REVISTA ARGENTINA DE BIOINGENIERÍA, VOL. 25 (1), 2021

Association Rules Applied to the Detection of
the Subthalamic Nucleus for DBS Surgery in
Patients with Parkinson's Disease
Melisa Fernández 1, Marisa Battisti 1,2,
Alfredo Rosado Muñoz 3 and Luciano Schiaffino2,4
1
Science and Technology Faculty, Autonomous University of Entre Ríos, Oro Verde, Argentina
Laboratory of Rehabilitation Engineering and Neuromuscular and Sensory Researches, Engineer Faculty, National
University of Entre Ríos, Oro Verde, Argentina.
3
Electronic Department, Higher School of Engineering, Valencia University, Valencia, Spain.
4
Research Center, Life and Health Sciences Faculty, Autonomous University of Entre Ríos, Paraná, Argentina.

2

Abstract— Deep brain stimulation (DBS) is a therapy for effective treatment in the improvement of motor disorders of
Parkinson's disease (PD) based on a pulse generator and stimulation electrodes implanted in the patient and working as a
pacemaker of the brain. The most common stimulation zone for PD is the subthalamic nucleus (STN) of cerebral hemispheres.
During stereotactic surgery for DBS implantation, signals are obtained through recording microelectrodes (MER) at different
depths of the brain. MER are analyzed by neurophysiologists to define the physiological location of the STN involving several
hours of visual and acoustic analysis of MER signals during surgery.
The main objective of this work is to obtain an automatic classification algorithm based on class association rules with a good
performance and a brief classification time. An algorithm with these characteristics could be used in the future in the design of a
support tool that works in real time during a DBS surgery for STN detection.
The algorithm of Classification Based on Associations was applied to generate 5 classification models, from different variables
and discretization cut-off points. Statistical comparisons between the performance indexes showed very significant differences (p
<0.001) among all the classifiers. In particular, the M5 model presented the best performance indexes (Accuracy of 91.57% and
Sensitivity of 91.6 %) through the execution of 10 rules with high lift each, presenting the potential for STN detection in real time.
Keywords— Deep brain stimulation – DBS, association rules algorithm, microelectrode recordings – MER, Parkinson’s disease.

Resumen— La terapia de estimulación cerebral profunda (DBS) es un tratamiento eficaz en la mejora de los trastornos motores
de la enfermedad de Parkinson (EP). La DBS utiliza un generador de pulsos y electrodos de estimulación ambos implantados en el
paciente que actúan como un marcapasos del cerebro. La zona de estimulación más habitual para la EP es el núcleo subtalámico
(STN) de ambos hemisferios cerebrales. Durante la cirugía estereotáctica para la implantación de un DBS se obtienen señales a
través de microelectrodos de registro (MER) a diferentes profundidades del cerebro, las cuales son analizadas por neurofisiólogos
para definir la localización fisiológica del STN. Esta tarea demanda varias horas de análisis visual y acústico de las señales MER
durante la cirugía.
El objetivo principal de este trabajo es obtener un algoritmo de clasificación automático basado en reglas de asociación de clases
con un buen desempeño y un tiempo de clasificación breve. Un algoritmo con estas características podría usarse en el futuro en el
diseño de una herramienta de soporte que funcione en tiempo real durante una cirugía DBS para la detección de STN.
Se aplicó el algoritmo de Clasificación Basada en Asociaciones para generar 5 modelos de clasificación, a partir de diferentes
variables y puntos de corte de discretización. De las comparaciones estadísticas entre los índices de desempeño se evidenció que
existen diferencias muy significativas (p<0,001) entre todos los clasificadores, y en particular el modelo M5 presentó los mejores
índices de desempeño (Exactitud del 91,57% y Sensibilidad del 91,6%) mediante la ejecución de 10 reglas con alto lift cada una,
presentando potencial para detectar a futuro el STN en tiempo real.
Palabras claves— Estimulación cerebral profunda - DBS, algoritmo de reglas de asociación, microelectrodos de registro – MER,
enfermedad de Parkinson.

I. INTRODUCTION

P

arkinson's disease (PD) is a chronic and progressive
neurodegenerative disorder caused by the loss of
dopamine-producing cells in the substantia nigra of the brain.
It presents four major motor disorders: bradykinesia, rigidity,
resting tremor and postural instability [1]. An effective
treatment for PD is deep brain stimulation (DBS) therapy

consisting of an implanted pulse generator and stimulation
electrodes (see Fig. 1) working together as a pacemaker of
the brain. The most common stimulation zone for PD is the
subthalamic nucleus (STN) of both cerebral hemispheres [2],
[3]. The average STN dimensions (width, length, transverse
dimension) are 6.29 mm x 8.08 mm x 9.23mm respectively
[4].
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The anatomical localization of the STN is performed by
MRI and CT images and their fusion carried out prior to
surgery while the recording of the neuronal electrical signals
for the physiological localization is done by micro-electrode
recording (MER) obtained during surgery. Both techniques
are jointly the most used at present [5], [6]. The MER enter
the brain through different functional structures such as the
anterior thalamus (TH), the incerta zone (ZI), the
subthalamic nucleus (STN) and the substantia nigra pars
reticulata (SN) each one presenting specific electrical
registers [6] (see Fig. 2).
Rajpurohit et al. [7] worked with four classification
methods to detect STN structure from MER signal: Logistic
Regression (LR), Gaussian Naive Bayes (GNB), K-nearest
neighbors (KNN), and support vector machine (SVM). The
authors extracted 13 temporal features from 65 MER tracks
for classifier training. The accuracy of each classification
method was LR 83%, GNB 84%, KNN 81%, and SVM 83%.

Fig. 1: Electrical recording by MER of different basal nuclei of the brain.

Cagnan et al. [8] propose an own classification method
with a structure similar to a binary decision tree working with
two temporal and two frequency characteristics, with the aim
of detecting the entry and exit of the electrode in STN. The
algorithm achieved 88% in the detection of STN.
Bellino et al. [9] work have achieved with K-nearest
neighbor algorithm (KNN) a good performance (Accuracy
of 94.35%) to identify the STN off-line from the MER
records. But at the time of their test in the operating room the
accuracy was less and close to 70%.
Using a database built by the research group and
performing exploratory tests with individual supervised
classifiers, class association rules (CARs) presented a good
performance. The CARs have been reported for the detection
of epilepsy events from the EEG registry [10] or for the
prediction of PD symptoms based on an initial evaluation of
the patient and the indicated drug therapy [11], but have not
yet been used for the detection of STN from MER data.
The main objective of this work is to obtain a
classification algorithm using CARs with a good
performance and a fast classification time to be used in the
future like a part of a support tool that works in real time
during a DBS surgery for the STN detection.
II. MATERIALS AND METHODOLOGY
A. Data registration.
The records of neuronal electrical activity at different
depths of the brain were obtained from bilateral DBS surgery
was performed in 14 non-medicated patients with PD, aging
57 ± 6 (eight male/six female), where the stimulator was
implanted in the STN. The patients were selected according
to medical criteria following protocol for indication of DBS
[1]. These surgeries were performed at the Hospital La Fe in

Valencia, Spain. All of the patients met medical accepted
selection criteria and signed an informed consent for DBS
surgery with MER. These investigations use human data
were carried out following the rules of the Declaration of
Helsinki. The Ethical Committee for Biomedical Research of
La Fe Hospital approved the research procedures for the
project with registration number 2015/0824 in May 17, 2016.
The surgical procedure used is detailed in [3]. Recording
was carried out with the MicroGuide ProTM system (Alpha
Omega, Israel) using 2 MER per hemisphere with that
entered parallel and simultaneously with a separation of 2
mm. Records were obtained at 12 kHz with a 16-bit
converter, having a gain of 10000x applying a line filter at
50 Hz and a Butterworth bandpass filter between 200 Hz and
6000 Hz. The data acquisition was started 7 mm before the
STN with an advance of the MER in steps of 0.2 mm,
recording at least 30 s in each position. As the electrodes
went through different structures of the brain, two
neurophysiologists continuously analyzed the electrical
recordings establishing whether they corresponded or not to
the STN.
B. Characteristics obtained from MER data.
Signals were processed in 4 s windows overlapped 50% in
order to calculate 17 temporal features, in an off-line
analysis. It was demonstrated in [12] that this window size is
optimal to capture enough spikes to detect changes in
subcortical structures and small enough for real-time
processing. The records were used as they were exported
from the Alpha Omega MicroGuide Pro TM equipment. Only
the records acquired during the time when the MER was
descending from one position to another were eliminated
since they were heavily noisy. For valid records the
following features were calculated as proposed in the state of
art [12], [13]:
• Independent characteristics of the spikes:
VAB: basal amplitude value; KURT: kurtosis of the
signal; CL: curve length; TH: threshold of amplitude; PK:
number of peaks; RA: RMS of amplitude; NE: non-linear
average energy; ZC: crosses by zero.
• Dependent characteristics of the spikes:
SBI: Burst index; SP: Pause ratio; SPR: Pause ratio; SC:
Trigger frequency in spikes per second; SMAD: average
differential amplitude; SCR: Spike count ratio; SSD:
Standard deviation of the intervals between spikes; Average
SSD: average of the intervals between spikes; Medium SSD:
median intervals between spikes.
A standardization of the characteristics was made for each
subject with its own mean and standard deviation in both
cerebral hemispheres.
All calculations of the present work were made using
RStudio (RStudio, Boston, MA, USA) and Matlab ® R2017a
(The MathWorks, MA, USA) on a Satellite P50t-B computer
(Toshiba America, Irvine, CA, USA) on Microsoft®
Windows 10.
The database was formed with 34898 records of 4 s
windows in which we calculated the 17 features listed above,
each window was labeled as STN or non-STN according to
the data provided by trained neurophysiologists and coregister images. In this context, 52% of the total windows
corresponded to the STN class.
C. Classification models based on association rules.
Let I={i1, i2,…, im} be a set of items. Let D be a set of
transactions (the dataset), where each transaction d (a data
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record) is a set of items such that d ⊆ I. An association rule
(AR) is an implication of the form, X⇒Y, according to Eq. 1
[14].
The strength and sense of the relationship are measured
with different indicators of the AR: support (supp),
confidence (conf) and confidence improvement (lift) [10].
The rule X⇒c has support s in D if s% of the cases in D
contain X and are labeled with class c (Eq. 2) A rule X⇒c has
confidence p in D if p% of cases in D that contain X are
labeled with class c (Eq. 3). Lift (Eq. 4) measures how many
times more often X and c occur together than expected if they
were statistically independent [14]. If the resulting value is
greater than 1, then X and c are positively correlated,
meaning that the occurrence of one implies the occurrence of
the other. If the resulting value is equal to 1, then X and c are
independent and there is no correlation between them.
supp ( X  c ) = PX  c

conf ( X  c ) =
lift ( X  c ) =

supp ( X  c )
supp ( X )

supp ( X  c )
supp ( X ).supp (c )

(2)
(3)
(4)

One of the efficient algorithms for mining association
rules is the Apriori algorithm that finds AR in a transaction
data of items [14]. A classification dataset, however, is
normally in the form of a relational table, which is described
by a set of distinct attributes (discrete and continuous). Each
data record is also labeled with a class c. The AR mining
does not handle continuous values and is necessary first
discretize each continuous attribute into intervals. After
discretization, we can transform each data record to a set of
pairs and a class label, which is in the transaction form.
To generate all rules for classification, is necessary to
make some modifications to the Apriori algorithm because a
dataset for classification has a fixed target, the class attribute.
Thus, we only need to generate those rules of the form X⇒ci,
where ci is a possible class. We call such association rules
the class association rules (CARs) [14]. For the purpose of
classification, rule pruning may be performed to remove
those overfitting rules, which are rules with many conditions
and covering only a few data records.
In the present work we used the algorithm of classification
based on associations (CBA) [15] consists of two parts: 1) a
rule generator that is based on the a priori algorithm for
finding association rules using support and confidence
thresholds, and 2) a classifier constructor for pruning the set
of CARs.
Given two rules, ri and rj , ri ≠ rj (also called ri precedes rj
or ri has a higher precedence than rj) the importance of the
rules is ordered under the following criteria [10]:
1. the confidence of ri is greater than that of rj, or
2. their confidences are the same, but the support of ri is
greater than that of rj, or
3. both the confidences and supports of ri and rj are the
same, but ri is generated earlier than rj.
The main advantage of the CARs are the low
computational cost and the easy interpretation of the
obtained models [15].
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D. Model building using CBA
Before generating the models with CBA, the range of the
values adopted for each temporal characteristic were
X  Y , such that X  I , Y  I and X  Y = ∅ (1)
discretized using CART decision trees algorithm. The
RPART package of R software (R Foundation for Statistical
Computing, Vienna, Austria) was used for the discretización
process. In some cases, the results of discretization for the
same variable, presented different solution intervals, so was
chosen only one with the highest dependence with the classes
to be classified. To determine this dependence, the chisquare statistic with Yates correction was applied.
Five models were built using CBA algorithm and named
as M1, M2, M3 M4 and M5. All models except M3 were
generated choosing the best model resulting of 14 training
sub-sets and validation of the database. To generate subset 1,
data from patient 1 was taken for validation and data from
the rest of the patients (2 to 14) for training and so on as
proposed in [16] (leave-one-patient-out). Then we selected
the two models the highest area under ROC curve (AUC)
named M1 and M5 and two models with least amount of
CARs, named M2 and M4. The model M3 was generated
with CBA using the complete base of a sample stratified by
patient with a simple allocation of 70% for training and the
rest for validation. The selection of variables and range of
each interval and model are presented in Table I.
TABLE I
SELECTION OF VARIABLES (VAR.) AND DISCRETIZATION (DISC.)
INTERVALS.

M1 and M2

M3 and M4

Var. Disc. Interval Var.
PK
1
(-∞,.16] PK
(.16,∞) PK
PK
2
SPI 1
(-∞,-.35] CL
(-.35,∞) CL
SPI 2
SPR 1
(-∞,-.07] SMAD
SPR 2
(-.07,∞) SMAD
SC
1
(-∞,-.22] SMAD
SC
2
(-.22,∞) NE
ZC
1
(-∞,.92] NE
ZC
2
(.92,∞) KURT
KURT

Disc.
1
2
1
2
1
2
3
1
2
1
2

Interval
(-∞,.2]
(.2,∞)
(-∞,-.25]
(-.25,∞)
(-∞,-.4]
(-.4,-.29]
(-.29,∞)
(-∞,-.5]
(-.5, ∞)
(-∞,-.206]
(-.206, ∞)

M5
Var.
PK
PK
CL
CL
SCR
SCR
ZC
ZC

Disc.
1
2
1
2
1
2
1
2

Interval
(-∞,.2)
[.2,∞)
(-∞,-.25)
[-.25,∞)
(-∞,-.11)
[-.11, ∞)
(-∞,1.4)
[1.4, ∞)

Each of these models, through a combination of the values
of the variables, establish rules to differentiate with high
confidence the STN area. The models were generated using
the arulesCBA package of R software (R Foundation for
Statistical Computing, Vienna, Austria).
III. RESULTS.
All models have high values of confidence and lift as is
showed in Table II. When analyzing the percentage of rules
in each model having a lift value greater than 2, it represents
50% for M1 and M2, 40% for M3 and M4 and 60% for M5.
Consequently, in the M5 model the antecedent and
consequent appears together more frequently than in the
other models. As it can be observed in Table II, M5 and M1
are the models with least and largest numbers of rules
respectively.
To compare the performance of the models, the following
indexes reported in the state of the art [7]–[9], [16] were
used: accuracy (ACC), sensitivity (SEN), specificity (ESP),
Kappa index and time demanded by the classification
process (Tval). Table III presents the main performance
indicator for all models. It can be seen that classifiers M1,
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M2 and M5 validate quickly and at similar times, being M5
the one demanding the shortest time.
Given that they are paired samples and not following a
normal distribution (verified by Kolmogorov-Smirnov, with
rejection of null hypothesis with p-value <0.05), the
Friedman statistical test was used and then Nemenyi as a
post-hoc test, its results are shown in Table IV.
Although all the trained classifiers present an acceptable
performance (ACC> 0.89), M5 has a statistically very
significant improvement with respect to ACC and the Kappa
index in relation to the rest of the models and it also exceeds
M2 (p<0.001), M3 (p<0.001) and M4 (p<0.001) in SEN. M2
(p<0.001) and M4 (p<0.001) present better ESP as compared
with M5. However, this indicator is not fundamental for the
research problem since it measures the classifier ability to
distinguish the non-STN class.

In these studies [7], [8] where 10 cross-validation was
likely to occur in favor of the performance accuracy of the
classifiers used. Our work uses all the records obtained from
a patient as test data so this situation is adjusted to what may
happen during surgery when using M5.
The classifier M5 based on association rules obtained the
best performance indices and the model used the least
number of rules. The PK, CL, SCR and ZC temporal
characteristics involved in M5 turn out to be the relevant
ones to identify the STN area from the MER records.
We conclude that under our experimental conditions M5
has the potential to be used in the future like a part of a
support tool that works in real time during a DBS surgery for
the STN detection.
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