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INTRODUCTION

Introduction: Amyotrophic lateral sclerosis (ALS) is a motor neuron disease
that affects nerve cells in the brain and spinal cord, controlling voluntary muscle
movement. Data mining is a discipline that provides meaningful conclusions from
databases or implicit data. In this study, we examine the relationship between the
clinical and demographic characteristics of ALS patients and a control group, using
data mining techniques. Methods: In the study, data belonging to 235 patients
diagnosed with ALS and a control group of 117 people consisting of relatives of
ALS patients were used. The dataset contains 121 features that include clinical
and demographic information for each patient. The patient group and the control
group were examined together and separately to examine the relationship between
the features. In the study the data mining methods of classification and clustering
were used on R and WEKA software packages. Results: There were no significant
differences between ALS patients and the control group in terms of environmental
factors such as location, gender, smoking, exercise status, and clinical factors
such as genetics, ALS involvement, course of the disease, disease in the family.
The results also showed that there was no relationship between demographic and
clinical features such as gender, occupation, age group, and concomitant disease
between groups or within groups.

KEYWORDS: Amyotrophic lateral sclerosis, data mining, R package program,
WEKA

of ALS patients, the origin of the disease is genetic

myotrophic lateral sclerosis (ALS) was described

by the French neurologist Jean-Martin Charcot in
1874 as ““a fatal neurodegenerative disease characterized
by the selective loss of motor neurons in the cortex,
brainstem and spinal cord.” ALS is a rare neurological
disease in the brain and spinal cord that affects nerve
cells (neurons), controlling voluntary muscle movement.
Due to the large number of genetic and environmental
factors that contribute to the pathogenesis of the disease,
and because it involves complex interactions between
genetic and/or environmental factors, it is one of the
family of “complex diseases.”!!!

The cases of ALS incidence in the world, which are
stated as 1.2-4 per 100,000 population, have been
reported as over 6 per 100,000 population as a result of
studies conducted in Turkey.*'? In approximately 10%

Access this article online

Quick Response Code:

Website: www.nsnjournal.org

DOI: 10.4103/NSN.NSN_69_20

and half of these patients show familial inheritance.
Although ALS can occur at any time in adulthood,
it usually affects people in their mid-fifties and there
are five known different phenotypes ALS, progressive
muscular atrophy, primary lateral sclerosis, PBS and
ALS-Frontotemporal dementia.[%!!]

ALS affects people of all races and ethnic backgrounds.
While the etiology of ALS has not been determined
yet, studies show some potential risk factors for ALS.
These are demographic factors such as age, gender,
race and ethnicity; environmental factors such as
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smoking, physical activity, place of residence, etc., and
genetic and epigenetic factors.'*!”) Studies have been
conducted in areas such as establishing assistive systems
for the diagnosis of the disease for ALS disease using
information technologies and predicting the symptoms
of the disease and the course of the disease.!'$%!

In this study, the aim was to investigate the relationship
between ALS diagnosed cases and the control group in
terms of clinical, demographic and genetic factors using
data mining methods.

METHODS

The sample of the study includes the control group
consisting of healthy relatives of patients who were
diagnosed with ALS according to the revised El Escorial
criteria and who did not have a similar neurodegenerative
disease (Parkinson’s disease, Alzheimer’s disease, etc.)
after applying to the Neurology Department, Faculty of
Medicine Akdeniz University.

The data of 235 patients and 117 healthy individuals
who applied to Akdeniz University Hospital between
2016 and 2018 were studied, with the patients’ informed
consent given after obtaining the approval of Akdeniz
University Faculty of Medicine Ethics committee. Data
from individuals included in the study were collected
prospectively using a standard questionnaire developed
by the OnWebDuals consortium.

More than 500 questions were asked to the patient
and control groups, including main questions and
sub-questions. In  these questions, demographic
information  (age, gender, place of residence
characteristics, exercise, diet, occupation, etc.), family
and environment related questions, disease related
information, existence of other diseases, information
about where in the body the disease started and how
it spread, ALS type, as well as laboratory and imaging
results, genetic mutation sites were registered. The
answers given to the questions in the questionnaire
were saved into an Excel spreadsheet file using check
rules and filters. When the data was processed it was
determined that there were many areas with incorrect or
incomplete answers, and that patient and control groups
could not answer all the questions. As a result of this,
the questions were reviewed again and 121 questions or
attributes were selected as all patients had answered and
were suitable for analysis.

In order to analyze the data, Clustering and Decision
Tree methods were used from R and WEKA data
mining packages. K-Means Clustering and Hierarchical
Clustering methods aimed for a maximum similarity
within each cluster at the end of the partitioning process,

enabling data with similar characteristics to be grouped
into same clusters. The Decision Tree method was used
to help visualize the relationships between data by
representing relationships with branches and leaves. We
used both R and WEKA programs, which are both open
source and contain many algorithms for data mining, to
show that the results obtained from different software
platforms are compatible. The Clustering and Decision
Tree methods were preferred in order to facilitate the
determination of the relationships between the features
that could not previously be predicted with traditional
approaches, as the ALS dataset is a high dimensional
dataset with many attributes. We used multiple
techniques to ensure that the separation between patient
groups is verified with different approaches with
maximum accuracy.

The data obtained have been processed according to
CRISP-DM, one of the data mining methods, and made
suitable for analysis.”*! With the method used in 156
features, the method was reduced to 121 features for
patients, 29 features for healthy people and made ready
for analysis.

Although data mining, which enables the management
of data and reveals meaningful information from data,
is used as a common term today, it first entered the
literature in the 1980s. Since then it has progressed
rapidly under the headings of data mining, Statistical
Science, Artificial Intelligence and Machine Learning.
Choosing the right algorithm is an important parameter
for successful data mining studies. In the selection of
the algorithm, the type or structure of the data is of great
importance. In many studies, data mining models and
algorithms are discussed under different headings. The
three most commonly used methods are Classification,
Clustering, and Association Rules.?>?%

Classification and Clustering Methods were used in
this study. In selected methods, the aim is to group,
identify similarities in the dataset and classify the
data into predefined or undefined classes. In order to
use these methods, K-Means Clustering, Hierarchical
Clustering and Decision Tree methods have been
applied.

Statistical analysis

The dataset used in this study consisted of 235 patients
each with 121 characteristics and 117 healthy
individuals each with 29 characteristics. The difference
between the percentages of categorical variables was
analyzed by Pearson’s Chi-Square Test. If more than
20% of the expected frequencies were <5, Fisher’s
Exact Test was used. A value of P < 0.05 was used to
assess the significance for all statistical analyses. The

m Neurological Sciences and Neurophysiology | Volume 38 | Issue 2 | April-June 2021



[Downloaded free from http://www.nsnjournal.org on Wednesday, June 16, 2021, IP: 10.232.74.23]

Giilay, et al.: Data mining analysis in amyotrophic lateral sclerosis

Statistical Package for the Social Sciences (SPSS)
16.0 (SPSS Inc.; Chicago, IL, USA) was used for
statistical analysis, and the information obtained is
given in the Results section.

Data mining analysis

Data Mining analysis was carried out on R 3.5.3
programming environment and WEKA 3.8.4 packages;
both are an open source software, with many ready-made
algorithms.B%3"1 The K-Means clustering algorithm
groups data according to their similar characteristics,
aiming for maximum distances between clusters as
well as maximizing similarity within each cluster.
Hierarchical Clustering and the Decision Tree methods
are used to visualize by dividing data into smaller
groups to form a tree structure based on similarity.?6-32-33]

RESuULTS

Although the age range of the dataset examined within
the scope of the research is divided into productive and
non-productive periods, the average age of the patients
is 60 and 77.4% of the patients are in the non-productive
period. However, among the patient group, the youngest
patient was 24 years old and the oldest patient was
82 years old in terms of the age at which symptoms were
seen. In addition, 62.1% of the patients (146) are male
patients. When examined in terms of ALS phenotype,
99% of the patients (233 people) were recorded as ALS
type. More detailed information about the descriptive
characteristics of patients and healthy individuals is
summarized in Table 1.

Data mining analysis results

K-means cluster analysis results

In the K-Means method used to find clusters or
subgroups of observations in the dataset, elements in
the same cluster are expected to be similar, but differ
from the elements in different clusters. In this method,
K represents the number of groups in the dataset. In
order to determine K, the Silhouette Method was used to
establish the optimum number of clusters. We ran tests
on three different datasets. These are patients, controls,
and patient + controls.

For the patient group, the optimum number of clusters
was found as 5 clusters. For the control group, the
optimum number of clusters was also 5 clusters. Finally,
for the patient + control group the optimum number of
clusters was found to be 2 clusters.

The first group to be examined according to the
optimum cluster numbers is the ALS group and the
results are given in Figure 1. The result for the patient
group in Figure 1 visualizes the 5 different clusters
and members of the cluster. Each cluster is shown
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Figure 1: K-Means cluster analysis of the patient group (Visualization
of the cluster analysis result. The patient group is divided into 5 groups
according to the optimum cluster method with R program)

by a different color. Cluster results show that patient
groups and group members are not segregated and 3
clusters are intertwined. For this reason, it was not
possible to determine the attributes of the elements that
show intra-cluster similarities and differences between
clusters.

For the patient group, the same number of clusters
was also studied in the WEKA program. In the WEKA
program, patients were divided into 5 groups. The
number and percentages of the separated patients were as
follows: First group 39 people (17%), second group 65
people (28%), third group 52 people (22%), fourth
group 28 people (12%), fifth group 51 people (22%).

The image formed in line with the optimum number of
clusters for the control group is given in Figure 2.

Accordingly, it is seen that the elements of the two
clusters diverge significantly, but the distances of
the clusters are close to each other. When the cluster
elements are examined, it can be said that the similarities
of the second cluster are mostly due to the attributes
“they do not have any disease, or in their family” and
“place they live.”

For the control group, it was also run in the WEKA
program with the same number of clusters. The results
obtained here give the number of people in each
cluster; 29 (25%) for Cluster 1, 17 (15%) for Cluster
2, 26 (22%) for Cluster 3, 34 (29%) for Cluster 4, and
11 (9%) for Cluster 5.

The results obtained by examining the patient and
control groups together are given in Figure 3.

In the image, it is seen that the patient and control
groups are distinctly separated, while the distances
of the group members are mostly small. Group 1,
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Table 1: Comparison of amyotrophic lateral sclerosis and control group in terms of defining characteristics

ALS (n=235) Control (n=117) P
Sex
Female 89 (37.9) 65 (55.6) 0.001*
Male 146 (62.1) 52 (44.4)
Age period
Productive 53 (22.6) 52 (44.4) <0.001°
Nonreproductive 182 (77.4) 58 (49.6)
Place of living features
Village 86 (36.6) 19 (16.2) <0.001*
Country town 30 (12.8) 7 (6.0)
Small town 35 (14.9) 17 (14.5)
Middle town 30 (12.8) 15 (12.8)
Large town 54 (23.0) 58 (49.6)
Smoking
Yes 49 (20.9) 38 (32.5) 0.001*
No 159 (67.7) 77 (65.8)
Diet (Mediterannean)
Yes 4 (1.7) 2(1.7) 0.052°
No 231 (98.3) 112 (95.7)
Occupation
Armed forces occupations 12 (5.1) - -
Managers 5(2.1) 1(0.9)
Retired/employee 76 (32.3) 8 (6.8)
Professionals 19 (8.1) 15 (12.8)
Technicians and associate professionals 7 (3.0) 3(2.6)
Clerical support workers 7 (3.0) -
Service and sales workers 20 (8.5) 434
Skilled agricultural, forestry and fishery workers 29 (12.3) 3(2.6)
Craft and related trades workers 6 (2.6) 434
Plant and machine operators, and assemblers 4(1.7) 1(0.9)
Elementary occupation 22 (9.4) 20 (17.1)
Exercise
Yes 36 (15.3) 14 (12.0) <0.001*
No 98 (41.7) 20 (17.1)
*Chi-square test, °Fisher’s exact test
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Figure 2: K-Means cluster analysis of the control group (Visualization Figure 3: K-Means cluster analysis of the patient and control group (Visualization
of the cluster analysis result. The control group is divided into 5 groups of the cluster analysis results. The patient + control group is divided into 2 groups
according to the optimum cluster method with R program) according to the optimum cluster method with R program)

represented by red, represents the control group, and  patient group. Here, the reason for the clear separation
Group 2, represented by blue, represents the ALS of the two groups is the absence of clinical signs of
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the disease in the control group. Except for clinical
features, features differing between groups could not
be determined. In the cluster details, it was seen that
the distance of some of the control group members
in the 1% cluster was far from the others due to the
differences in whether they are in the family, have
other diseases, gender, the place of residence, the
place of birth and the unproductive period, but we
did not observe any difference between the patients in
cluster 2.

For the patient and control groups, it was run in the
WEKA program with the same number of clusters. The
results obtained here were found to be divided into 2
clusters: 117 (33%) for Cluster 1 and 235 (67%) for
Cluster 2.

Hierarchical cluster analysis results

Datasets for this method, which was performed according
to similar properties of cluster elements, were examined
in 3 groups as patient, control, and patient + control.
The results for these groups are schematized with cluster
plots and dendrograms.

Clustering and Dendrogram Graph results are given for
the patient dataset in Figure 4.

According to the results obtained, the figure shown in red
shows the 1* cluster and the figure shown in blue shows
the 2™ cluster. In the cluster graph, it is seen that the
patients are very similar in terms of features and nested
clusters are formed that do not separate from each other.

For the patient group, the Hierarchical Clustering
method was also run in the WEKA program. The
results obtained here were divided into 2 clusters as 234
people (99%) in the first cluster and 1 person (1% as
below) in the second cluster.

When the dataset consisting of control groups is
analyzed by the Hierarchical Clustering method, the
clustering graph and dendrogram graph are given in
Figure 5.

According to the clustering graph, it is seen that 2
separate groups are formed. According to the results of
the dendrogram, it is seen that the distance between the
two group members is small, but the distance between
the groups is high. This result indicates that the control
group is similar in terms of its characteristics.

For the control group, the Hierarchical Clustering
method was also run in the WEKA program. The results
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Figure 4: (a and b) Hierarchical clustering and dendrogram chart of the patient group (Clustering chart and Dendrogram chart obtained by using the

R program as a result of dividing the patient group into two clusters)
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Figure 5: (a and b) Hierarchical clustering and dendrogram chart of the control group (Clustering chart and Dendrogram chart obtained by using the

R program as a result of dividing the control group into two clusters)
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obtained here were found to be divided into 2 clusters,
116 (99%) for Cluster 1 and 1 (1%) for Cluster 2.

According to the hierarchical clustering method, patient
and control group data in R and WEKA were examined
and the results were given in Figure 6.

As seen in the dendrogram in Figure 6, the patient
and control groups are distinctly separated, while the
members of each group are close to each other. Group 1
is formed by patients, and Group 2 has members of the
control group. The clear separation of the two groups is
due to the absence of clinical attributes of the disease
in the control group. Apart from this, the two groups do
not separate from each other in terms of other features.

Hierarchical Clustering method was also run in WEKA
program for patient and control groups. The results
obtained here were found to be divided into 2 clusters,
namely 235 (61%) for Cluster 1 and 117 (39%) for
Cluster 2.

Decision tree analysis results

For this method, which shows how the branches and
leaves of the tree are formed in certain cases from the
dataset, it was used for the patient + control group with
the ALS patient group and the control group without the
ALS patient. Other information about the disease status
was added to the dataset and the patients with and without
illness were coded. In both R and WEKA programs, no
rule could be obtained with this method and a tree model
consisting of nodes and leaves could not be formed.

As a result of the analyses, it has been determined that
the similarities or differences between patients and
control groups are mainly based on clinical findings
rather than demographic information.

In the literature, ALS is more common in men than
women. Similarly, in our study, the patient group

consisted of 62.1% male. In the total dataset, females
were (154) 43.75% and the males were (198) 56.25%.
There was no significant difference between genders in
terms of the disease status (P < 0.001).

While smoking was reported as an important factor in
the literature, smoking was not seen as a determining
factor in our study, and no significant relationship was
found between gender and disease status (P < 0.001).

It is seen in the literature there are discussions regarding
physical activity and the hypothesis that physical
activity is a risk factor for the development of ALS.
According to results from our study, no significant
difference was found in terms of daily life activity/
regular exercise (P < 0.001).

In the study, dendrogram and clustering graphics were
actively used to visualize the results and were seen as a
factor that facilitates the data evaluation process.

In addition to these results, the Decision Tree method,
which is one of the data mining classification models,
was tried in the study, but a distinctive feature that
enabled the formation of the tree did not occur.

DiscussioON AND CONCLUSION

Although various risk factors are mentioned in studies
on ALS, these factors are still being discussed as
the disease is a complex disease. In this study, the
relationships between the clinical and demographic
characteristics of people with and without ALS disease
were investigated using data mining methods.

It has been stated in many sources in the literature that
the prevalence of ALS patients in men is higher than that
of women. Therefore, the effect of gender differences
on other characteristics was examined in detail in the
study. According to the results of the study, the gender
difference can not be explained by clinical, genetic and
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Figure 6: (a and b) Hierarchical clustering and dendrogram chart of the patient and control group (Clustering chart and Dendrogram chart obtained
by using the R program as a result of dividing the patient and control group into two clusters)
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other demographic data. As for the progression of the
disease in terms of gender, no difference was found
between men and women. In addition, it was determined
that there was no difference in terms of environmental,
demographic and other factors investigated. Since most
of the patients included in the study had ALS in terms of
phenotype the investigated environmental, demographic
and other factors did not differ in the groups, in terms of
this phenotype.

Smoking, which is stated as an important factor in the
literature, was not found to be a determining factor in
our study, when the patient and control groups were
examined together.’*3"! This could be because of the
high number of patients with no data on smoking, or
because some had already given up smoking, and this
was not recorded in the dataset.

Although there is some evidence in the literature
regarding the effect of physical activity intensity or
regular exercise on the development of the disease, we
found no significant difference between ALS and control
groups in terms of physical activity.*®*? The reason for
that is thought to be not having sufficient information
about the exercise status of the patients.

The results obtained in the study emphasize the
importance of clinical findings in diagnosing the disease.
Clinical findings constituted the reason for the distinction
between the patient and control groups. In addition, it
was observed that minor differences between the patient
group occurred in terms of clinical features, but in our
study, this difference was not sufficiently explained by
the factors specified in the literature such as genetic
characteristics, gender differences, and environmental
factors.#44

In the process of examining the relationship between
patient and control groups in terms of clinical, genetic
and demographic factors, R and WEKA programs and
Classification, Clustering and Decision Tree methods
were used. The results, indicating that there is no
difference in terms of data relationships, were obtained
within the scope of the study.’**>31 Also, achieving
similar results in both R and WEKA programs shows
that the results can be verified. The results obtained
show that other than these programs, different data
mining tools or programs can be used and the obtained
outputs can be analyzed comparatively.

The fact that ALS is a complex disease and may
involve interactions of a large number of patient
attributes, means that the main limitation of the study
is the number of patients and the controls. We believe
in the future there will be larger datasets compiled, and
some of the data mining techniques we introduce here

will be used by researchers and physicians working in
this field.

Despite the limitations of the study, some meaningful
results were obtained with K-Means Clustering and
Hierarchical Clustering methods, but no results were
obtained with the Decision Tree method. The reason for
this is thought to be due to the insufficient number of
samples in the learning set.

Findings from the data mining analyses are an indication
that as the data collection process continues and the
number of cases increases, the clinical, demographic,
genetic and epigenetic risk factors can give new clues
about the progression of ALS. Therefore, it is thought
that multicenter, national, and international studies
including large datasets and control groups should be
continued in order to support the results.
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