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Abstract. This paper presents and analyzes the experience of applying certain data mining methods and 
techniques on 932 Systems Engineering students’ data, from El Bosque University in Bogotá, Colombia; effort 
which has been pursued in order to construct a predictive model for students’ academic performance. Previous 
works were reviewed, related with predictive model construction within academic environments using decision 
trees, artificial neural networks and other classification techniques. As an iterative discovery and learning process, 
the experience is analyzed according to the results obtained in each of the process’ iterations. Each obtained 
result is evaluated regarding the results that are expected, the data’s input and output characterization, what 
theory dictates and the pertinence of the model obtained in terms of prediction accuracy. Said pertinence is 
evaluated taking into account particular details about the population studied, and the specific needs manifested by 
the institution, such as the accompaniment of students along their learning process, and the taking of timely 
decisions in order to prevent academic risk and desertion. Lastly, some recommendations and thoughts are laid 
out for the future development of this work, and for other researchers working on similar studies. 
 
Keywords: Data mining ·  Predictive modeling ·  Academic risk prevention ·  Academic 
performance ·  Educational data mining 

1 Introduction 

Student desertion -as a phenomenon which impacts heavily on educational processes- has been widely studied 
and modeled, thus identifying its possible causes in order to find strategies to treat it and prevent it. In 
Colombia, this phenomenon has been documented via the SPADIES [1], which is an information system 
developed by the National Education Ministry; it was created to gather and centralize all the necessary 
information to establish the factors which cause student desertion across the nation. Overall, the Country has 
progressed in the characterization and diagnosis of this phenomenon, and findings include the fact that the 
greatest rate of desertion takes place in the first semester of studies. Other interesting results reported by the 
Ministry states that 20 of the Country’s departments (subdivisions with certain degree of autonomy) exhibit 
desertion rates exceeding 40 %; also the Country’s annual desertion average rate is around 10 % for university 
students. 

 
To counteract these results, the Ministry has modeled student desertion and has designed policies for its 

diagnosis, monitoring and prevention. This strategy open the way for subsequent publications [2] [3], in which 
academic risk has been recognized as one of the main factors that influences student desertion in higher 
education scenarios.  Notwithstanding the above, in this context academic risk has not been studied as a 
phenomenon in itself, but all efforts have been rather directed towards preventing desertion as a direct 
consequence of this phenomenon. Previous studies have focused on preventing the student’s desertion, 
underestimating the importance of generating preventive strategies that cope with its causes; particularly 
strategies that deal with academic risk as it is one of desertion’s main causes.  
 

Specific programs, projects and strategies have been implemented at El Bosque University in order to 
follow and accompany the students’ learning process. One of the most relevant strategies, regarding academic 
risk tracking, has to do with the University’s Online Academic Management System - SALA [4], where alerts 
are generated according to the grades the students obtain each period and their historical academic data. These 
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alerts classify students in three risk-related levels: low, medium and high risk, the later being a trigger for a 
student’s accompaniment and intervention by the University’s student support program (PAE). 
 

Despite the importance of said strategies, the University lacks a mechanism which acts preventively; one 
able to identify the causes for academic risk, and act upon these causes before the risk has occurred. This 
would allow the institution to take timely decisions and design better strategies to prevent academic risk as a 
phenomenon, and as a consequence, diminish the students’ probability of desertion. 
 

Bearing in mind that the University requires a preventive and timely approach towards dealing with 
student desertion, this work proposes, applies and evaluates certain data mining methods and techniques, in 
order to take advantage of the information (which had served no similar purpose) that the institution gathers 
from its students. This practice is known as Educational Data Mining (EDM) [5], which derives from Data 
Mining, the semiautomatic process of discovering hidden patterns in data [6]. EDM has proven being a useful 
tool for making predictions in several scenarios  [7, 8, 9, 10], and thus will be used to generate a predictive 
model based on students’ academic and demographic data. This model should provide useful insights about the 
causes for academic risk, in order to empower the Institution in the taking of better decisions and the 
implementation of stronger strategies regarding student desertion. 
 

The stages of the data mining process, aimed at constructing the predictive model for students’ academic 
performance, are presented and analyzed in the first part of this paper. In the second part, applied techniques 
and methods, as well as the results are analyzed. The presented conclusions are drawn from these analyses. 

 

2 Methodological Development 

To build a predictive model for students’ performance based on data mining, it’s necessary to develop four 
important stages [6] [10] [11] . Firstly the data that will feed the mining process must be extracted and 
prepared. Secondly the data mining process itself must be implemented in an iterative fashion: each iteration 
consisting of data preprocessing, algorithm execution, results -rules- analysis, accuracy interpretation and 
testing [12]. Thirdly the predictive model formulation must be done by analyzing, selecting and defining the 
rule set which allows for proper academic performance prediction, regarding the institutional context and the 
proposed objectives that frame this work. Lastly the predictive model must be validated by applying it to 
different datasets with similar characteristics to the one utilized during the mining process, and obtaining 
favorable results. This work presents the development of the first two stages, analyzing the data mining process 
and its applicability in the building of predictive models regarding educational environments. Fig. 1 illustrates 
the method. 
 

 
Fig.1. Methodological process aimed to construct the model 
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2.1 Data Extraction and Preparation 

 
Data extraction.  Being the primary objective to generate a predictive model -out of academic and 
demographic data- for the students of the Systems Engineering program, the students’ information must 
necessarily fall into these two categories. Also, this data was selected in accordance with results presented in 
the SPADIES reports giving relevance to socioeconomic variables known to influence desertion rates.  
 
Data mining requires a significant amount of data in order to provide meaningful results. For this study the 
anonymous records of 932 students were obtained from the University’s IT department, which were delivered 
as four separate spreadsheet files. Performing a process similar to data warehousing, once the data received 
was loaded into a relational database engine (MySQL), it was normalized to the Third Normal Form [13]; this 
enabled properly query the information in a consistent and organized way. Further normalization was not 
considered necessary, due to the static nature of the database.  
 
Data cleaning.  Being the data then correctly structured, a process defined as data cleaning [6] was applied 
(through SQL queries) in order to check for consistency errors in the data and standardize attribute values. This 
was a necessary step because a large portion of the data obtained was manually typed into web forms by 
students at some point in their enrollment. This means typographic errors were present in the data, as well as 
diverse input formats for a selection of fields, such as home address and city. 

 
Having substantially improved the dataset’s quality by making it cleaner and more consistent, the data was 
randomly split into two sets of almost equal size: a set to be mined in order to generate the predictive model, 
and a control set to verify that the model generated works as expected.  This partitioning of the dataset is done 
in order to assess the classifier model's error rate (product of the data mining process), using a dataset that 
played no part in the construction of the classifier [6]. This verification portion of the dataset will also allow to 
evaluate different learning schemes on a fresh dataset to determine which one performs better [6]. 
 
 
Structuring data. After defining which data was to be used for mining, the whole dataset was structured as a 
set of instances [6] Each instance represents a different student, and each one has values for all the attributes 
selected for the study. Said attributes are presented in Table 1.  
 
 
 

Table 1. Defined instances and attributes. 

Students’ Academic Data Attributes Students’ Demographic Data Attributes 

Average ICFES test score, ICFES3 subject 
test scores (biology, math, philosophy, 
physics, history, chemistry, language, 
geography and English), students’ high 
school, year and period of enrollment, 
whether the student has received academic 
incentives, class schedule type (day or night 
classes), First semester grades (6 subjects) 
and Second semester grades (6 subjects) 

Age, gender, residence distance to University 
(calculated from home address), City of 
origin, Social Class (ranked 1-6 according to 
national legislation), Marital status, job 
status, whether the student registers a mother, 
mother’s education, mother’s job, mother’s 
city of origin, whether the student registers a 
father, father’s job father’s education, 
father’s city of origin, number of siblings. 

 
 

                                                 
3 The ICFES test is a test given to graduating high school students to measure their performance along different knowledge areas, and if 
often required by Universities in Colombia as part of the admittance process. It is comparable to the SAT Test for college admissions in 
the USA. 
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Defining model output. Being these attributes the information that characterizes the population under study 
(as input variables), the output variable of our model would be the academic performance, as this is what the 
model aims to predict. It was necessary to define academic performance according its definition in the 
institutional context, that is, directly related to academic risk. In accordance to the University’s PAE (students’ 
support program) and SALA (institutional academic information system), academic risk appears when a 
student’s grade weighted average4 is below 3.3/5. So, guided by the above and by the average performance 
statistically calculated in the sampled data, the output variable academic performance is defined in three types 
as shown in Table 2. 
 

Table 2. Definition of academic performance as output variable 

Type of academic performance Weighted average 

Outstanding Performance from 4.0 to 5.0  

Average performance from 3.3 to 3.9 

Academic Risk below 3.3 

 
 
The final structure of all instances is presented in Table 3. 
 

Table 3. Final structure of instances 

Id Demographic Data Academic Data Total grade average 

 ... ...  

 
Note that in this case, the academic and demographic data are represented by single columns for the sake of 
visualization. 
 

Finally both data sets (mining and verification), which have been restructured as seen above, were exported 
as separate text files. Within each file, each instance corresponds to a line of text in which its attributes are 
separated by commas, and missing values are represented by the ‘?’ character instead of a blank space 
(requirement for ARFF file conversion) [6] 
 

2.2 Data mining 

 
To undertake the task of data mining the Waikato Environment for Knowledge Analysis was chosen. The 
WEKA workbench is a data mining software platform developed at the University of Waikato in new Zealand 
[6]. It offers an extensive collection of state-of-the-art machine learning algorithms, data preprocessing and 
visualization tools, all wrapped up in a comprehensive and easy to use common interface. It is licensed and 
distributed under the GNU General Public License, it’s available for free, and runs on all major computer 
operating systems (Windows, Linux and Mac OS).  
 
As defined previously, data mining as an iterative process comprises a cycle of three main activities: data 
preprocessing, data mining and results interpretation. Due to WEKA’s resourcefulness the fulfillment of such 
tasks are achieved with great ease. 
 

                                                 
4 Weighted average is Σ[(Sc*Sg)]/[Σ(Ct)], where Sc: a subject's amount of credits, Sg:a subject's grade, Ct:total credits taken by a student 
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Throughout each data mining iteration the following procedures were performed, and on each one, variations 
of each procedure were implemented -as permitted by the WEKA Explorer view-:  
 

• Data loading: the data was loaded into WEKA so it could be mined; this was done by assembling an 
ARFF file using the text file containing the mining dataset. 

• Data preprocessing: the dataset was preprocessed according to which data mining tasks were to be 
performed over it. WEKA allows the filtering and transformation of the loaded dataset in several ways 
both manually, or using several data mining and sorting algorithms; also, attributes from the loaded 
dataset can be selectively removed. 

• Data mining: machine learning algorithms were executed over the dataset. Classification algorithms -
which find classification rules that classify a particular instance according to the value of its attributes- 
were chosen to perform the task at hand.  

• Results interpretation: the resulting output from these algorithms was recorded as individual text 
files; information present in these -such as classification rates, classification rules and prediction error 
measurements- was analyzed and interpreted according to bibliography and previous results if 
applicable. Also, if further iteration was considered necessary, plans for it were laid out in accordance 
of the results obtained. 
 

Data loading, preprocessing and mining. The product results from the data mining process are presented 
according to the steps previously described, along 4 executed iterations. Table 4, describes how the first two 
data mining stages were performed (data loading and preprocessing). Similarly, Table 5 exposes the results 
obtained by executing algorithms J48, PART and Ridor, regarding the amount of rules obtained and the 
precision of classifications achieved. These three algorithms were chosen due to their similarity in purpose 
(classification rule induction), but also for their particularly unique ways of achieving this task. Throughout all 
iterations 10-fold cross-validation was defined as a standard evaluation technique, to ensure the  integrity of 
predictions and results [6]  
 
The iterative process was considered fulfilled as results obtained from the fourth iteration exhibited sufficient 
and meaningful outcomes in terms of precision and accuracy -measured as classification rates-. Thus, a 
verification process involving the attempt to classify untrained data (control dataset) was performed in order to 
assess the data mining process. Aside from certain expected imprecisions in the validation results, it was 
considered as successful. 

 
Table 4. Description of data loading and preprocessing 

 Iteration 
#1 

Iteration #2 Iteration #3 Iteration #4 

Data loading 467 
instances 

42 
Attributes 

467 instances 
42 Attributes 

467 instances 
42 Attributes 

467 instances 
42 Attributes 

Data preprocessing None First year subject 
grades were 

removed 
 

Resulting data: 
467 instances 
31 Attributes 

First year 
subject grades 
were removed 

 
‘Noisy’ 

attributes were 
removed 

 
Resulting 

data: 
467 Instances 
24 Attributes 

First year subject grades 
were removed 

 
‘Noisy’ attributes were 

removed 
 

Filter applied:   remove 
misclassified instances using 

a J48 decision tree 
Resulting data: 

179 instances 
24 Attributes 
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Table 5.  Description of data mining process, according the algorithms executed 

 Iteration #1 Iteration #2 Iteration #3 Iteration #4 

J48 10 rules found 
 

231 correctly 
classified 
instances 

 
141 ignored 

instances 

0 rules found 
 

135 correctly 
classified 
instances 

 
141 ignored 

instances 

150 rules found 
 

129 correctly 
classified 
instances 

 
141 ignored 

instances 

58 rules found 
 

153 correctly 
classified 
instances 

 
0 ignored 
instances 

PART 4 rules found 
 

204 correctly 
classified 
instances 

 
141 ignored 

instances 

4 rules found 
 

137 correctly 
classified 
instances 

 
141 ignored 

instances 

56 rules found 
 

115 correctly 
classified 
instances 

 
141 ignored 

instances 
 

16 rules found 
 

149 correctly 
classified 
instances 

 
0 ignored 
instances 

Ridor 23 rules found 
 

233 correctly 
classified 
instances 

 
141 ignored 

instances 

14 rules found 
 

127 correctly 
classified 
instances 

 
141 ignored 

instances 

15 rules found 
 

120 correctly 
classified 
instances 

 
141 ignored 

instances 

7 rules found 
 

100 correctly 
classified 
instances 

 
0 ignored 
instances 

 
Table 6 shows the results obtained throughout each iteration, concerning classification accuracy for each of the output 

variables defined for academic performance. 
 
 

Table 6.  Accuracy rates obtained by each algorithm 
 

 Iteration # 1 Iteration # 2 Iteration # 3 Iteration # 4 

J48 Risk:  81% 
Average:  62.70% 

Outstanding: 
83.30% 

Risk:  27.8% 
Average:  42.3% 

Outstanding: 
0 % 

Risk:  43.2% 
Average:  42.7% 

Outstanding: 
18.2 % 

Risk:  86.8% 
Average:  85.3% 

Outstanding: 
76.9 % 

Part Risk:  64,7% 
Average:  57.1% 

Outstanding: 78.8% 

Risk:  16.7% 
Average:  42.6% 

Outstanding: 
0 % 

Risk:  34.8% 
Average:  40.3% 

Outstanding: 
25.4% 

Risk:  85.4% 
Average:  83.3% 

Outstanding: 
66.7 % 

Ridor Risk:  72,2% 
Average:  71.8% 

Outstanding: 69.6% 

Risk:  47.9% 
Average:  40.2% 

Outstanding: 
22.7 % 

Risk:  44.5% 
Average:  37.5% 

Outstanding: 
22.1 % 

Risk:  64.9% 
Average:  55.3% 

Outstanding: 25% 
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Results Interpretation 
 

About each iteration. Given the results product from the first iteration, it was observed that the rules obtained 
were composed exclusively by first-year subject performance averages; such results seem logical because 
academic performance is a direct consequence of subject average grades. This also relates to the favorable 
precision results that were obtained. Nevertheless this knowledge is not useful regarding the study’s objective, 
for it is redundant and somehow obvious; therefore such attributes cannot be included as input variables for the 
predictive model, and were removed in the next iteration. 
 
When the results for the second iteration were obtained, several issues arose. Firstly no rules were obtained by 
the J48 decision tree classifier. Secondly the decision list generated by PART relied heavily on the fact that a 
student registers an empty high school name to generate rules -which is rather suspicious-. Lastly RIDOR 
performed surprisingly well in contrast with the other two algorithms for it included several relevant attributes 
to generate rules. Sadly it did not perform as well in terms of precision, for it exhibits an inadmissible amount 
of error -as did the other two-. It was observed that the classification rate diminished considerably in contrast 
with the last iteration, however this makes sense after removing redundant attributes: the algorithms had less 
available correlated data to induce rules from. Bearing in mind these observations, certain attributes were 
chosen to be removed for the next iteration due to their ‘noisiness’. 
 
For the third iteration the following attributes were discarded from the dataset because of their large dispersion 
-which causes ‘noise’ in the data-: students’ high school, year and period of enrollment, whether the student 
has received academic incentives, mother’s job, mother’s city of origin, father’s job and father’s city of origin. 
As a result of this, the amount of outputted rules rises considerably. Even though rules are composed of 
relevant attributes,  precision is still very low. This is interpreted as an indicator for rules that do not perform 
too well on the training dataset, which might be caused by instances that are not providing useful data to the 
algorithms, that in turn  allow for proper predictions to the made. Also, it was found that the 141 instances that 
had been ignored throughout this and previous iterations correspond to instances without defined values for its 
class attribute. Concerning these observations, it was suspected that a significant portion of the 326 instances 
that are being utilized to train the algorithms were interfering with proper rule induction mechanisms inside the 
algorithms. Therefore more elaborate preprocessing was encouraged for the next iteration. 
 
Concerning the fourth and final iteration, a preprocessing filter (removeMisclassified) was applied in order to 
remove misclassified instances product of a classification’s algorithm execution. The objective of such task is 
to enable a better rule induction by using only instances that provide useful data for performance prediction. 
The chosen algorithm to perform this task was the J48 decision tree learner, because of it’s good average 
performance in past iterations and other tests performed on the data. Having done this the number of training 
instances was greatly reduced (in around 60%), however the algorithms were able extract more valuable and 
meaningful knowledge from this smaller dataset, while maintaining favorable and tolerable precision levels. 
By further analyzing the rules product from this iteration, it was noted that they were more generalized than 
previous exemplars, but managed to describe the dataset in a more accurate fashion. It was also noted that 
classification rates improved for J48 and PART classifiers. Due to this performance increases and precision 
prevalence, a verification exercise was considered pertinent to assure these results apply when ‘fresh’ data is 
evaluated. 
 
During the proposed verification exercise, the model obtained from iteration number 4 for the J48 algorithm 
was loaded into WEKA, as was the control dataset (465 instances). Then the control data was adjusted in the 
same way that the training data was preprocessed in iterations  number 2 and 3 (so that the control data’s 
structure matches the training data’s). By executing the loaded model over the new data, the control dataset 
was evaluated using previously defined classification rules, in order to obtain new classification predictions 
and precision measurements; these new results reveal a slightly lower classification rate for the new data, as 
well as a small increment in error. In spite of this, the results obtained can be considered as profitable because 
our previously trained algorithm (J48) managed to correctly classify around 78% of the new instances 
evaluated. 
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Classification Rules Summary. The rules discovered by the J48 decision tree learner can be summarized as 
follows. Students whose social class is 2 or undefined are classified within academic risk, while students 
whose social class is higher than 3 are classified depending on other variables such as marital status. Regarding 
the latter, whereas students who are ‘single’, depends on additional attributes such as mother’s education and 
student’s gender to be classified, students who are currently ‘in union’ -but not married- are classified within 
academic risk by default.  
 
Attention is drawn to the surfacing of attributes such as individual ICFES scores, parent’s education, number 
of siblings and whether the student registers a mother within the rule set, as influencing factors for academic 
performance. More interestingly it was found that if a student is not married and his/her social class is 4 it is 
immediately classified within risk. Also for social classes 5 and 6 (higher classes) most rules defaulted a 
classification within outstanding performance. 
Decision lists generated by the PART algorithm seem to agree with the J48 decision tree, in that students 
whose social class is 2 are almost defaultly classified within academic risk. Nonetheless students are classified 
within academic risk if their social class is 3 and they are single or if their social status is 3 and their age is 
above 24. Concerning a student’s social class being 3, greater variations arise depending on the his/her marital 
status, parents’ education, gender, age and certain individual ICFES scores. Furthermore students whose social 
class is 4 and have no siblings are immediately classified within outstanding performance. 
 
Regarding the Ripple-down rule learner -Ridor-, it was discovered that if a student’s social class is 3 most of 
the times it is classified within average performance. However if the student’s father’s education is undefined 
and his/her’s english ICFES score is below 50, it is classified within academic risk. Surprisingly for social 
classes 1, 4 and 5 the defaulting classification is within outstanding performance, but it lies within average 
performance if the student’s age is below 26.5; if a student’s age is below the latter and his/her mother’s 
education is undefined the student is classified within academic risk. The default classification for a student’s 
social class being 2 is within average performance. 
 
Rules interpretation. Concerning the classification rules described previously, certain particular features about 
the dataset’s attributes emerge. For instance, social class seems to be a highly decisive variable regarding 
characterization of rules that accurately describe the data utilized in this study. It recurrently appears as the first 
classifying attribute of tree-generated resulting rule sets. Also its defaulting classification for a value of 2 
coincides in both the J48 and PART algorithms; this makes sense because PART obtains rules from partial 
decision trees built using J48. In the case of marital status, it seems to be the second most important classifying 
attribute; most of the resulting rules revolve around its value ‘single’ and frequently  encompass other 
attributes such as parent’s education. Classifications within academic risk are present for all values of this 
attribute except for ‘married’ students. Lastly, attributes such as age, gender and selected individual ICFES 
scores (like biology, philosophy and languages) seem to play a relevant role in conjunction with social class 
and marital status. Relating to Ridor’s results, students were classified within risk when their age was below 26 
alongside with other attribute values such as mother’s education and ICFES scores. 
 
The pertinence of the rules obtained, in relationship with the social and academic context of the studied 
population is adequate. Particularly the students’ socioeconomical stratum has been perceived as a highly 
influential variable in their academic performance, as their obtained ICFES scores. Nonetheless, other 
variables appear as influential, such as age and gender towards which more attention should be drawn. 
 
The obtained results gave way to some important recommendations. Several lessons were learned regarding the 
data used in this study; primarily the data procured for this kind of work must be as clean and consistent as 
possible. In case that extensive data preparation is required, no stone must be left unturned; failing in correctly 
standardizing attribute values can heavily impact data mining precision. Similarly, the input variables defined 
must be meaningful in order to predict class attributes; irrelevant or obvious correlation between these might 
result in useless predictions.  Concerning the methodological development, time allocated for data preparation 
and preprocessing must not be underestimated; it could potentially consume great amounts of time [6]. 
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3 Conclusions  

In accordance with the strategies implemented during the data mining process, it was found that careful data 
preprocessing can and will have drastic impact over the data mining results; such decisions -like attribute 
removal, or data discretization - should not be taken lightly. Furthermore, the careful assessment and removal 
misclassified and ignored instances can profoundly improve success rates when seeking to generate a 
predictive model. 
 
The rule sets product of the data mining process are found useful to characterize the students’ academic 
performance, for they allow to identify which demographic and academic attributes hold influence over the 
studied phenomenon. Additionally, having identified these attributes, it is possible to determine if a given 
student will incur in academic risk along his or her first year of studies. All of the above-mentioned sets base 
for students’ accompaniment and academic risk prevention strategies generation. Bearing all results and 
conclusions, the formulation for a predictive model based on an iterative data mining process gains feasibility 
[10]. 

 
Regarding the algorithms’ performance, not only must their classification accuracy and rule quantity be 
evaluated, but also - and specially- their quality and pertinence [6]. By the way in which Ridor structures its 
results and performs generalizations regarding them, this algorithm -in general- did not allow to obtain rules 
that involved valuable attributes for the consecution of the study’s objective; for those rules that might have 
been relevant, their precision values were significantly low. 
 
It should be noted that the obtained results are strongly related to the institution´s characteristics and the 
objectives of the model to be built. To make useful this study in other institutions is necessary to consider other 
comparison and evaluation techniques of the algorithms, like statistical tests, applied to large volumes of 
data[14] 
 
It is necessary to propose and perform studies that consider the academic risk phenomenon as part of academic 
desertion. Latter phenomenon is frequently studied but separated from risk factors, using techniques and 
methods such as the analyzed in this research.  
 
Based on the results obtained, the next step to be developed in the study, it is the one which frames this work, 
is to make further use of the rules obtained by the data mining process, by executing them over several other 
data sets that belong to the same educational institution. This should be done always minding the pertinence, 
precision and applicability of said rules in order to formulate a predictive model, which can be validated and 
proven useful within the institutional context. 
 
Having proved this model as useful, it should be implemented as a software tool, which aids in the decision-
making processes, and help to generate stronger strategies for academic accompaniment and risk prevention. 
Lastly, it is recommended to the academic community to extend the theoretical framework of the Educational 
Data Mining, adding more studies that identify and analyze the most appropriate techniques according to the 
diversity of phenomena presented in the post university context [15][16]. 
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