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ABSTRACT
Amyotrophic Lateral Sclerosis (ALS) is a devastating neurodegen-
erative disease causing rapid degeneration of motor neurons and
usually leading to death by respiratory failure 3 to 5 years after
symptom onset. Since no cure is available, the goal of treatment is to
improve symptoms and prolong survival. Non-invasive Ventilation
(NIV) is known to be an effective treatment, leading to extended
life expectancy and improved quality of life. In this scenario, it
is paramount to predict its need in order to allow preventive or
timely administration. In this work, we propose to use itemset
mining together with sequential pattern mining to unravel disease
presentation patterns together with disease progression patterns
by analysing, respectively, static data collected at diagnosis and
longitudinal data from patient follow-up. The goal is to use these
static and temporal patterns as features in prognostic models, en-
abling to take disease progression into account in the predictions
and promoting model interpretability. As case study, we predict the
need for NIV within 90, 180 and 365 days (short, mid and long-term
predictions). The proposed prognostic models showed promising
results. Pattern evaluation through growth rate suggests that bul-
bar function and phrenic nerve response amplitude, additionally
to respiratory function, are significant features towards determin-
ing patient evolution. This confirms clinical knowledge regarding
relevant biomarkers of disease progression towards respiratory
insufficiency.

KEYWORDS
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1 INTRODUCTION
Amyotrophic Lateral Sclerosis (ALS) is a neurodegenerative disease
with no cure and a short life expectancy after symptom onset, with
most patients dying within 3-5 years due to respiratory failure. Most
available treatments focus on symptom management and only a

few were shown to increase life expectancy by a few months. Non-
invasive Ventilation (NIV) is the treatment which has shown most
promising results in increasing both life expectancy and quality of
life, with evidence suggesting an earlier initiation provides greater
benefit. However, not all patients are promptly eligible and there
is some debate on the best timing to initiate NIV. In this context,
it makes sense to investigate whether it is possible to effectively
predict if patients will or not be eligible for NIV in the near future,
based on their evolution. We thus formulated the following problem
(schematized in Figure 1): given static data collected at diagnosis
and temporal data from a patient’s follow-up, can we effectively
use these clinical evaluations to predict if this patient will require
NIV within k days of the last evaluation?

Figure 1: Problem formulation: given the patient’s evalua-
tions over time, can we predict the need for Non-invasive
Ventilation (NIV) within k days of the last evaluation?

Our goal is therefore to learn a prognostic model that predicts
whether a patient will require NIV within k days of the last evalua-
tion using static data collected at diagnosis and longitudinal data
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collected at patient’s follow-up. However, instead of using the origi-
nal data directely as features, the goal is to learn patterns from data
(both disease presentation patterns and disease progression pat-
terns, discovered in static and temporal data, respectively) and use
them as features, enabling to take disease progression into account
in the predictions and promoting model interpretability. Unlike
when training models using the original features, which usually
can only be trained with considerering the same number of time
points for all patients to avoid introducing artificial missing values,
in the proposed approach we can use all available time points for
each patient without adding missing values. We can thus use more
learning instances to train the models, while finding putatively
interesting presentation and progression patterns in the process.
In this context, we propose to use pattern mining and sequential
pattern mining algorithms to extract patterns from the original
static and temporal features, respectively. New datasets are then
built from these patterns, considering them as features, and used
to generate and evaluate predictive models, learnt using state-of-
the-art classification algorithms, such as Random Forest, SVM and
XGBoost [1]. SMOTE [14] is used to deal with class imbalance.

This paper is organized as follows: Section 2 provides an intro-
duction to ALS and to the Pattern Mining algorithms used; Section
3 explains the procedures performed for data transformation, pat-
tern extraction and evaluation, as well as classification; Section 4
provides the results obtained for each predictive model, as well as a
summary of pattern evaluation; finally Section 5 provides conclud-
ing remarks and discusses future work.

2 BACKGROUND
2.1 Amyotrophic Lateral Sclerosis
Amyotrophic Lateral Sclerosis (ALS) is a neurodegenerative dis-
ease characterized by progressive degeneration of lower and up-
per motor neurons, at the spinal and bulbar level [31]. It spreads
from an initial focal weakness, eventually affecting most muscles,
including the diaphragm. In this context, respiratory failure is a
common cause of death among ALS patients, within 3-5 years of
symptom onset. The majority of patients present a spinal onset,
with common initial symptoms including weakness, stiffness and
cramping of the limbs. Difficulty with swallowing, chewing and
word articulation are initial symptoms linked to a bulbar onset,
which represents about a third of all cases [4, 25]. Respiratory onset
typically presents with specific initial symptoms, such as dyspnea,
orthopnea and sleeping problems. However, it makes up less than
3% of all cases, with respiratory impairment being considered an
end-stage event in disease progression [15, 20, 25]. Up to 50% of ALS
patients also develop mild cognitive impairment, such as memory
loss and behaviour changes [28].

ALS has a prevalence of 3-5 cases per 100000 people and can
appear at any age [25, 28]. Peak onset age is of 58-63 years in the
case of sporadic ALS. In the familial disease, disease onset typically
occurs 5-10 years earlier [13, 17]. ALS has been linked to mutations
in several genes, such as SOD1 and C9orf72. Even though only about
10% of patients have a familiar history of ALS, gene mutations
associated with familial ALS are seen in 5-10% of cases labelled as
sporadic [10, 26, 27].

ALS has no cure, and most treatments focus on symptom man-
agement. The drug Riluzole has shown to increase life expectancy
by up to 14.8 months [4, 27]. Edaravone, not yet approved in the
EU, has shown to slow down the loss of physical function by 33%
relatively to the placebo treatment [3]. Non-invasive ventilation
(NIV) has shown an increased survival time when compared to
Riluzole, mainly in patients with normal to mildly impaired bul-
bar function. Despite a lower feasibility in patients with a bulbar
onset, a large cohort study has suggested NIV also increases life
expectancy in these cases [21, 27]. As such, NIV is advisable to
most patients, at the onset of respiratory symptoms [11]. However,
current guidelines do not concede NIV access to all patients readily.
Given this, several efforts have been made to determine the best
time to initiate NIV, and the most relevant evaluation measures to
determine eligibility [25].

2.2 Pattern Mining
In this work, we use itemsetmining togetherwith sequential pattern
mining to discover both disease presentation patterns and disease
progression patterns, discovered in static and temporal data, re-
spectively. These patterns are then used to extract new features for
classification. In order to construct our training sets, we needed the
pattern mining algorithms to output the id’s of the sequences or
transactions where the patterns occured. To this aim, AprioriTID-
Close [2, 18] was used to retrieve closed patterns from the static
features, while PrefixSpan [19] and Fournier08 [9] were used to
retrieve closed sequential patterns from the temporal features. The
use of two algorithms for sequential pattern retrieval enables to
assess the effect of temporal constraints in classification: PrefixSpan
only takes item occurrence order into account, while Fournier08
also considers the time stamps. Closed patterns were chosen as to
minimize the risk of extracting a large amount of patterns, many
of which would be subsets of each other.

Follows a brief introduction on the pattern and sequencial pat-
tern mining algorithms used in this work and mentioned above,
which might be skiped according to reader’s background. All pat-
tern mining algorithms used are available in the SPMF library [8].

2.2.1 Itemset Mining. Itemset Mining (IM) is a set of unsupervised
learning techniques meant to find objects of interest that occur
together within a transaction database [30], where each tuple corre-
sponds to one transaction, containing an identifier and an itemset.
A 𝑘-itemset is a subset of size 𝑘 of the collection of existing items. In
our case, each item in the collection corresponds to a pair (attribute,
value), such as "Gender = Male". As such, each transaction consists
of a patient identifier and an itemset that contains all known static
features for the patient. We focus on closed itemsets: they appear
with a frequency (or support) above a preset threshold and are not
contained within supersets with the same support. This minimizes
the risk of extracting too many patterns, many of which would
be subsets of each other. There are many algorithms that compute
these type of itemsets, using different candidate generation meth-
ods and transaction database traversal, resulting in varying levels of
efficency and speed [30]. In this work, the implementations of the
AprioriTID algorithm in the SPMF library were used to compute
both frequent and closed itemsets.



Learning Prognostic Models using Disease Progression Patterns: Predicting the Need for Non-Invasive Ventilation in Amyotrophic Lateral Sclerosis

The AprioriTID algorithm uses a level-wise search of the item-
sets, using the set of frequent 𝑘-itemsets to compute the frequent
k+1-itemsets. It makes use of the Apriori property to prune can-
didate itemsets at each level. The property is based on two obser-
vations: (1) If a 𝑘-itemset is frequent, then all of its subsets must
also be frequent; (2) If a 𝑘-itemset is not frequent, then none of its
supersets can be frequent [30]. In practice, this means that for a
certain candidate k+1-itemset, support is only computed if all of its
k-subsets are frequent. The AprioriTIDClose algorithm [18] discov-
ers the closed frequent itemsets first, using a closure mechanism
based on the Galois connection. According its original proposal, the
frequent itemsets can then be extracted from the closed ones. The
SPMF implementation outputs only the closed frequent itemsets.

2.2.2 Sequential Pattern Mining. Sequential Pattern Mining (SPM)
refers to a set of techniques meant to find interesting patterns
spanning several time points or object positions in a dataset [30]. It
is an extension of Itemset Mining, in the sense that each sequence
corresponds to an identifier and a set of transactions performed by
the same entity over different time periods (one per transaction).
The time point may or not be specified. In this work, each sequence
is associated to a patient, with each transaction being an evaluation
and each item a pair (exam, value).

There are several algorithms that perform SPM, with varying
degrees of efficiency and complexity. As with Itemset Mining, there
are also different algorithms to retrieve closed sequential patterns.
There are also algorithms that take time constraints into account,
allowing for the retrieval of sequences with specific lengths or gaps
between time points [9]. PrefixSpan [19] looks into item occurrence
order, but not into time intervals between transactions. This means
it would see two sequences containing the same itemsets at different
time points and consider they observe the same pattern [12].

TheHirate-Yamana algorithm [12] takes into account the trans-
action timestamps and allows for sequential pattern retrieval with
specific time intervals between transactions. Since it is based on
PrefixSpan, this algorithm functions in a similar matter. At each
projected database, the suffix of each item occurrence is still kept.
However, the respective timestamp changes to translate the new
time intervals between transactions. There are also 4 constraints
that when specified, each sequence must satisfy, apart from min-
imum support. In the context of this work, only one is relevant:
𝑡𝑖,𝑖+1 ≤ 𝑚𝑎𝑥_𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 ∀𝑖 ∈ {1,𝑚 − 1}, where𝑚𝑎𝑥_𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 is the
maximum time interval allowed between two adjacent itemsets in
a sequence. It will be referred to as temporal gap or allowed time
interval. The Fournier08 algorithm [9] is an extension of Hirate-
Yamana, but has integrated the BIDE+ algorithm closure checking.
This feature allows for a closed sequence set to be mantained with-
out a closed candidate set, and therefore, the complete frequent
sequence set does not have to be explored. It has also implemented
the BackScan pruning from the BIDE+ algorithm [29].

2.3 Related Work
Carreiro et al. [5] explored the use of Sequential Pattern Mining
to extract features that encode temporal dependencies, employing
standard classifiers to predict the need of NIV within k days of
the last evaluation, using both a fixed and variable number of time

points. In [7], they also used Sequential Pattern Mining for classifi-
cation, but in diagnosis. Pires [22] also used the original features
for prognosis prediction and explored the use of several evaluations
per patient. However, the temporal features were always consid-
ered independent by the models used, which were trained with
the same number of evaluations for all patients. Predictive models
for one, two and three evaluations were trained. The models us-
ing the last evaluation always outperformed the others. Pires et al.
[23] explored patient stratification improving these results, but no
temporal data was used.

3 METHODS
This section describes the methodology proposed for prognostic
prediction using both disease presentation patterns and disease
progression patterns, discovered in static and temporal data, using
itemset mining and sequential pattern mining, respectively. We first
provide a brief description of the dataset and its challenges. Then,
we discuss the required preprocessing and the details about model
learning. Figure 2 presents the methodology workflow, highlighting
the key steps, discussed below.

Figure 2: Workflow of the methodology used for prognostic
prediction using disease progression patterns.

3.1 About the Portuguese ALS dataset
The dataset used for this work is the Portuguese ALS dataset, which
contains demographic information and clinical data, such as res-
piratory and functional test results, for a cohort of 1375 patients,
followed at the ALS clinic of the Translational Clinic Physiology
Unit, Hospital de Santa Maria, IMM, Lisbon. Observations range
from 1995 until March 2020 and consist of 5 tables, one containing
66 static features, and 4 containing a total of 103 temporal features
(including dates). Since some features have dependencies on others,
are highly correlated or have a high percentage of missing values,
only 21 features are kept after preprocessing. Previous versions of
this dataset with less patients and time points were analysed by
Carreiro et al. [5, 6] and Pires et al. [22].
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Data is in a 1-row-per-patient format, which means the temporal
features span several columns. Also, the tests in one evaluation
set are not usually performed within the same day, or may not
be performed at all (due to the patient’s condition, scheduling or
costs). Hence, there is not a clear distinction between consecutive
evaluations, but rather pairs (date,test). This means the dataset must
be transformed in order to make use of the temporal features, by
grouping exam sets by date. This way, each evaluation will consist
of a set of tests performed during a relatively small time interval. To
build predictive models, a class stating if each patient will need NIV
within k days must also be created, since the dataset only states
the NIV status and/or NIV initiation date. This class will be named
Evolution. The transformation into evaluation sets would not be
enough if using the original features, since now each patient has
several corresponding rows, one per evaluation. A certain number
of time points would have to be selected and data rearranged to a
1-row-per-patient format. Due to the use of sequential patterns as
new features, all time points are included, but extra transformation
stages are still required, such as the creation of input files for the
pattern mining algorithms and transformation of the output files
into training sets. These steps will have the side effect of only
retaining the Evolution class’ last value for each patient, most likely
leading to class imbalance. It is also expected that the number
of features grows when comparing to the original set, which can
impair classifier performance.

The data preprocessing required can be divided into two stages:
1) preprocessing, where the original data is transformed into several
datasets, each for a specified prediction window, and 2) preprocess-
ing for Pattern Mining, where these datasets are used for pattern
extraction and generation of new learning instances. Finally, pre-
dictive models are built and evaluated, as shown in the workflow
in Figure 2 showing all these key steps.

3.2 Data Preprocessing
Data transformation is performed as described in [6] and [22], and
consists of two modules. The first module transforms the original
data into a set of snapshots (1 per row) by selecting the desired
features and grouping exams taken in close dates. The second mod-
ule takes the snapshot set and creates a set of learning instances,
according to the selected time window, k: 90, 180 or 365 days. It
also generates the class, Evolution, for each instance.

3.2.1 Creating Snapshots. The 1stmodule takes the original datasets,
one per feature group. It transforms them into a set of snapshots
(1 per row) by selecting the desired features and grouping exams
performed in close dates. Since each test result is associated with
a date, all exams referring to a patient are ordered by date and
grouped through Agglomerative Hierarchical Clustering. This is
performed taking two constraints into account:1) Each exam can
only appear once in a snapshot; and 2) all exams contained within
the same snapshot must have occurred in dates where the NIV
status is the same. That is, exams performed before and after NIV
initiation cannot belong to the same snapshot.

The output of this module is a set of snapshots. Each snapshot
contains one column per exam, a NIV status (1 if NIV was initiated,
0 if not), a NIV initiation date if available, the first and last dates
featured in the evaluation as well as the median date. The latter is

considered the snapshot’s date, and will be used as reference for
future stages. Note that, since each patient typically performs an
exam several times, most patients will have more than one shapshot
associated to them.

3.2.2 Creating Learning Instances. The second module receives the
snapshot set as input, determines which snapshots are eligible to
be used as learning instances and generates the Evolution class by
comparing NIV statuses between snapshots. Since the Evolution
class states whether or not a patient will require NIV within k days
from the last evaluation, each learning instance created requires
knowing the NIV status from 2 snapshots, and how long is the
prediction window k. Like in previous work performed on the
Portuguese ALS dataset, the time windows chosen are of 90, 180 or
365 days [5, 6, 22]. Evolution occurs when a patient’s NIV status
switches from 0 to 1 within the specified time window. Assuming
two snapshots are n days apart: if 𝑛 < 𝑘 , then the patient evolves
if the starting NIV status is 0 and finishing status is 1 (E=1), and if
both status are 0, then there is no Evolution (E=0); if 𝑛 > 𝑘 , then
the patient does not evolve (E=0).

As mentioned before, only eligible snapshots can be used to
generate learning instances. If the patient has already initiated NIV
at a given snapshot, it’s not necessary to explore the following
snapshots: the patient has already evolved to require NIV. If there is
no information on NIV status past the selected time window, there
is no use to keep the snapshot as well: we can’t know if the patient
evolved or not. Note that a learning instance will consist of the
starting snapshot, if eligible, and the newly generated class obtained
by comparison with future snapshots. Therefore, a snapshot will
not be eligible if: 1) the starting NIV status is 1; or 2) the starting
NIV status is 0, but unknown after k days.

3.3 Preprocessing for Pattern Mining
After the initial preprocessing is completed we are left with a set of
learning instances for each selected time window, with a learning
instance comprising of a snapshot and class label. However, using
these instances for classification equates to using only one evalua-
tion for prognosis prediction. Instead, we are looking to make these
predictions based on the patients’ complete evaluation history, and
moreso, to use patterns found in the data for the purpose of predic-
tion. This means that additional data processing steps have to be
made. The datasets obtained are therefore used to extract patterns,
and will require additional data processing steps. All transforma-
tion steps were done using Python, with pattern extaction being
performed with the SPMF library. After that, new datasets will be
generated and used to train and evaluate several classifiers.

First, we have to transform the sets of learning instances into
sequence and transaction databases (for temporal and static features,
respectively), so that patterns can be extracted. Second, we have to
generate new learning instances from the collected patterns.

3.3.1 Generating Input Files for Pattern Extraction. As mentioned
before, the learning instances generated through the preprocessing
modules consist of class labelled snapshots. This means that most
patients will be associated with a set of snapshots, which in fact
correspond to a set of transactions within a sequence. Therefore,
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our goal in this section is to transform our current sets of learning
instances into sequence databases, with one sequence per patient.

Since Pattern Mining algorithms require discrete data, as trans-
actions are made of items, it is necessary to discretize continuous
features, as well as attributes with many possible values. The origi-
nal features were separated into two groups: static and temporal.
Continous attributes in both groups were discretized, and some cat-
egorical features had their values regrouped, according to both the
studies performed by Matos [16] and feedback from clinicians. We
are left with a total of 21 features, plus the patient identifier, which
originate 33 static ans 40 temporal items. These are of the form
Attribute = value interval, such as ALS-FRS = [24,36[, or Attribute
= value, such as Gender = Male. The complete set of features and
values used is in Table 1.

For the static features, all rows pertaining the same patient have
the same information. Hence, only the first of these rows was kept.
Items were generated for the attributes to which we have a known
value, meaning there is no need for missing value imputation. Input
files were created for each of the prediction windows, with items
identified by an integer key (as required by SPMF) and a legend
added at the top of each file. The temporal data was reshaped into
a 1-row-per-patient format, with a delimiter character separating
each transaction, processed similarly to the ones described in the
static case. Two versions of this data were generated: one with
timestamps (indicating the snapshot, to be used by the Fournier08
algorithm) and one without (to be used by Prefixspan). Input files
were generated similarly to the static case for all considered predic-
tion windows. Therefore, a total of 3 datasets was generated per
time window: static data for Itemset Mining with AprioriTIDClose,
temporal data with no timestamps for SPM with PrefixSpan and
temporal data with timestamps for SPM with Fournier08.

3.3.2 Pattern Extraction in SPMF. The generated input files are
given to the SPMF library, which outputs the extracted patterns
after selecting the correspoding algorithm and parameters. Apriori-
TIDClose was used for Itemset Mining, PrefixSpan for SPM without
time constraints and Fournier08 for SPM with time constraints.
The support threshold considered was 24%, as it provided a fitting
balance between the number of patients required for a pattern to
emerge and the total amount of patterns retrieved. Maximum time
interval allowed was set at 10. Each output file provides the list of
eligible patterns, along with their absolute support and the list of
sequences where each pattern is verified. It is important to note
that the same pattern can be found in sequences at different time
points, thus the timestamps presented in the patterns are relative.

3.4 Training Set Creation and Model Learning
The SPMF output files were then used to build a binary matrix, to
which the class is added, making the new datasets to be used by
the classifiers. This is done by creating reference files containing
information about all patterns retrieved for each prediction window:
support, number of time points, number of items and list of patients
that verifies each pattern. The trivial sequences and itemsets, ie, the
ones containing only one item, are discarded. A binary matrix is
computed from the remaining patterns, where each row is a patient
and each column is a pattern. If the patient verifies the pattern, then
the value is 1 in the corresponding element, and 0 otherwise. The

class is the Evolution value present in the patient’s final snapshot.
This results in two datasets for each time window, one for each
type of patterns (with and without timestamps). The information
about the resulting datasets is found in Table 2.

As expected, Fournier08 extracts less patterns than PrefixSpan
for the same data, due to the latter not discerning between tem-
poral instants. When timestamps are included, more patterns are
found but less of them meet the support threshold. We can also see
that the number of eligible patients decreases as the time window
increases, as a lengthier medical history is required. Moreso, the
class distribution becomes more disproportionate as the prediction
window grows. This makes sense, since it is more likely for a patient
to evolve within a year than within a few months. The imbalance
is further magnified by the fact that only the class from the last
evaluation is retained, meaning that a large portion of the negative
class will comprise of patients still in treatment.

These datasets are then used to train and evaluate several prog-
nosis models, using the state-of-the-art classifiers Random Forests,
Support Vector Machines and XG-Boost.

3.5 Pattern Evaluation
In order to assess the relevance of each pattern towards classifica-
tion, an extra step is added to the preprocessing for pattern mining
stage, where patterns are evaluated based on their support for both
classes. For each pattern P, we compute the relative support for
the positive and negative class. Then, we compute Growth Rate,
measuring how support grows from class A to class B:

𝐺𝑟𝑜𝑤𝑡ℎ𝑅𝑎𝑡𝑒𝐴→𝐵 (𝑃) =


𝑠𝑢𝑝𝑝𝐵 (𝑃)
𝑠𝑢𝑝𝑝𝐴 (𝑃)

, 𝑠𝑢𝑝𝑝𝐴 (𝑃) ≠ 0

0, 𝑠𝑢𝑝𝑝𝐴 (𝑃) = 0 = 𝑠𝑢𝑝𝑝𝐵 (𝑃)
∞, 𝑠𝑢𝑝𝑝𝐴 (𝑃) = 0 ≠ 𝑠𝑢𝑝𝑝𝐵 (𝑃)

(1)

For a given threshold 𝛼 , we say pattern P is discriminative for
the positive class if:

𝐺𝑟𝑜𝑤𝑡ℎ𝑅𝑎𝑡𝑒𝑝𝑜𝑠 (𝑃) = 𝐺𝑟𝑜𝑤𝑡ℎ𝑅𝑎𝑡𝑒𝑛𝑒𝑔→𝑝𝑜𝑠 (𝑃) > 𝛼 (2)

And discriminative for the negative class if:

𝐺𝑟𝑜𝑤𝑡ℎ𝑅𝑎𝑡𝑒𝑛𝑒𝑔 (𝑃) = 𝐺𝑟𝑜𝑤𝑡ℎ𝑅𝑎𝑡𝑒𝑝𝑜𝑠→𝑛𝑒𝑔 (𝑃) > 𝛼 (3)

The higher the Growth Rate, the more discriminative the pattern
is for one of the classes. If both rates are 1, the support is the same
in both classes, and thus the pattern is not discriminative.

4 RESULTS AND DISCUSSION
This section presents and discusses the results from two perspec-
tives: model evaluation and pattern evaluation, promoting not only
a discussion from the point of view of model effectiveness regard-
ing prognostic prediction, but also highlighting the importance of
pattern evaluation for model interpretability.

4.1 Model Evaluation
The datasets previously described were used to build and evaluate
classifiers. SMOTE was performed for class balancing, improving
the results. Three algorithms were used: Random Forest, SVM with
Gaussian kernel and XGBoost. Stratified 5× 10-fold cross-validation
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Type Feature Values
(post-discretization)

Static

Gender Male, Female
Body Mass Index: BMI < 20, [20, 25[, [25, 30[, ≥ 30

Familiar history of motor neuron disease: MND familiar history Yes, No, Unknown
Age at onset (years) < 30, [30, 50[, [50, 70[, ≥ 70

Disease duration (months) ≤ 6, ]6, 12], ]12, 18], ]18, 36], > 36
El Escorial Reviewed Criteria definitive, probable, possible, suspected

Affected motor neurons: UMN vs LMN UMN, LMN, both
Onset form spinal, bulbar, respiratory/axial, mixed, FTD

Expression of mutations in C9orf72 gene: C9orf72 Yes, No, Unknown

Temporal

Functional Rating Scale: ALS-FRS < 12, [12, 24[, [24, 36[, ≥ 36
Bulbar subscore: ALS-FRSb

< 4, [4, 7], [8, 11], 12Upper limb subscore: ALS-FRSsUL
Lower limb subscore: ALS-FRSsLL
Revised respiratory subscore: R

Maximal Sniff Nasal Inspiratory Pressure: SNIP
< 40, [40, 60[, ≥ 60Maximal Inspiratory Pressure: MIP(%)

Forced Vital Capacity: FVC (%)
< 40, [40, 60[, [60, 80[, ≥ 80Maximal Expiratory Pressure: MEP (%)

Phrenic Nerve Response Amplitude: PhrenMeanAmpl < 0.4, ≥ 0.4
Cervical Flexion: CervicalFlex

< 5, 5Cervical Extension: CervicalExt
Table 1: Summary of the features and values used for Itemset and Sequential Pattern Mining. The attribute REF is a patient
identifier and therefore not included in the databases used for pattern extraction.

Time Window Nr. instances
(patients)

Nr. features Class distributionsSPs by PrefixSpan SPs by Fournier08

90d 940
37 static

202 temporal
239 total

37 static
161 temporal
198 total

Y: 551 (58.62%)
N: 389 (41.38%)

180d 895
39 static

216 temporal
255 total

39 static
169 temporal
208 total

Y: 637 (71.17%)
N: 258 (28.83%)

365d 840
37 static

191 temporal
228 total

37 static
155 temporal
192 total

Y: 654 (77.86%)
N: 186 (22.14%)

Table 2: Information regarding each generated dataset, using a minimum support of 24% in the SPMF algorithms. In all cases
the class is Evolution.

(CV) and a Grid Search was performed to determine the best hy-
perparameters for each classifier. Table 3 shows the tested values.

Algorithm Parameter Tested values

RF Max. features
Nr. estimators

{1,2,5,10,20}
{100,200,500,1000}

SVM G C (complexity)
Gamma

{0.01, 0.1, 1, 10, 100}
{0.01, 0.1, 1, 10, 100}

XGB Learning rate
Nr. estimators

{0.1, 0.2, 0.3, 0.4, 0.5}
{100,200,500,1000}

Table 3: Parameter values tested through Grid Search for
each evaluated classifier.

The predictive models were evaluated through Sensitivity, Speci-
ficity and AUC scores, which respectively determine the perfor-
mance within positive and negative examples, and overall classifi-
cation ability. The evaluation results are presented in Table 4.

All models provide results withAUC scores over 70% and decently-
balanced Sensitivity and Specificity, which seems promising given
the simple nature of the approach. While all algorithms performed
quite similarly, Random Forest achieved the highest AUC in the
majority of cases.

As for evaluating the effect of using time constraints, the metrics’
values do not show any clear distinction. The Wilcoxon Signed-
Ranks test for the AUC scores output p-values of 0.109, 0.109 and
1.000 for the time windows of 90, 180 and 365 days, respectively,
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Time
Window Classifier Sensitivity Specificity AUC

SPs by Prefixspan

90d
RF 67.6 ± 6.6 70.3 ± 7.0 76.1 ± 4.4
SVM 66.3 ± 6.6 71.7 ± 5.9 75.3 ± 4.0
XGB 67.8 ± 5.9 72.3 ± 7.0 76.3 ± 4.5

180d
RF 81.6 ± 4.5 82.1 ± 5.2 89.8 ± 3.2
SVM 76.9 ± 4.9 82.8 ± 4.9 88.4 ± 3.2
XGB 79.3 ± 5.4 81.6 ± 5.8 88.9 ± 3.3

365d
RF 88.2 ± 3.3 87.1 ± 4.2 94.2 ± 2.3
SVM 90.6 ± 3.3 83.8 ± 4.3 93.5 ± 2.1
XGB 85.5 ± 5.0 86.2 ± 3.9 93.2 ± 2.0

SPs by Fournier08

90d
RF 65.9 ± 5.8 71.5 ± 6.6 75.6 ± 4.4
SVM 64.2 ± 5.5 72.3 ± 6.1 74.5 ± 3.8
XGB 67.7 ± 5.6 70.6 ± 5.8 74.7 ± 4.2

180d
RF 79.7 ± 4.6 83.5 ± 4.4 89.1 ± 3.1
SVM 85.5 ± 4.2 76.0 ± 5.2 88.0 ± 3.3
XGB 79.2 ± 5.4 80.5 ± 5.3 88.0 ± 2.8

365d
RF 85.7 ± 4.6 88.8 ± 3.8 93.9 ± 2.4
SVM 90.1 ± 2.9 84.3 ± 4.3 93.7 ± 2.1
XGB 85.6 ± 4.8 86.6 ± 4.6 93.3 ± 2.1

Table 4: Model evaluation results obtained using class-
labeled binarymatrices as training sets, with a SMOTE balac-
ing strategy and over a Stratified 5x10-fold cross-validation
scheme. Each metric’s result consists of the average over all
folds, with uncertainty corresponding to the standard devi-
ation. The best AUC for each dataset appears in bold.

meaning there are no significant differences between the two ap-
proaches for significance thresholds of 0.1 or less. Therefore, sequen-
tial patterns extracted through Fournier08 would be preferrable to
use, since they perform similarly with a smaller number of features
(resulting in shorter running times), being more informative and
easier to interpret.

4.2 Pattern Evaluation
For each prediction window, the extracted patterns were evaluated
through GrowthRate, computed for both classes. Table 5 shows the
5 most discriminative patterns in the datasets generated through
Fournier08, where the positive class corresponds to Evolution = yes.

When analysing the top 20 patterns for each class, we observed:

• In general, the discriminative patterns for the negative class
have higher growth rates. This is most likely due to relative
support being used, since the negative class is also the mi-
nority one. This tendency might be atenuated or reversed if
absolute support were used instead.

• Temporal patterns are, in general, more discriminative than
static patterns;

• The pattern ALS-FRS = [24,36[ PhrenMeanAmpl < 0.4 is the
most discriminative pattern for the positive class in all datasets,

GrowthRate
(class) Pattern

90 days
1.93 (-) <0> R = 12, CervicalExt = 5
1.93 (+) <0> ALS-FRS = [24,36[, PhrenMeanAmpl < 0.4
1.80 (-) UMN vs LMN = LMN, Onset form = spinal
1.78 (+) <0> ALS-FRSb = [8,12[, ALS-FRSsUL = [8,12[
1.74 (+) <0> ALS-FRSb = [8,12[, R = [8,12[

180 days
2.71 (+) <0> ALS-FRS = [24,36[, PhrenMeanAmpl < 0.4
2.06 (+) <0> ALS-FRSb = [8,12[, R = [8,12[
1.92 (+) <0> ALS-FRSb = [8,12[, ALS-FRSsUL = [8,12[
1.87 (-) <0> ALS-FRSb = 12, ALS-FRSsLL = [8,12[, R = 12
1.86 (-) <0> R = 12 | <3> R = 12

365 days
3.45 (+) <0> ALS-FRS = [24,36[, PhrenMeanAmpl < 0.4
2.06 (-) UMN vs LMN = LMN, Onset form = spinal
2.04 (+) <0> ALS-FRSb = [8,12[, R = [8,12[
2.00 (-) <0> ALS-FRSb = 12, ALS-FRSsLL = [8,12[, R = 12
1.89 (-) <0> ALS-FRSb = 12, R = 12 <1> ALS-FRSb = 12, R = 12

Table 5: Top 5 discriminative patterns for each prediction
window, extracted with Fournier08. <t> denotes the time
point. Patterns containing static features or a single time
point are identical in both algorithms.

and the most discriminative overall for the larger time win-
dows. With positive patterns being at a disadvantage, this is
a clear standout;

• The negative class patterns have a strong presence of items
R = 12 and ALSFRSb = 12, while the positive class patterns
include lower scores for these tests. This makes sense consid-
ering the class Evolution: a patient with strong respiratory
function (R = 12) is less likely to require ventilation in the
short term. This is also evidenced by the many discriminative
patterns for the negative class containing R = 12 throughout
several evaluations. While ALSFRSb = 12 only appears to-
gether with the respiratory subscore, lower values show up
along with other items, meaning that bulbar function may
be a relevant factor. Phrenic nerve response amplitude may
also be relevant, as PhrenMeanAmpl < 0.4 only appears in
the discriminative patterns for the positive class, and Phren-
MeanAmpl ≥ 0.4 in patterns for the negative class. ALS-FRS,
as well as its subscores for the upper and lower limbs (ALS-
FRSsUL and ALS-FRSsLL, respectively) appear with similar
values in discriminative patterns for both classes, meaning
they many not be as relevant.

Additionally, we can further observe that the majority of patterns
is considerably small, usually containing less than 5 items and/or
temporal instances. Since no stratification strategies are used, large
patterns that can exist among patients with slower progress do not
meet the required support. It is also important to note that many
items are not featured in these patterns, with attributes such as
SNIP,MIP,MEP not appearing at all. This is due to the discretization
process considering interpretability over even distribution, mean-
ing some value ranges may not have enough support to be featured.
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Furthermore, since most patients display high test values at on-
set, namely high ALS-FRS subscores, the items containing these
values will be more prevalent. Other tests had a high number of
missing values to begin with, indicating a lower probability of them
appearing in the extracted patterns.

5 CONCLUSIONS AND FUTUREWORK
In this work, we proposed a prognostic prediction approach to pre-
dict the need of Non-Invasive Ventilation in ALS patients, making
use of their complete evaluation history through Pattern Mining
techniques. The extracted patterns served as features for building
and evaluating several predictive models spanning three prediction
windows: 90, 180 and 365 days.

Model evaluation has shown promising results for all three pre-
diction windows, with performance increasing with k. Both algo-
rithms used to extract patterns presented similar results in model
learning and pattern evaluation. With the selected support thresh-
old, most of the retrieved sequential patterns contained only a few
items and/or temporal instances, meaning there were few discrep-
ancies between the two approaches. It can be noted that pattern
selection can play a significant role in further study. The pattern
extraction process is highly dependent on the selected parameters
and discretization strategy chosen. Therefore, it could be beneficial
to explore alternative strategies, including other pattern extraction
techniques. Furthermore, the proposed approach does not take into
account the heterogeneity found among ALS patients, namely in
progression rate. Stratification strategies as the ones explored by
Pires el al. [23, 24] can also be implemented, thus generating spe-
cific prediction models for groups of patients displaying similar
progression. However, this strategy can be highly impactful to the
pattern extraction process, as slow progressors can be expected to
exhibit longer patterns and in larger amount, while fast progressors
have few evaluations and therefore a decreased likelihood of many
patterns being found. To minimize this issue, different prediction
windows may also be explored according to progression rate, as
more snapshots could be made eligible. Further, since class is deter-
mined by comparing the NIV status between evaluations, it’s highly
dependent on the chosen prediction window. Therefore, shorter
time windows can favour class distribution among fast-progressing
patients, with the same occurring with larger time windows for
slow-progressing patients.
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