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Abstract Educational data mining techniques are very useful to analyze
learner performance in purpose to optimize the approach of item-to-skill map-
ping. Therefore computing a degree of similarity between items using different
measures based on the performance of the learner toward items, enhance the
clustering of different items into knowledge components. This paper proposes
a computational framework to group the elements of the corresponding knowl-
edge component. The first phase of the framework represents a variation of
Pearson coefficient to measure item similarity by applying a penalty score that
is calculated from the number of hints taken by the learner during solving two
items. The second phase applies a dimensionality reduction using deep auto en-
coders to improve the clustering accuracy. The experimental results show that
clustering based on the penalized Pearson coefficient and the deep dimension-
ality reduction (PPC+DDR) outperforms basic clustering based on different
similarity methods , with approximately +0.2 in Mean silhouette coefficient.
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1 Introduction

Course curricula are usually organized in a meaningful sequence that evolves
from relatively simple lessons to more complex ones. Incorporating prerequi-
site skill structures into education systems helps identify the order in which
concepts should be presented to learners to maximize their success. Many
skills have a strong causal relationship in which one skill must be presented
and mastered by the learner before another (hierarchy of skills according to
prerequisites). To sequence learning in an intelligent tutoring system (ITS),
we refer to prerequisite structure as the relationships among skills that place
strict constraints on the order in which skills can be acquired. Recent interest
in computer assisted education promises large amounts of data from students
solving items: questions, problems, parts of questions . . . That data are used
to create student models. These models represent an estimate of skill profi-
ciency at a given point in time [8]. Student models are often used to personal-
ize instruction in tutoring systems or to predict future student performance.
Prior work has investigated how to discover prerequisites among items without
considering their mapping into skills[6][3]. Item-to-skill mappings (also called
Q-matrices) are desirable because they allow more interpretable diagnostic in-
formation. They are standard representation used to specify the relationships
between individual test items and target skills. There are two approaches to
item-to-skills mapping: Model-based approach, and Similarity-based ones that
are based on the assumption that learners will tend to perform similarly on
items that require the same skill, so we need to identify similarity between
pairs of items. Our work falls into the second approach (Similarity-based). In
this paper, we present a PPC-DDR architecture based on: Firstly, a proposed
measure, we call penalized Pearson coefficient PPC, to calculate similarity
score between two items; and secondly, a deep auto encoder to reduce the
dimensionality of the Item to Item similarity matrix (Deep Dimensionality
Reduction DDR). A set of experimental results were conducted to evaluate
the proposed approach on the corresponding data set.
The rest of the paper is structerd as follow: Section 2, review some related
works in educational datamining , Then we descriped, and explained our
proposal in section3. We conducted a set of experiments and comparison in
section4 to evaluate our proposal. Finally, we concluded our work in section 5
with a general overview and perspectives.

2 Related works to educational items clustering

As mentioned above, item-item similarity is a crucial phase to perform a rele-
vant educational item clustering. Therefore, many researches have been intro-
duced in the literature. where:
Jiŕı Rihák and Radek Pelánek applied an automatic computation of item sim-
ilarities based on learners’ performance data using different measures such as
pearson yule ,jaccad with different setting and different levels .The results
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showed that The Pearson correlation coefficient is a good default choice. [12].
Dharaneeshwaran et al Calculated the User-item Similarity using Pearson’s
and Cosine Correlation by using three different techniques for computing sim-
ilarities for obtaining a recommendation for them[7]. Pelánek et al proposed
a systematic approach to study similarity measures, they made an evaluation
of similarity measures for several introductory programming environments[2].
Nazaretsky et al proposed a new item similarity measure named ‘Kappa learn-
ing’ which compute the similarity between items based on the response data
giving by the learner , they took in consideration improving the sequence of
the knowledge skills [11]. Bjørn et al developed a framework using an artificial
neural network model to show the main differences between various types of
similarity measures[10]

3 Proposed Architecture

Regrouping items into KC based only on similarity measuring through learner
performance correct /incorrect answers, may leads to assigning items to the
wrong cluster .Taking the assumption where for two items the answer of the
learners were correct yet after asking for a lot of hints.Here if we only based
on the correctness ratio we may assign the two items under one cluster yet
looking to high hint asking frequency , we can’t ignore that the learner was
not able to answer the items without taking a considerable set of hints , which
open the question about the similarity between the two items , if it is really
high as it was computed or not. Illustrating that assumption, lets take the
two items i1 and i2 where i1 : (7 − 5) and i2 : (5 − 7), the two items can be
yield in the subtraction knowledge but to achieve the answer of the second
item the learner need to have a prerequisites in negative number skill. So, he
will ask for aid in order to answer the second item correctly , which reduce
the similarity between i1 and i2 , here we propose to take in consideration the
number of hints asked by the learner to answer the two items since we don’t
have a certain order on knowledge retrieval, So , the learner may answer i1
than i2 or the reverse in order to build a certain skill. Therefor we applied a
penalty score on the coefficient similarity between i1 and i2.

3.1 Penalized pearson

Lets denote Lu,i the learner-item matrix , where u represents the learner and
i the item. From this matrix we compute the contingency matrix (table 1) of
each item i to item j as well as counting the following combination:

• Nbcorrect: is the number of the passage of the items i and j with the out-
come=correct given by the learner.

• Nbincorrect: is the number of the passage of the items i and j with the
outcome=incorrect given by the learner .
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itemi
Incorrect Correct

itemj
Incorrect a b
Correct c d

Table 1 item-item contingency matrix

• Nbhint: number of hint asked by the learner during solving the items i and
j

• N : total passage on the two items
∑

(Nbcorrect, Nbincorrect, Nbhint). Next
we define a coefficient λij that is calculated following equation1. λ value is
between 0 and 1.

λ =
Nb

N
(1)

The final step is to calculate the item similarity score between i and j. As we
mentioned above we proposed a Pearson variation that is based on a penalty on
the score between the two items. Taking The Pearson formula as it is defined
in (equation 2), after we apply a penalty on it based on λ.

Ps =
(a× d)− (c× b)√

(a+ b)× (a+ c)× (b+ d)× (c+ d)
(2)

When calculating the number of hints the more the learner asks for hints the
bigger λ is i.e.λ is closer to one, so multiplying the Pearson score directly to λ
will apply a higher penalty(λ closer to zero) on items with a few or no hints.
To over come this we multiply the similarity score by (1 − λ) to reverse the
penalty score. Therefore we obtain the formula in equation3

Ps =
(a× d)− (c× b)√

(a+ b)× (a+ c)× (b+ d)× (c+ d)
× (1− λ) (3)

The algorithm 1 , explains the steps that we followed in order to calculate the
item-item similarity matrix based on the proposed PPC.

3.2 Dimensionality reduction

After constructing the item similarity matrix , it may hold lot of noise due to
its high dimensionality , that leads to poor results in clustering items, therefor
ye apply a dimensionality reduction using deep auto encoder to learn a new
features’ representation. Though before proceed to the dimensionality reduc-
tion phase we passes through a data preprocessing as follows:
Eliminating irrelevant items: We eliminated items that have a number of miss-
ing values that is equal to or more than 40% missing values.
Imputation of missing values: Missing values is a well-known problem in data
science that need to be handled because they reduce the quality for any of
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Algorithm 1: Penalized Pearson Coefficient to construct item-item
similarity
Data: learner-item, a, b,c,d, N, Nbhint, λ
Result: item-item
for each itemi in leaner-item do

for each itemj in learner-item do
Initialize to zero (a,b,c,d,N, Nbhint);
for each learner in learner-item do

Get Infoiteml,i;
Get Infoiteml,j ;
Update(a, c , b , d);
Update(Nbhint);
Update(N);

end
if Nbhint=0 then

λ=0
end
else

Update lambda (equation1)
end
Calculate PPC (equation 3);
Assign item− itemi,j

end

end

Fig. 1 Dimensionality reduction auto encoder

our performance metrics. We Imputed our data for completing missing values
using k-Nearest Neighbors imputer, where Each sample’s missing values are
imputed using the mean value from k-neighbors found in the dataset. Then
we used Z score to normalize it.

3.2.1 Deep Auto encoder

Our architecture is based on Unsupervised learning , where we used deep au-
toencoders to reduce the dimensionality[1] of item-item matrix for improving
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Number of Students/Learners 36
Number of Unique Steps 3,735
Total Number of Steps 24,890

Total Number of Transactions 71,553
Total Student Hours: 334.24

Knowledge Component Model(s):

• Default (7 knowledge components)
• Single-KC (1 knowledge component)
• Unique-step (2192 knowledge components)

Table 2 Data set statistics

the clustering phase by eliminating any noises data and to learn better de-
scriminative reduced features space.
Let’s denote the item-item matrix I of range M×N , each i represents an item
that to be further clustered and each j is the item feature used for training
a clustering model. The proposed auto encoder is a symmetric deep model
where the encoder takes the input X and encoded it into a latent space of
range K where K < M . The decoder serves to reconstruct the input X as the
output X ′, where X ≈ X ′. The consistency of the autoencoder was evaluated
using the mean-square-error (mse) (equation 4), that calculates the difference
between X and X ′.

mse = 1/n
n∑

i=1

(yi − y′i)2 (4)

4 Experimental results

In order to evaluate the correctness of our proposal we conducted an exper-
imental scenario on an educational dataset and draw a set of comparison to
evaluate the performance of the proposed topology. The deep learning archi-
tecture was implemented using keras package [4]

4.1 Data Collection and preparation

From the DataShop, (https://pslcdatashop.web.cmu.edu/) educational data
repository we collected the. ’FrenchLanguage2’, which is a dataset (table 2)
corresponds to an e-learning French course. One of the steps in the problem
solving pipeline that is of huge importance is data preparation. Missing this
step would cause the results of the analysis to be misleading. In this step we
have 3 phases :
1.Choice of features that we use during our work : In our work , we focus on
learner performance , which it is related to the item,and the outcome provided
by the learner : (correct /incorrect) or taking a hint. The description of features
is described in table 3 . 2.Elimination of items passed by just one student:
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Feature Description Total Number
Anon Student Id ID of the student 36
Problem name items 749

Outcome The response giving by the
student (correct/incorrect) Or
taking a Hint

—

Table 3 Final dataset description

Parameter Value
Activation function tanh

Epochs 400
batch-size 100
Optimizer sgd

loss mse (0.5)
encoder (200,100,50,30)
decoder (50,100,200)

Table 4 Parameters of deep auto encoder

Before , the construction of the learner-item matrix we have to keep only
those items that have been taken at least by one learner(equation5):

numberitem = Mitem,learner. |Mitemlearner > 0 (5)

3.Construction of the Learner-Item matrix : The learner-item matrix contains
the counts of how many times a student passed through the same item and
the outcome of each transaction whether its correct, incorrect, or asking hint.

4.2 Dimestionality reduction autoencoder training

We construct a deep symmetric autoencoder with an input layer of 737 nodes.
Three middle layers with 200, 100 , and 50 nodes respectively, besides a bottle-
neck layer with 30 nodes that represents the latent space used in clustering. An
decoder with three middle layer with 50, 100, 200 nodes respectively and an
output layer composed of 737 nodes. The model was trained using a stochas-
tic gradient descent optimizer[14] and mini-batch training. To train our model
and select the best parameters settings we used hold-out cross validation and
split our data set into 80% training and 20% testing, where we trained the
autoencoder on the training set and test it’s performance on unseen dataset
through thousands of executions and we found that our model converge to it’s
performance (figure2) using the parameters illustrated in table 4.
Although, the objective of using an autoencoder here was not the reconstruc-

tion of the input X,yet evaluating the similarity between X and X ′ still the
best factor to observe and decide whether the learned latent space was able
to map the input towards the output with a little amount of loss. Here our
trained model achieved an error score of 0.5, without a noticeable overfitting,
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Fig. 2 Training loss of Deep auto encoder

Fig. 3 WCSS Elbow graph to define clusters

which is considered a very promising score that allows us to use the learned
latent space matrix I ′ of range M ×K.

4.3 Clustering

The last step of our experimentation is the clustering using the kmeans model
as well as the implementation of WCSS to define the optimal number of clus-
ters. As shown in figure3 that plots the elbow graph of the WCSS algorithm
among 15 cluster , the edge falls between four and two clusters so the best
option of cluster number is three.

4.4 Results and discussion

We performed a comparison of our proposal with state of the art methods
by evaluating the following three metrics: Mean Silhouette Coefficient(MSC)[13]
, Calinski-Harabasz Index (CHI)[9], and Davies-Bouldin score (BDS)[5]. After
the choice of the metrics we selected three state of the arts similarity measure-
ments methods, namely Pearson, Yule and Kappa. Table 5 exhibit the overall
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MCS CHs DBS
PPC-DDR 0,42 1031.04 1.17

Pearson 0,20 146.22 1.36
Yule 0.21 191.3 1.61

Kappa 0,14 160.19 2.01

Table 5 Performance of PPC-DDR and other similarity models

(a) (b)

Fig. 4 Performance of the methods with dimensionality reduction (a): MSC and DBS
metrics, (b): CHs metric

performance of our penalised dimensionality reduction approach compared to
the other methods across all metrics, where we can visualize the huge supe-
riority between the four models. The PPC-DDR was able to score a MCS of
0.42 compared to 0.20 by Pearson, and 0.1, 0.14 using Yule and Kappa re-
spectively. In terms of CHs and DBS, PPc-DDR performance was also higher
than the performance of the other models. It is really surprising the fact that
the performance’ differences between our proposal and the other models, and
may open a perplex about whether this is real or imaginary. To address this
question , we assumed that this scoring gap can be due to not applying di-
mensionality reduction after using pearson, yule and kappa before clustering.
To check this assumption, we draw another test for two reason, the first to
check the difference of performance between the models with and without di-
mensionality reduction. Besides to test if our model can still perform better in
same conditions as the other algorithms. To perform this test used the before
mentioned similarity measuring methods in addition to dimensionality reduc-
tion on the outputs of those methods. The results shown in figure4, visualize
the performance of our PPC-DDR and the other methods plus dimensionality
reduction, where we can notice the huge improvement in pearson, yule and
kappa performance, when applying dimensionality reduction compared to the
previous results as well as, it is clear that our model still able to compete
with the three methods, in which we notice that the proposed approach out-
performed the other methods in terms of MSC ,and CHs . Yet we also notice
that yule plus deep dimensionality reduction was able to achieve better score
in terms of DBS. This second comparison allowed us to understand the deep
impact of dimensionality reduction on the clustering phase. As well as we as-
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sume that superiority of the yule algorithm maybe due to the tested data set,
therefore using other dataset may help to visualize the performance of our
proposal.

5 Conclusion

In this work we explored the integration of data mining in learning systems
,which have as an object : optimizing the learning methods, managing the
large pool of items( questions, problems). Collecting data about learners’ per-
formance can be used to get insight into item properties. So,it is useful to ana-
lyze item similarities, which can be used as input to clustering or visualization
techniques. Where we proposed Penalized Pearson coefficient to measure item-
similarity and integrated deep learning by reducing the representation space.
The obtained results were very promising , which inspired us to explore further
in this field, and work on the order in which concepts should be presented to
learners to optimize their success .
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12. Rihák, J., Pelánek, R.: Measuring similarity of educational items using data on learners’
performance. In: 10th International Conference on Educational Data Mining.Wuhan,
China:International Educational Data Mining Society, pp. 16–23 (2017)

13. Wang, F., Franco-Penya, H.H., Kelleher, J., Pugh, J., Ross, R.: An analysis of the
application of simplified silhouette to the evaluation of k-means clustering validity (2017)

14. Yang, J., Yang, G.: Modified convolutional neural network based on dropout and the
stochastic gradient descent optimizer. Algorithms 11(3) (2018)

143


	Assessing Combinations of Artificial Neural Networks Input Meteorological Parameters to Improve Daily Runoff Simulation., Aoulmi Yamina
	Self-Organized Navigation in Multi-Robot System Based on the Behavioural Fuzzy Controller, Teggar Hamza
	Using Artificial Intelligence for Microgrid Operation and Control in Presence of Sustainable Power Systems, Nour El Yakine Kouba [et al.]
	Fuzzy Direct Torque Control of Electric Vehicle with Dual Induction Motors Fed by Five Leg Inverter, Kadri Farid [et al.]
	A Comparative Study between the Two Applications of the Neural Network and Space Vector PWM for Direct Torque Control of a DSIM Fed by Multi-Level Inverters, Benaouda Omar [et al.]
	Multiple Fuzzy Diagnosis for Voltage Source Inverter Open Circuit Fault in Torque Direct Control Induction Motor Drive, Tamissa Younes [et al.]
	Big Data Veracity: methods and challenges, Moutassem Benabderrahmane [et al.]
	Effective Recognition of Handwritten Arabic Text, Zennaki Mahmoud [et al.]
	Interval versus Histogram of Symbolic Representation Based One-Class Classifier for Offline Handwritten Signature Verification, Djoudjai Mohamed Anis [et al.]
	Residual Neural Network for Predicting Super-enhancers on Genome Scale, Sara Sabba [et al.]
	Machine Learning Algorithms for Big Data Mining Processing: A review, Djafri Laouni [et al.]
	Digital Text Authentication Using Deep Learning: Proposition for the Digital Quranic Text, Touati-Hamad Zineb [et al.]
	A Modified NSGA-II with Silhouette Coefficient and K-means Clustering, Mahammed Nadir [et al.]
	Prediction of Cancer Clinical Endpoints Using Deeplearning and RPPA data, Zenbout Imene [et al.]
	Clustering Educational Items from Response Data using Penalized Pearson coefficient and deep autoencoders, Harbouche Khadidja [et al.]
	ParPredict: A partially-ordered sequential rules based framework for mobility prediction, Amirat Hanane
	Rational Function Model Optimization Based On Swarm Intelligence Metaheuristic Algorithms, Oussama Mezouar [et al.]
	Experimental study of an active learning algorithm dealing with noisy labels, Bellahdid Nouara
	Maximum Power Point Tracking of a Wind Turbine Based on Artificial Neural Networks and Fuzzy Logic Controllers, Boulkhrachef Oussama [et al.]
	Deep Neural networks based TensorFlow Model for IoT lightweight cipher attack, Tolba Zakaria [et al.]
	Electric Differential with Fuzzy logic Controller for direct wheel drive Electric Vehicle, Khatir Tabti [et al.]
	Sentiment Analysis of Algerian Dialect Using a Deep Learning Approach, Klouche Badia [et al.]
	multi-agent system for an adaptive intrusion detection, Cheikh Mohamed [et al.]
	Do We Need Change Detection for Dynamic Optimization Problems?, Boulesnane Abdennour [et al.]
	A CBR approach based on ontology to supplier selection, Mokhtaria Bekkaoui [et al.]
	Recognizing Arabic handwritten literal amount using Convolutional Neural Networks, Korichi Aicha [et al.]
	A Novel Separable Convolution Neural Network for Human Activity Recognition, Boudjema Ali [et al.]
	Deep approach based on user's profile analysis for capturing user's interests, Benkhelifa Randa [et al.]
	Multi Agent Systems based CPPS – An Industry 4.0 Test Case, Bendjelloul Abdelhamid [et al.]
	Feature Selection using F-score Method for Offline Arabic Handwritten Fragment Identification, Azzoug Soraya [et al.]
	Ranking social media news feeds: A comparative study of Personalized and Non-Personalized prediction models, Belkacem Sami [et al.]
	Imbalanced datasets: Towards a better classification using boosting methods, Djafri Laouni [et al.]
	A social media approach for improving decision-making systems, Sadat Islam [et al.]
	Human-Machine Interaction based on Eye Command: Algorithm to detect the movement of the eyes and recognize the command, Benkerzaz Saliha
	Theoretical Model of Traffic Signal Timing Optimisation Improved On ant colony Optimisation and Symbiotic Organism Search, Kouidri Chaima [et al.]
	Machine Learning Based Indoor Localization using WiFi and Smartphone in a Shopping Malls, Kamel Maaloul
	Offline Arabic Handwriting Recognition Using a Deep Neural Approach, Benbakreti Samir [et al.]
	Applying Artificial intelligence techniques for predicting amount of CO2 emissions from calcined cement raw materials, Yakoub Boukhari
	Local Directional Strength Pattern for effective Offline Handwritten Signature Verification, Arab Naouel [et al.]
	Ball bearing monitoring using decision-tree and adaptative nero-fuzzy inference system, Euldji Riadh [et al.]
	Artificial intelligent in upstream oil and gas industry: a review of applications, challenges and perspectives, Kenioua Abdelhamid [et al.]
	A Comparative Study Of Road Traffic Forecasting Models, Redouane Benabdallah Benarmas
	Road Segments Traffic Dependencies Study Using Cross-Correlation, Redouane Benabdallah Benarmas
	On the use of the convolutional autoencoder for Arabic writer identification using handwritten text fragments, Briber Amina [et al.]
	Automation of the reading and interpretation of the ODTR plot, Mazouzi Amine
	Security issues in self-organized ad-hoc networks (MANET, VANET, and FANET): A survey, Goumiri Sihem [et al.]
	A Comprehensive Study of Multicast Routing Protocols in the Internet of Things, Lakhlef Issam [et al.]
	Auto-Scaling,Efficient and Cost Effective Architecture in Apache Hadoop, Nemouchi Warda [et al.]
	Comparing NoSQL Databases with YCSB Standard Benchmark, Ben Seghier Nadia [et al.]
	GA-based approaches for Optimization energy and coverage in wireless sensor network: State of the art, Benhaya Khalil [et al.]
	A Smart Home Management based on M2M/IoT Technologies, Djehaiche Rania [et al.]
	The Internet of Things Security Challenges: Survey, Inès Beggar [et al.]
	Hybrid Approach to WebRTC Videoconferencing on Mobile Devices, Diallo Bakary [et al.]
	Modeling and Simulation of Urban Mobility in a Smart City, Saheb Faiza
	OAIDS: An Ontology-Based Framework for Building an Intelligent Urban Road Traffic Automatic Incident Detection System, Hireche Samia [et al.]
	A Study of Wireless Sensor Networks Based Adaptive Traffic Lights Control, Benzid Sofiane [et al.]
	Forwarding Strategies in NDN-based IoT Networks: A Comprehensive Study, Adel Djama [et al.]
	Dilated Convolutions based 3D U-net for Multi-Modal Brain Image Segmentation., Kemassi Ouissam [et al.]
	Interpretation of breast tumors classification using convolutional neural network visualization, Nedjar Imane [et al.]
	Image restoration using proximal-splitting methods, Diffellah Nacira [et al.]
	New Method for Image Encryption Using GOST and Chaotic Tent Map, Yahi Amina [et al.]
	Segmentation of the Breast Masses in Mammograms Using Active Contour for Medical Practice: AR based surgery, Guerroudji Mohamed Amine [et al.]
	A hybrid LBP-HOG model and naive Bayes classifier for knee osteoarthritis detection: data from the osteoarthritis initiative, Messaoudene Khadidja [et al.]
	RONI-based Medical Image Watermarking using DWT and LSB Algorithm, Benyoucef Aicha [et al.]
	A CNN approach for the identification of dorsal veins of the hand, Bendouda Abdelkrim [et al.]
	Deep learning for seismic data semantic segmentation, Med Anouar Naoui [et al.]
	Feature Fusion for Kinship Verification based on Face Image Analysis, Nemmour Hnemmour [et al.]
	Image processing: Image compression using compressed sensing, discrete cosine transform and wavelet transform., Bekki Amane [et al.]
	An external archive guided NSGA-II algorithm for Multi-Depot Green Vehicle Routing Problem, Hemici Meriem [et al.]
	New Approach for Multi-Valued Mathematical Morphology Computation, L'haddad Samir [et al.]
	Data-Intensive Scientific Workflow Scheduling Based on Genetic Algorithm in Cloud Computing, Siham Kouidri [et al.]
	Using a Direct Multiple Shooting Method to an Optimal control problem, Louadj Kahina [et al.]
	Intelligent Visual Robot Navigator via Type-2 Takagi-Sugeno Fuzzy Logic Controller and Horn-Schunck Estimator, Mohamed Nadour [et al.]
	Multi-Robot Visual Navigation Structure based on Lukas-Kanade Algorithm, Abdelfattah Elasri [et al.]
	Trajectory Tracking of a Reconfigurable Multirotor Using Optimal Robust Sliding Mode Controller, Derrouaoui Saddam [et al.]
	Passive fault tolerant control of a new reconfigurable quadrotor, Salmi Abdenour [et al.]
	Real-time speed control of a mobile robot using PID controller., Mohandsaidi Sabrina [et al.]
	Penguins Search Optimization Algorithm (PeSOA) for chaotic synchronization system, Maamri Fouzia [et al.]
	Increasing the performance of mobile networks by planning and dimensioning, Ayad Mouloud [et al.]
	A NOVEL METHODOLOGY FOR GEOVISUALIZING EPIDEMIOLOGICAL DATA, Fatiha Guerroudji
	(Multi-agents Communities Based Routing Algorithm): A routing protocol proposition for UAVs network, Boutalbi Mohammed Chaker [et al.]
	Author Index

