following local operations:

(a) Adding or removing arcs.

(b) Reversing the direction of the arcs.

3. Updates the score of networks resulting from the application of local operations, and the one
that has best score is established as the current network.

4. The algorithm is repeated until no change of the network achieves better scores.

2.4 Classifier based on Bayes Network

Consider a network of Bayes B that specifies a joint probability distribution PB(A1, . . . , An, C)
given a dataset and where C corresponds to the class variable. Given a set of attributes a1, . . . , an,
A classifier based on Bayes Network B returns the value c which maximizes the probability
PB(c|a1, . . . , an). In the procedure of classification it is assumed that the value of C is unknown
and the value of other relevant variables known. For each possible value of the variable C the
joint probability of all instantiated variables is calculated. The C which gives rise to the higher
probability is chosen as a result of the classification.

2.5 Dynamic Bayes Networks

A Dynamic Bayesian Network (DBN) can be seen as an extension of the BN, since it allows to deal
with the temporal characteristics of a dataset. As the DBN model processes that evolve over time
a probability distribution for all the process variables must be specified, namely for the variables
X(0)∪X(1) . . .∪X(T ), where T is the maximum number of time instants. The specification of this
probability distribution is a complex task, but it can be simplified based on two assumptions:

1. Markov assumption: the variables X(t+1)does not depend directly on the variables X(t′) for
each instant t′ < t. Therefore P (X(t+1)|X(0), . . . , X(t)) = P (X(t+1)|X(t)).

2. stationarity of the process: the conditional probability P (X(t+1)|X(t)) is independent of t.

Given these assumptions, a DBN [11]that defines a joint probability distribution over all vari-
ables of the process is a pair (B0, B→) where:

• B0 is a BN which specifies a distribution on the variables X(0) representing the initial state
of the system.

• B→ is a transition model represented by a Conditional Bayes Network (CBN) on the variables
X(t)∪X(t+1) which specifies the conditional probability PB→(X(t+1)|X(t)) for all t. In BNC
existing connections are from variables in instant t to the variables in instant t+ 1. Arcs in
the opposite direction are not allowed. The variables of the instant t have no parents and
are called input variables.

Given a DBN, the joint distribution over the variables {X(0), . . . , X(T )} is given by:

PB(X(0), . . . , X(T )) = PB0(X(0))

T−1∏
t=0

PB→(X(t+1)|X(t)). (2)
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2.6 Learning the structure of dynamic Bayes Network

The learning method of DBN a data differs depending on the type of DBN, namely, whether it
is stationary or non-stationary. In the case where the DBN are stationary, the learning can be
made using the same techniques used in learning BN as described in Section 2.3, the same search
methods and the same scoring functions with simple changes [11]. The scoring functions are still
decomposable on the network structure so BN B0 can be learned independently of CBN [11]. A
BN B→ is learned exactly the same way as is learned one BN for a set of transitions samples in
the dataset.

2.7 Related Work

Previous works on ALS and Probabilistic Graphical Models are summarized in tables 1 and 2.

Problem References
Study of factors that delay the diagnosis [16] [3] [12]
Evolution of disease and functions of the body [21]
Respiratory function tests to detect respiratory insufficiency [18]
Effect of NIV on the quality of patients life [2]

Table 1: Related Work in ALS.

Problem Refs Methods
Diagnosis of Alzheimer patients [20] BN
Learning dependencies between attributes of fetuses
with different heart rates

[9]
BN from data and
external knowledge

Study of connectivity of brain structures [19] DBN
A comparison of stationary
and non-stationary DBN

[14]
stationary and
non-stationary DBN

Diagnosis of ventilation-associated pneumonia [4] DBN

Table 2: Related Work in Probabilistic Graphical Models.

3 Methods

Before performing classification tasks classification, the data needs to be processed. In Section 3.1it
is explained the processing steps done on the data. In Section 3.2 the classification procedure is
explained; Section 3.3 presents the metrics used to evaluate the resulting classifiers. Finally, the
proposed dynamic classifier is described in Section 3.4

3.1 Preprocessing

The datasets included 29 features plus the variable of class which is binary and shows whether the
patient needs NIV (Evol) or does not need NIV (NoEvol). In the classification it is assumed that
the datasets have the same number of observations per patient, no missing values and all values
are discrete. After some experiences in select the observations, namely, the selection of the first
three of the first five of the third, fourth and fifth observations, the last four and the last three,
it was found that the selection of the first five observations led to the best results. To reduce
the complexity of the problem, all continuous attributes were discretized with the unsupervised
discretization method implemented in Weka [13]. The maximum number of intervals allowed
was three. Before discretization, all missing values were replaced. The imputation strategy is
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implemented in Weka and consists of imputing the average of the values present in the trainning
set, in the case of numeric attributes, and imputing the mode, in the case of nominal attributes.

3.2 Classification

In the classification was used static classifiers, namely, NB, BN with the search methods GHC, K2
and TAN, all implemented in WEKA as well as three dynamic classifiers based on DBN proposed in
this work. To prevent the overfitting of the classifiers to datasets, the cross validation method was
performed. The subsets were created automatically by Weka for static classifiers and manually for
dynamic classifiers. The manual creation of subsets was necessary to ensure that all observations
of a patient were present in the same subset. As there are many more instances belonging to the
class that has no evolution (NoEvol) relatively to the class with evolution (Evol), SMOTE [10]
was applied to the dataset. The percentage of SMOTE was calculated to balance the number of
instances in each class, by the following expression:

PSMOTE =
(max−min) ∗ 100

min
, (3)

where max and min correspond to the number of instances of the majority and minority class,
respectively.

3.3 Evaluation

The performance of the classifiers was evaluated with accuracy, sensibility and specificity measures.
True positives (TP) are correctly classified Evol instances. True negatives (TN) are correctly
classified NoEvol instances. False positives (FP) are NoEvol instances classified as Evol instances
and false negatives (FN) are Evol instances classified as NoEvol. The accuracy of the classifier
is measured by the ratio of the number of instances correctly classified and the total number of
instances and is given by the following expression:

accuracy =
TP + TN

TP + TN + FP + FN
. (4)

The sensibility of the classifier corresponds to the number of instances classified as belonging to
the class C from all instances that truly have this value. It is calculated as:

sensibility =
TP

TP + FN
. (5)

The specificity is the rate of TN, that is, the number of instances classified as not belonging to
class C from all instances that truly do not belong to the class C, calculated by:

specificity =
TN

TN + FP
. (6)

3.4 Dynamic classifier based on a DBN

The main difference between a dynamic classifier based on a DBN (dcDBN) and a static classifier
is that an observation at a given instant depends on the observations of the previous instants. A
dcDBN consists of an initial BN (IBN) and a conditional BN (CBN). The IBN is learned using the
BN learning methods implemented in Weka, namely, TAN, GHC or K2. In learning the IBN all
instances of the first time instant are used. The CBN is learned trough an adapted GHC algorithm,
in order to learn the dynamic process of the data. This method differs from the method described
in Section 2.3 in the following aspects:

• Only the operations of addition and removal of arcs are permitted;

• Only arcs from variables of time instant t to variables of the time instant t+ 1 are allowed.
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The learning of the CBN is achieved through a set of T − 1 transition samples, where T is the
number of time instants. CBN is constant for all time instants and, so, only stationary processes
are considered.

3.4.1 Transition Samples

The transition samples are built joining, for all time instant i ∈ {0, ..., T −2}, the sets of instances
belonging to consecutive time instants i and i+ 1, as shown in Figure 1.

Figure 1: Example of building a sample transition instance, combining the instances of consecutive
time instants.

Each instance of a sample transition is obtained as follows:

• The class attribute of the instance that belongs to time step i and the identifier of the
instance that belongs to the instant i+ 1 are removed.

• The attributes of two instances are joined into a new instance.

• In each attribute is placed a prefix in the name to indicate the time instant to which it
belongs.

3.4.2 Classification with dcDBN

The classification with the dynamic classifier is performed as with the static classifier, being chosen
the value from the class variable that yields the highest probability as a result of the classification.
The method to calculate the probability is explained based on example of Figure 2, where N
instances are given, and the class variable assumes k possible values.

The list of instances received, corresponds to the set of observations of a particular patient, in
which all values are observed except the value of the class for the last time instant. The instances
used to calculate the conditional probability with BN are joined as shown in Figure 1. As all
the values of the class variable are known at all times except the last, the probabilities obtained
from the entry of vector respective to the observed class value are multiplied . The result is
multiplied by the probability of being observed at the last instant, each of the k possible values
of the class variable. The value of k that give rise to the higher probability is chosen as a result
of the classification.

3.4.3 Classifier dcDBNp

The classifier learns, for each sample transition, one BN through dynamic GHC method described
above. The learning of the BN for each transition sample has as a starting point the structure
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Figure 2: Illustration of the method used for the classification of a patient with dynamic classifier,
taking into account all observations.

learned of BN in the previous transition sample. The CBN corresponds to the resulting BN in
the last sample of transition. In this classifier, the CBN has only arcs that connect variables at
instant i to variables at instant i+ 1.

3.4.4 Classifier dcDBNia

The idea behind this classifier is to add the arcs connecting variables at the same instant of time
to CBN. The classifier starts learning the CBN in the same way that the classifier dcDBNp, and
then learns a BN for each time instant, in order to get the arcs connecting variables at the same
time instant, taking into account only the set of instances of that time instant. The structure of
BN learned for a given instant has as its starting point the BN learned in the previous instant,
converging when they have been learned for all time instants. Then all arcs of the BN are added
to the CBN at instant i+ 1. The learning of two types of arcs is made independently.

3.4.5 Classifier dcDBNfa

Unlike previous classifiers this classifier learns a new BN for each sample transition. The arcs
of each BN obtained are recorded in a matrix with dimension N × N , where N is the number
of attributes. All entries in the matrix are initialized to zero. For each arc learned in BN the
respective counter in the matrix is incremented by one. After learned the BN for all time instants,
only those arcs that appeared in at least half of the BN learned are selected to become part of
CBN. Subsequently, are learned and added to the CBN the arcs linking the variables in the same
time instant following the same procedure used in dcDBNia.

4 Results

The classification results for the datasets corresponding to the temporal windows of 90, 180 and
365 days are shown in Figures 3, 4, and 5, respectively. The scoring function used was MDL.
In learning the BN, each node could have at most two parents. In dynamic classifiers, the search
methods used in learning the IBN and CBN were the TAN and dynamic GHC, respectively.
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Figure 3: Classification results for the data corresponding of 90 day time window.

Figure 4: Classification results for the data corresponding of 180 day time window.

5 Discussion

The results are quite encouraging, improving significantly compared to results obtained in previous
work [1] where same problem was addressed with the same data. The dcDBNia classifier is the
one with best performance, taking into account the evaluation criteria (accuracy, sensitivity and
specificity) for data from all time windows. The classifier that can achieve performance close to
the classifier dcDBNia is the dcDBNfa, for all benchmarks and all temporal windows. These two
classifiers outperform the remaining classifiers significantly (more than 10% for all datasets). The
dcDBNp classifier is the one with a lower performance among dynamic classifiers. This classifier,
the three dynamic, is the only one that does not include the arcs connecting variables at the same
time instant in the CBN, revealing the high importance of the presence of such arcs in CBN to
achieve better performances in classification. The dynamic classifier shown to have a greater ability
than static classifiers to identify patients who developed respiratory insufficiency, very important
characteristic for the problem addressed in this work.

6 Conclusions and Future Work

In this work we addressed the problem of predicting respiratory failure in patients with ALS,
taking into account temporal windows of 90, 180 and 365 days. The problem was treated as a
classification problem, in the context of machine learning. To deal with the problem we follow a
dynamic strategy, namely, a strategy in which the whole history of observations of a patient is
taken into account. For testing the performance of a dynamic strategy in the problem addressed,
were implemented three dynamic classifiers based on DBN. The best classifier achieved an accu-
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Figure 5: Classification results for the data corresponding of 365 day time window.

racy, sensibility and specificity of 93.9%, 92.6% and 94.3%, respectively. In this work, the results
obtained by dynamic classifiers outperformed the results obtained by static classifiers, showing
greater effectiveness than static methods for this problem. Among dynamic classifiers, the clas-
sifier dcDBNp obtained the worst scores, with a performance close to that of static classifiers.
The dcDBNp classifier is the one who has no arcs connecting variables at the same time instant
in CBN, revealing the high importance of the presence of such arcs in CBN, to achieve better
performances in classification

As the use of dynamic classifiers based on DBN performed well, In the future could be included
modifications and new variants of these classifiers. The structure of the CBN can vary for different
time instants. The arcs present in the CBN can join variables, not only at the same and consecutive
instants, but also more distant variables in time. New search methods and scoring functions can
be developed to find out new relations between variables and, therefore, improving the results
obtained. One possible approach to searching the structure of networks could be perform a search
on a tree. The discretization of the data was done automatically by the Weka, but can be made
through knowledge of the problem domain. Feature selection techniques and new ways to replace
the missing values in the dataset could be also applied.
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[9] S. Dash, J. G. Quirk, and P. M. Djurić. Learning dependencies among fetal heart rate
features using Bayesian networks. Conference proceedings : Annual International Conference
of the IEEE Engineering in Medicine and Biology Society. IEEE Engineering in Medicine
and Biology Society. Conference, 2012:6204–7, Jan. 2012.

[10] N. V. C. et. al. Synthetic minority over-sampling technique. Journal of Artificial Intelligence
Research, 16:321–357, 2002.

[11] N. Friedman, K. Murphy, and S. Russell. Learning the structure of dynamic probabilistic
networks. Proceedings of the Fourteenth, 0, 1998.

[12] P. Gupta, S. Prabhakar, S. Sharma, and A. Anand. A predictive model for amyotrophic
lateral sclerosis (als) diagnosis. Journal of the Neurological Sciences, 312(12):68 – 72, 2012.

[13] M. Hall, E. Frank, G. Holmes, B. Pfahringer, P. Reutemann, and I. H. Witten. The WEKA
data mining software: An update. SIGKDD Explor. Newsl., 11(1):10–18, Nov. 2009.

[14] M. Kayaalp, G. F. Cooper, and G. Clermont. Predicting ICU mortality: a comparison of
stationary and nonstationary temporal models. In Proceedings / AMIA Annual Symposium.,
number 1, pages 418–22, Jan. 2000.

[15] W. Lam and F. Bacchus. Learning Bayesian Belief Networks: an Approach Based on the
MDL Principle. Computational Intelligence, 10(3):269–293, Aug. 1994.

[16] H. Nzwalo, D. de Abreu, M. Swash, S. Pinto, and M. de Carvalho. Delayed diagnosis in als:
The problem continues. Journal of the Neurological Sciences, 343(12):173 – 175, 2014.

[17] J. Pearl. Probablistic Reasoning in Intelligent Systems: Networks of Plausible Inference.
Morgan Kaufmann Publishers, 1988.

[18] S. Pinto, A. Turkman, A. Pinto, M. Swash, and M. de Carvalho. Predicting respiratory
insufficiency in amyotrophic lateral sclerosis: the role of phrenic nerve studies. Clinical neu-
rophysiology : official journal of the International Federation of Clinical Neurophysiology,
120(5):941–6, May 2009.

[19] J. C. Rajapakse and J. Zhou. Learning effective brain connectivity with dynamic Bayesian
networks. NeuroImage, 37(3):749–60, Sept. 2007.

[20] Y. Sun, S. Lv, and Y. Tang. Construction and Application of Bayesian Network in Early
Diagnosis of Alzheimer Disease’s System. In 2007 IEEE/ICME International Conference on
Complex Medical Engineering, pages 924–929. Ieee, May 2007.

[21] S. Vucic, J. D. Rothstein, and M. C. Kiernan. Advances in treating amyotrophic lateral
sclerosis: insights from pathophysiological studies. Trends in Neurosciences, 37(8):433 – 442,
2014.

[22] L. C. Wijesekera and P. N. Leigh. Amyotrophic lateral sclerosis. Orphanet journal of rare
diseases, 4:3, Jan. 2009.

11


	1 Introduction
	2 Background
	2.1 Amyotrophic Lateral Sclerosis
	2.2 Bayes Network
	2.3 Learning the structure of Bayes Network
	2.4 Classifier based on Bayes Network
	2.5 Dynamic Bayes Networks
	2.6 Learning the structure of dynamic Bayes Network
	2.7 Related Work

	3 Methods
	3.1 Preprocessing
	3.2 Classification
	3.3 Evaluation
	3.4 Dynamic classifier based on a DBN
	3.4.1 Transition Samples
	3.4.2 Classification with dcDBN
	3.4.3 Classifier dcDBNp
	3.4.4 Classifier dcDBNia
	3.4.5 Classifier dcDBNfa


	4 Results
	5 Discussion
	6 Conclusions and Future Work
	Bibliography

