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Abstract. This paper describes an experimental evaluation of the main
machine learning supervised techniques to be used for the human ac-
tivities recognition in the context of technological education using data
collected from smartphones sensors. The overall goal is to use the recog-
nition of activities to identify students with attention deficit or hyperac-
tivity problems, by recognizing three activities: walking, standing and
sitting. Hence, this work focuses on developing activities recognition
method of the students. The methodology consists in: collecting data
where the user explicitly states what activity he/she is doing; applying
various techniques to automatically recognize the activities; and mea-
suring the degree of accuracy of each technique. The results shows that
techniques such as Bayesian inference and SVM (Support Vector Ma-
chine) have smaller accuracy than techniques based on decision tree and
kNN (k-nearest neighbors). Furthermore, the techniques based on deci-
sion trees have a constant computational cost, while the kNN depends
on the number of samples.

Keywords: HAR, Human Activities Recognition, Machine Learning,
Digital Education

1 Introduction

The context of this paper is within the SAMSUNG Sensible School initiative,
investigating new learning technological models, instrumentation of the learning
environment, assessment of educational performance, intelligent recommenda-
tion, and tools for supporting planning activities in the classroom, all with the
main aim to improve the education quality. In this context, we want to promote
the correlation between educational tools with student behavior to infer more
appropriated learning styles parameters.

An area that is gaining a lot of space in the current research is the Human Be-
havior Computational Analysis, which usually investigates computational meth-
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ods for multimodal detection and modeling to better capture, analyze and un-
derstand qualitative, social and emotional aspects of human behavior.

In this case, it is possible to analyze and to extract information from ges-
tures, touch, movement, body language and even posture using sensors. Starting
from these sensor signals it can be inferred new information from what we call
“honest signals” i.e. people emit their activities and intentions, without even
being aware of it. For example, a person who is walking from one side to the
other may be sending a signal, often without realizing it, that he/she is anxious
or apprehensive. To capture the honest signals we can adopt several kinds of
sensors.

In this paper, we are particularly interested in the use of smartphones because
they have several different kinds of sensors (such as accelerometer, gyroscope,
GPS, direction, lighting, and others) and some of them can be used to make
such recognition at a relatively low cost mainly because we consider that the
vast majority of students already have one. The human behavior analysis can be
very useful in recognition of activities that help the education area, where you
can find evidence of, for example, attention deficit, hyperactivity, sleeping, level
of engagement, task orderliness and even emotional involvement level.

We evaluated experimentally the main techniques to automatically recog-
nize some human activities (walking, standing and sitting) in applications in
technological education. The adopted metrics were F-score, accuracy and com-
putational cost. Although there are several methods that can be used for the
recognition of human activities, in this paper we focused on machine learning
techniques, which are techniques that give computers the ability to learn without
being explicitly programmed. Learning can be supervised or unsupervised. How-
ever, in this paper we will only take into account supervised approach, which
are techniques that need to be trained before making the classifications and
recognitions.

The rest of the paper is organized as follows. Section 2 presents the main
concepts and definitions necessary for the understanding of the paper. Section 3
summarizes the main related work, and Section 4 describes the proposed method-
ology. Section 5 details the experimental results and, finally, Section 6 presents
the concluding remarks and future directions of this research.

2 Background

Mobile devices are increasingly integrated into the daily lives of people, helping
them in several types of activities. More recent devices have a set of sensors ca-
pable of monitoring environmental variables (atmospheric pressure, ultraviolet
rays, temperature), biological (heartbeat), physical (speed, acceleration, geospa-
tial coordinates), and others. Among these devices, the smartphones are the
most popular because they run various tasks, are easy to carry, to use and have
affordable cost.

The focus of this paper is the recognition of human activities in technolog-
ical education context. As we are considering that most students can carry a
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smartphone with himself, this is the device on which we have concentrated our
initial approach. Thus, we will use the Linear Acceleration sensors, Gyroscope
and Orientation, available in smartphones, to measure movement of the device
and classify some activities performed by the students.

2.1 Sensors

Linear Acceleration The linear acceleration sensor measures the acceleration
event of a smartphone from three predefined axes (Fig. 1(a)). This measurement
is obtained through three vectors (x, y, z - motion) and one vector (i - time):
Acci =< xi, yi, zi >, i = (1, 2, 3, ...). This sensor does not take the influence of
Gravity[1].

The data obtained through this sensor allows us to infer the physical motion
of its holder. Thus, if someone is walking and, stops suddenly, there is a change
in the amplitude and frequency of the signal from the sensor axis (Fig. 2). This
information is very relevant to the recognition of some human activities[2].

(a) Axes of Linear Acceler-
ation sensor

(b) Axes (pitch, roll e yaw) of
Orientation Sensor

Fig. 1. Reference axes of different types of sensors.

Gyroscope The Gyroscope measures the rotational rate of smartphone from
the motion of the axes of rotation (x), pitch (y) and direction(z). The data
are given in rad/s (radians per second) and assist applications for navigation
and games. In human recognitions area, together with the Accelerometer, the
Gyroscope can assist in detection of the mobile orientation and more accuracy
in human activities classification[2].

Fig. 2 shows the modules of linear acceleration and gyroscope in a same time
interval. We can verify that between 0 and 14.0 there is more oscillation in the
waveform behavior than between 14.0 and 21.0.

https://www.researchgate.net/publication/263285563_Activity_Recognition_with_Smartphone_Sensors?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/263285563_Activity_Recognition_with_Smartphone_Sensors?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
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Fig. 2. Signs from Linear Acceleration and Gyroscope

Orientation The orientation sensor provides the smartphone position relative
to magnetic north of earth using the rotation in the vertical, transverse and
longitudinal axes to calculate the angles generated by movements pitch, roll
and yaw (or azimuth) showed in Fig. 1(b). The angles generated by this sensor
are widely used in the classification of activities like walking, running, sitting or
standing up because there are angular variations in motions calculated by this
sensor.

2.2 Machine Learning

There are several approaches to classify human activities and many of them use
machine learning techniques which allow the computer, from a set of features,
”learn” and ”classify” what activity is happening. In this paper, we chose to
use supervised methods, i.e., those having both training and test phases [3]. The
training is to ”teach” the algorithm which information is relevant in a set of
features and which classification they must be associated [3]. In our work, the
feature set is coming from smartphone sensors. That is, each sensor contributes
with a feature that helps the classification algorithm to recognize a particular
activity.

k-Nearest Neighbor (kNN) According to Kaghyan and Hakob [4], K-NN
is a non-parametric learning algorithm much popular for supervised pattern
recognition. The main concept of this algorithm is to classify a new object from
attributes and training samples. It uses classification using the neighborhood
(”k” nearest neighbor in feature space) to predict the value of the instance in
question. During the training it is important to feed the algorithm with the
correct information.

Naive Bayes It is a supervised learning method that uses a probabilistic model
based on previous knowledge of the problem (Bayesian model) that combined
with training examples can determine the final probability [5]. Naive Bayes as-
sumes that, given a set that contain groups divided by values and attributes, it

https://www.researchgate.net/publication/286348776_Activity_recognitionusing_k-nearest_neighbor_algorithm_on_smartphone_with_triaxial_accelerometer?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
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is possible to predict in which group a new instance belongs. Thus, it is defined
as ”the probability of A given B”, that is, given a set of evidence B, what is
the probability of the hypothesis A to be B[6]. It is called naive because it is
assumed that attributes are conditionally independent, i.e., the information of
an event is not communicating about any other (which does not happen in the
most of practical problems).

SVM - Support Vector Machine SVM is a technique based in Statistical
Learning Theory[7], where they establish a number of principles to be followed
in obtaining classifiers with good generalization, and the ability to correctly
predict the class of new data from the same domain in which the learning occurs.
The basic idea of this method is to build a decision surface (hyperplane) that
separates the best way the training standards of the different classes. To perform
this task, this method uses predicting variables called attributes. When is used
in constructing of the hyperplane, the attribute is called feature, and the set of
features selected to describe a classification is named vector. The vectors nearby
the hyperplane are the support vectors. In practice, the goal of a SVM is to find
a linear hyperplane (decision limit) with a high level of generalization to the
standards provided as input in the classification process.

C4.5 Decisions trees are simple representation of knowledge and have been used
to implement classification algorithms. Thus, decision trees are effective methods
of supervised learning [8]. In a decision tree each leaf node is a decision, i.e., a
class and each branch represents a test [9].

In 1979, Quinlan [10] introduced one algorithm of decision tree, the ID3, and
after, in 1993, he presented the C4.5 algorithm as a improvement of the first
[11]. His method uses Shannon Entropy (probability distribution) to calculate
the Information Gain and Gain Ratio and measure the degree of mixing of the
classes. After this, it can rank the attributes and build the decision tree [9].

PART The PART is an algorithm for creating a set of classification rules that
are learned one by one without requiring a global optimization[12]. The inference
of the rules is generated repeatedly by partial decision trees. Thus, this method
combines two main paradigms: decision trees and divide and conquer. More-
over, this method avoids post-processing (tree pruning), increasing the speed
of training compared to the C4.5, for instance. The main advantages of PART
compared to other techniques are: the best performance in the classification rate
(Section 5) and the simplicity of the generated rules.

For our application, each generated rule is r : (condition)→ ”Ativity”, and
the final set of all rules is R = r1, r2, , rn. Thus, any rule (rx) ”covers” one
instance of our experiment, if the attributes of the instance satisfy all the rule
conditions, one sample subset is:

x1 : ‖ gyros1 ‖ > 0.79 & ‖ accs1 ‖ < 2.24 & ‖ gyrostd ‖ ≤ 2.03 &

‖ accs1 ‖ > 2.59 & rolls1 ≤ 20.19→ walking

https://www.researchgate.net/publication/243763580_The_Nature_Of_Statistical_Learning_Theory?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/2260730_Data_Mining_The_Search_for_Knowledge_in_Databases?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/265162251_A_comparative_study_of_decision_tree_ID3_and_C45?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/265162251_A_comparative_study_of_decision_tree_ID3_and_C45?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/226222944_Induction_of_Decision_Trees?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/2779742_Generating_Accurate_Rule_Sets_Without_Global_Optimization?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
https://www.researchgate.net/publication/220688794_C45_Programs_For_Machine_Learning?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
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x2 : pitchs1 ≤ −135.72→ sitting

x3 : pitchs1 ≤ −84.46 & ‖ accs1 ‖ ≤ 0.16 & ‖ gyrostd ‖ & ≤ 0.12→ stopping

As we can see, the simplicity of the rules allows them to be embedded in the
smartphone with a low cost of memory, besides being an updatable model that
will allow to include a larger set of activities in the future.

3 Related Works

Accelerometers and other sensors have been widely used in human activity recog-
nition. The processing of data from sensors and classification of a particular ac-
tivity depends on the approach used. Thus, Zhang et al. [13] used a hierarchical
model to classify six everyday activities: walking, posture transition, gentle mo-
tion, standing, sitting and lying. The approach of this work uses Kalman filters
to reduce the bias introduced by the noise sensor, for later, utilize the SVM clas-
sifier to discriminate whether the activity is ”motionless” or ”motion”, and then,
from the inside of one of these classes, to select one of the six target activities.
According to the authors, this approach has obtained 82.8% accuracy for the
classification of six activities.

Khan et al. [14] used an approach with different types of coefficients asso-
ciated with Artificial Neural Networks to classify four activities: lying down,
sitting, walking and running. The technique proposed achieves approximately
99% accuracy in the activities classification.

In addition to the accelerometer, Tapia et al. [15] proposed the use of heart-
beat sensor to increase the accuracy in classification. A total of three major
classes (posture, activities with multiple intensities, other activities) have been
uses and, inside of each one, subclasses, such as: lying down, walking, running,
among other. They used classifiers based on Naive Bayes and decision trees
(C4.5 DT) were used, in conjunction with other processes involving calculations
of distances of the axes, variance, peaks FFT.

Long et al. [16] classified five activities: walking, running, cycling, driving and
sports. This study compared a method of Bayesian classification (Naive Bayes)
with another approach based on decision tree (CAR). The Principal Component
Analysis (PCA) was used for the correlation between the features and to reduce
the characteristic dimension of the vector. The classifier based on decision tree
obtained 72.8% accuracy, while the Naive Bayes 71,5% (without PCA) and 72,5%
(with PCA), respectively. It was noticed that main trouble was the ambiguity
of the features related to activities such as walking, running and sports.

Koster et al. [17] proposed a highly adaptive context inference method called
Big Context. The goal is to recognize patterns in data and make a composition
with different contexts, but without a previous understanding of these patterns
or the analysis rules. In general, they use probabilistic recognition of activities,
which analyzes the signals and its impact on a given sequence of observations,
besides the modeling and the classification of semantic context, which provides

https://www.researchgate.net/publication/23933050_Accelerometer_Signal-based_Human_Activity_Recognition_Using_Augmented_Autoregressive_Model_Coefficients_and_Artificial_Neural_Nets?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
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support to reasoning through analysis of context and semantic rules. As proof of
concept, the authors presented a prototype of an application to find a parking
spot and to help the user to find where parked his car. This work is interesting
because it allows the adjustment of recognizers to deal with unexpected situa-
tions.

4 Experimental Methodology

The output of each sensor is a time series of values representing a physical
measurement. These values have a sequential order in time in which, each of
them have a correlation with its closest neighbors. The linear acceleration sensor
is an example of this kind of series in which the output S = {x0, x1, · · ·xn} is
the set of x values between 0 ≤ t ≤ n interval [18].

For recognize the user activities, first, we must represent S by a set of features.
Thus, if we have more discriminant are the features, easier will be to the classifier
to recognize and separate the activities. The flexibility of this approach allows
us to use a different set of attributes for each sensor type. The features selected
to the deployment of this work are: the average linear acceleration module (acc),
the average gyroscope module (gyro), the average pitch (pitch), the average roll
(roll) and the standard deviation of the gyroscope module. Finally, the feature
vector is:

[‖accx,y,z‖, ‖gyrox,y,z‖, pitch, roll, std(‖gyrox,y,z‖)]↔ User Activity.

We separate each sensor signals into frames with regular intervals of time
using a sliding window approach (Fig. 3). After that, each frame is represented
by its corresponding vector. The features values were obtained by applying the
following equations:

‖accx,y,z‖ = E
(√

acc2x + acc2y, acc
2
z

)
, (1)

‖gyrox,y,z‖ = E
(√

gyro2x + gyro2y, gyro
2
z

)
, (2)

pitch = E(pitch), (3)

roll = E(roll), (4)

std(‖gyrox,y,z‖) =
√
E(‖gyrox,y,z‖2)− E(‖gyrox,y,z‖)2, (5)

in which x, y and z vary according to the initial time (ti) and the final time (tf )
of the frame. The pre-processing of the dataset and the feature extraction were
carried out in MATLAB software. The classification step was performed using
WEKA [19].

https://www.researchgate.net/publication/257300157_Exploratory_Data_Analysis_of_Acceleration_Signals_to_Select_Light-Weight_and_Accurate_Features_for_Real-Time_Activity_Recognition_on_Smartphones?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
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Fig. 3. Getting the feature’s vector that represents the linear acceleration sensor by
applying the sliding window approach.

5 Experimental Results

The major challenge of our approach is to find the classification technique that
maximizes the relationship between classification accuracy and computational
complexity, enabling to run in a restricted hardware as a smartphone. For this,
we made comparisons between the classifiers described in Section 2, evaluating
the F-Score and the accuracy with the equations:

F − Score =
2 · precision · recall
precision + recall

, (6)

Accuracy =
TP + TN

P + N
, (7)

where TP , TN , P and N stands for: true positive, true negative, total of posi-
tives, and total of negatives, respectively. The F-Score quantify the balance be-
tween the total activity recognized among the total of activities that should be
recognized properly. The Accuracy quantifies the closeness of the result achieved
in relation to the optimal value [20].

Tables 1 and 2 shows the results of the F-score by activity, and Table 3
shows the Accuracy results for all activities tested. The experiments were re-
peated applying two different frame’s size and we count on the participation
of 18 volunteers. The last line of Table 1 is the average of the three activities,
highlighting in bold the best results. This metric shows a tie between the classi-
fiers kNN, PART, and C4.5. We also note that the average values improve with
the window size, mainly for SVM and Bayes. In Table 3, again, we observed an
insignificant difference between the accuracy of kNN, PART, and C4.5.

From the results presented in this section, we may conclude that there is no
significant difference in outcome between kNN, PART, and C4.5. However, kNN

https://www.researchgate.net/publication/289618532_Selection_of_time-domain_features_for_fall_detection_based_on_supervised_learning?el=1_x_8&enrichId=rgreq-fa3224ce-bfca-44a2-93d7-2edc7cd18c3f&enrichSource=Y292ZXJQYWdlOzMwMzA4NDU2NztBUzozNjI3NjM0OTU5ODUxNTNAMTQ2MzUwMDk2NTUxOA==
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Table 1. F-Score measurement separated by activity using a window sizes of 1 s.

Activity SVM kNN Bayes PART C4.5

Sitting 0.77 0.99 0.81 0.99 0.99
Standing 0.21 0.98 0.46 0.97 0.97
Walking 0.90 0.98 0.90 0.98 0.98

Average 0.62 0.99 0.72 0.98 0.98

Table 2. F-Score measurement separated by activity using window sizes of 2 s.

Activity SVM kNN Bayes PART C4.5

Sitting 0.78 0.99 0.88 0.99 0.99
Standing 0.29 0.99 0.64 0.98 0.98
Walking 0.91 0.99 0.90 0.99 0.99

Average 0.66 0.99 0.80 0.99 0.99

has a computational cost that grows proportionally to the dataset size (O(n2)),
where, in this case, we have 13591 instances, instead of PART and C4.5 that
have constant computational once the rules have already been generated. Once
trained, the classifiers SVM, Bayes, PART, and C4.5, have constant memory
cost, differently of the kNN that needs to maintain a complete copy in memory
of the dataset.

Table 3. Recognition accuracy by comparing different window sizes.

SVM kNN Bayes PART C4.5
Frame with 1 s 73.57 99.02 78.22 98.57 98.63
Frame with 2 s 74.68 99.58 83.68 99.15 99.08

In the classification tree model generated by C4.5 each path between the
root and the leaves might be considered a decision rule, but the procedure for
generating rules is different from PART. The final C4.5 model in our experiment
produced 96 leaves, different from PART that produced only 41 rules making
this easier to program and embed on a smartphone. From the different windows
tested we observed that increasing the size improves the results because more
points of the signals are used to calculate the mean and the variance. However,
to avoid losing short term activities, we decided to not increase the size over two
seconds.

6 Applications

In this work, we classify three activities: sitting, walking and standing (Fig. 4),
therefore, two Android applications were built. One of them collects data from
sensors for training and choice of the best algorithm of machine learning. The
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other app implements the algorithm chosen, i.e., the decision rules based on
PART (described at subsection 2.2).

Fig. 4. Recognized activities

6.1 Application ”Sensors” for data collect

The first app was implemented to collect data from sensors of Linear Accelera-
tion, Gyroscope and Orientation according to flowchart of the Fig. 6.

This application collects the labeled data of the three activities during two
minutes. Through the screen the person can choose the activity of which will get
the information. Three steps are necessary to accomplish all the gathering for
each one of the activities (Fig. 5). After the gathering, the data are automatically
sent to our server by Internet.

(a) (b) (c)

Fig. 5. The three steps of Application Sensors
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Fig. 6. Flowchart of Application for data collect from sensors
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6.2 Application of Activity Recognition

The second application was implemented using the 41 rules produced by PART
as mentioned previously (Sections 5) and works from the flowchart of Fig. 8.

(a) (b)

Fig. 7. Screens of Activity Recognition

Initially, the application just has implemented the decision rules using the
values of Linear Acceleration, Gyroscope and Orientation sensors, but, after,
was necessary to append information of Proximity sensor. These new data are
important because eliminate the possibility of the device to be out of the pocket
and try to classify some activity.

In Fig. 7, there are two screens. While the Fig. 7(a) shows the setup of Server’s
address, the Fig. 7(b) presents the details of the measures used for classification
of activity and applied in the decision rules of PART.

7 Conclusions

This paper detailed the methodology and experimental evaluation of the main
supervised machine learning techniques to be adopted for the human activities
recognition in technology education context. Data were collected from smart-
phones sensors because we consider that the vast majority of students already
have them. For the experiments, we consider the recognition of the following
activities: walking, standing and sitting.
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Fig. 8. Flowchart of Application for Activity Recognition
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We implemented two applications, the first collects data from various sen-
sors (Subsection 6.1), but for this experiment, we only use the gyroscope and
accelerometer data, and the pitch and roll, which are calculated by software us-
ing the orientation sensor data.The second apply the rules chosen from result of
the experiments showed in this paper (Subsection 6.2).

The methodology consisted in the calculation of the average linear accelera-
tion, the average gyro module, the average of the Pitch, the average of the Roll
and the standard deviation of the gyro module. Furthermore, we used a sliding
window approach for the calculation of the collected signals. Data analysis was
done offline using MATLAB software. The database has almost 14,000 instances
generated at different times using the smartphone Samsung Galaxy S5. We used
three metrics for evaluation, i.e. F-Score, accuracy and computational cost.

From the accuracy point of view, the results show that techniques based on
the decision tree (PART, C4.5) and kNN have higher F-Score, reaching 99% for
these techniques; and 99.6% (kNN), 99.1% (PART) and 99.1% (C4.5) accuracy.
We conclude that, statistically, there is no significant difference at the results
between kNN, PART and C4.5.

The computational cost of the kNN technique grows proportionally to size
of the database, unlike the PART and C4.5 techniques that has a constant com-
putational complexity, if, after training, the generated rules are maintained. As
we told, in Section 5, the cost of PART is smaller than C4.5 because there are
fewer rules generated by it. Then, from both points of view i.e. accuracy and
computational cost, we concluded that the best technique is the PART, which
is a decision tree-based technique.

As future work, we intend to collect, analyze and correlate the rate of ac-
tivities recognized with the attention deficit in order to generate inferences of
possible signs of hyperactivity in students of a public high school that has a
classroom of the Samsung Sensible School.
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