
 1 

The Use of Tools of Data Mining to Decision Making in 
Engineering Education - A Systematic Mapping Study 

Buenaño-Fernandez, Diego1, Villegas-CH, William1 and Luján-Mora, Sergio2 
1Facultad de Ingenierías y Ciencias Aplicadas, Universidad de las Américas, Quito Ecuador  
2Departmento de Lenguajes y Sistemas de Informáticos, Universidad de Alicante  

 

Correspondence to Buenaño-Fernandez, Diego(diego.buenano@udla.edu.ec) 

Abstract  

In recent years, there has been an increasing amount of theoretical and applied research that has focused on 

educational data mining. The learning analytics is a discipline that uses techniques, methods and algorithms 

that allow the user to discover and extract patterns in stored educational data, with the purpose of improving 

the teaching-learning process. However, there are many requirements related to the use of new technologies 

in teaching-learning processes that are practically unaddressed from the learning analytics. In an analysis of 

the literature, the existence of a systematic revision of the application of learning analytics in the field of 

engineering education is not evident. The study described in this article provides researchers with an 

overview of the progress made to date and identifies areas in which research is missing. To this end, a 

systematic mapping study has been carried out, oriented towards the classification of publications that focus 

on the type of research and the type of contribution. The results show a trend towards case study research 

that is mainly directed at software and computer science engineering. Furthermore, trends in the application 

of learning analytics are highlighted in the topics, such as student retention or dropout prediction, analysis 

of academic student data, student learning assessment and student behavior analysis. Although this 

systematic mapping study has focused on the application of learning analytics in engineering education, 

some of the results can also be applied to other educational areas. 

Keywords Decision Making, Educational Data Mining, Engineering Education, Learning Analytics, 

Systematic Mapping. 

I. INTRODUCTION 

Learning analytics (LA) and educational data mining (EDM) are disciplines that analyze educational data about learners and 

their contexts. This analysis is done through a variety of methods, techniques and statistical tools, including machine 

learning and data mining (DM). The objective of LA is to provide an analysis of the data that exist in educational 

repositories such as learning management systems (LMS), for the purpose of understanding and optimizing learning and the 

environments in which it occurs [1]. This analysis can significantly support decision making in terms of planning on the part 

of teachers and managers of education institutions [2]. This topic has been dealt with in several articles, taking into account 

the different requirements of the stakeholders involved including teachers, instructors, students, course developers, 

researchers, educational institutions, and private training companies. Depending on the stakeholder’s needs, different DM 

techniques have been applied [3]. These works relate to the field of education in general. However, in the field of 

engineering education, there is a need for a systematic identification of publications related to the importance of using LA 

and EDM in decision making.  

The profession of engineering and, therefore, education in engineering, are fundamental pillars in the industrial and 

technological development of society [4]. Engineering education has some particular characteristics that must be taken into 

account when evaluating its effectiveness. For example, it has been proven that engineering students use certain learning 

styles that differ from students in other areas of study [5]. In the study carried out by [6], a trend it is observed in learning 

styles such as visual, active, inductive and sensing. Thus, the educational models that are applied in other areas cannot 

necessarily be replicated with the same logic with regard to engineering degree [5]. Additionally, although engineering 
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disciplines show similar patterns in all countries, there are differences in engineering practice across national cultures, 

especially in the way that the theoretical contributions of engineering science are used in the practice of engineering [4]. 

For example, in difficult abstract subjects such as mathematics, physics and simulation, it is recommended that a tutor teach 

these subjects rather than implementing constructivist models, where students develop their own knowledge. Learning in 

engineering requires developing dynamic structures for obtaining knowledge, aimed at solving practical problems [7]. In 

engineering, problem solving is of a different nature compared with other fields. Solving a design problem involves an 

extensive process of analysis, modeling, experimentation and execution, in which keys decisions must be made [8]. The 

development of new products and methods, and the application of knowledge to new problems are everyday challenges for 

engineers [4]. On the other hand, it should be mentioned that the implementation of the study plans for engineering degree is 

complicated by the fact that its content, especially with regard to the practical aspect, is dynamic and is changing very fast 

[9].  In [1] it is proposed the creation of study sub-communities of LA with the aim of discussing and establishing round 

tables or workshops on specific topics in a particular area of study. This article serves as the basis for carrying out LA 

proposals in the area of engineering education. 

A systematic mapping study is a means to categorize and summarize all the available research that is relevant to a specific 

subject area or to particular research questions in an unbiased manner [10]. The objective is to present a clear evaluation of a 

research topic, using a reliable, rigorous and auditable methodology. The systematic mapping study is considered by many to 

be a first and essential step in deciding in which specific areas to work in creating a more detailed systematic review [11], 

[12]. A systematic literature review and a systematic mapping study share certain commonalities, are complementary, and 

aim to identify research gaps. On the other hand, they are different to data analysis in terms of goals and approaches [13]. 

With respect to data analytics in the educational area (EDM and LA), in general, several surveys and systematic reviews 

have been published [3], [14], [15]. However, specifically in the area of engineering education, to the best of our knowledge, 

no empirical evidence-based studies have been reported that categorize and summarize studies that have been undertaken. 

Therefore, this is the first work conducting an analysis of academic papers reporting uses and results of LA in the area of 

engineering education. 

It is important to note that there are several definitions of LA and that not all authors agree on them [16]. A widely-accepted 

approach is the one proposed by the Society for Learning Analytics Research
1
 that defines LA as “…the measurement, 

collection, analysis and reporting of data about learners and their contexts, for purposes of understanding and optimizing 

learning and the environments in which it occurs”. The final purpose of the LA contributes to the improvement of learning 

through the interpretation and contextualization of educational data.  

An additional term or concept used in EDM is provided by Academic Analytics. In [17] it is defined it as the application of 

business intelligence tools to learning. Academic analytics aims to present an academic information report. These reports are 

focused solely for the benefit of educational institutions. In the other hand, LA is more focused on data analysis for the 

making decisions related to students, teachers and the learning process itself [18].  

Another analytic possibility that we should consider is EDM, which exploits machine-learning, statistical and data-mining 

algorithms in terms of different types of educational data. The main objective is to analyze these types of data in order to 

resolve educational research issues [19]. LA also shares many attributes with EDM [20]. Thus, whether EDM is a subset of 

LA or is a different discipline with some points in common, is still an open debate for many researches [16].  

The objective of the study presented in this article is to categorize and summarize publications related to LA in the field of 

engineering education, providing a basis for reflection on the part of members of this academic community. The content of 

this systematic mapping is organized as follows. Section II covers the description of the research method used in this study. 

Section III reports on the analysis and results obtained. Section IV presents a detailed discussion of these results. Finally, 

Section V presents the conclusions and suggestions for future work. 

II. RESEARCH METHOD 

The systematic mapping approach of this work uses a methodology that has been applied in others works [13], [21], [22], [23], 

[24]. It is based on four stages: feasibility, planning, classification scheme and the presentation of results, as shown in Fig. 1. 

A. FEASIBILITY 

In this phase, an initial analysis was carried out to determine the possibility of carrying out the systematic mapping. This 

analysis was made from the execution of the following tasks: 

• Determine if systematic mappings, surveys or systematic reviews of literature on the subject of study have been 

previously carried out. 

• Define initial search string.  

• Apply the initial search string to the indexes and scientific databases, in order to know a first approximation of the 

number of previous studies with respect to the subject to be investigated. 

 
1 http://www.solaresearch.org/mission/about/ 



 

  

• Identify the keywords used in the previous works, with the aim of having an idea for refining the search strings. 

• Determine the candidate search string.  

 

The first search of previous systematic mappings, surveys and systematic reviews on LA and EDM in the specific area of 

engineering education was negative, no similar works were found, which makes this proposal unique and pioneering. Based on 

the articles identified and that make explicit reference to the use of LA and EDM in engineering education, initial search string 

was developed and tested. According to this string, we proceeded to search exclusively on the titles of the publications; 

however, this considerably limited the number of articles obtained since they did not reach more than ten in each database. With 

these results, it was tried to search the main keywords (LA and EDM) in the titles of the publications while the secondary terms 

(Decision making, Engineering education) were searched in the abstract of the documents. In this way, it was possible to obtain 

enough documents that truly contribute with the proposed mapping.  

 

B. PLANNING  

In the planning stage, all the relevant decisions are taken to carry out the systematic mapping study. In this stage, we propose a 

protocol for the search and collection of articles based on three tasks: Establishment of the research question, definition of the 

search strategy and selection of primary studies, and study selection - criteria for inclusion / exclusion.  

It is recommended to record the information at all stages of the process including planning. It is also noteworthy that the 

mapping process is iterative and may need revisions. On the other hand, in this stage, it is important to define the tools for 

recording data such as spreadsheets and reference management software. 
 
1)  ESTABLISHMENT OF THE RESEARCH QUESTION 

 

According to the objectives of this study, the research questions focused on categorizing and structuring the publications 

relating to LA and EDM in the field of engineering education. For this, four research questions were identified, as shown in 

Table 1. 

These research questions will help to characterize the current knowledge about LA and EDM in the field of engineering 

education, in order to identify gaps which would allow the identification of specific areas to allow a more detailed 

investigation to be conducted. 

 
2) DEFINITION OF THE SEARCH STRATEGY AND SELECTION OF PRIMARY STUDIES 

The search string used as the basis for obtaining the relevant papers took into account the existence of terms related to LA, 

which were then identified and grouped into sets. These keywords were identified through test searches and references in the 

sample documents. These terms were: “Educational Data Mining” and “Knowledge Discovery in Databases”. Therefore, the 

initial search string was as follows:  

(“Learning Analytics” OR “Educational Data Mining”) OR “Knowledge Discovery in Databases” AND (“Engineering”) 

AND (“Decision Making”). 

This string was applied to documents published between January 2012 and December 2017, the latter being the date on which 

the search was conducted. This range was chosen because, from 2012 onwards, the number of publications began to grow 

exponentially. The scientific databases that were searched were ACM Digital Library, Google Scholar, IEEE Xplore, Scopus, 

ScienceDirect and Web of Science. These sources ensured that quality publications were included within the research domain. 

For each database, a specific search string was configured according to the syntax used by each one. The factors described 

below guided the selection of the digital databases with which systematic mapping was carried out: (1) number of documents 

indexed, (2) frequency of update, and (3) options to execute advanced queries. For the study, six digital library and abstract and 

citation database were selected, which met the proposed factors. Table 2 shows the search strings for each database. 

The search string was manually refined according the features of the search engine of each database. In all cases it was 

necessary to use the advanced search option.  

 

FIGURE 1 Phases of systematic mapping. 

 

TABLE 1 Research questions and motivations of the study 

[Insert Table 1] 

 

TABLE 2 Search string for each digital library and abstract and citation database 

[Insert Table 2] 

 

 



 

  

3) STUDY SELECTION - CRITERIA FOR INCLUSION / EXCLUSION 

 

Inclusion criteria are the characteristics that prospective studies must have to be accepted in the systematic mapping study, 

whereas exclusion criteria are those characteristics that reject prospective studies. On the one hand, inclusion criteria used 

are language of publication, relevance of the journal or conference and that is specific to the topic to be considered [13]. On 

the other hand, exclusion criteria are studies that are not relevant when it comes to answering the research questions and that 

do not meet basic quality criteria defined in previous studies [23]. 

The inclusion and exclusion criteria, which have been defined for the present work, are objective, easy to verify and do not 

require further interpretation. The criteria have the function of guaranteeing that the selected articles comply with some 

parameters that have been evaluated in previous publications [13], [21], [22]. 

In addition, in order to ensure that only relevant studies were entered into the pool of publications that would ultimately be 

analyzed, prior to inclusion the researchers evaluated each identified publication. In this evaluation it was verified that the 

articles complied with the following criteria: 

 

• Articles published in peer-reviewed journals and international conference proceedings. 

• Studies that showed the use of LA and EDM oriented to decision making exclusively in the area of engineering 

education. 

• Articles published in the English language. 

In addition, publications that met at least one of the following conditions were excluded: 

• Articles of less than five pages. 

• Articles overlapped by another paper from the same authors presenting more complete results. In those cases, we 

only kept the extended version. 

• Duplicate articles from the same study in different sources. 

FIGURE 2 Systematic mapping study process. 

 

After the initial search in which 3,732 studies were identified, the inclusion and exclusion criteria were applied. In a first run 

of this process, the number of documents was reduced by 84 % (3,118). This allowed us to refine the initial base and keep 

relevant articles related to the proposed mapping. Of the 614 articles selected, we proceeded to read the abstract, the 

keywords and the introduction, leaving 518 documents after this process. These documents were completely analyzed (full-

text scanning) leaving a total of 56 articles. Finally, a quality evaluation was applied to these articles, after which there were 

52 articles. The details of this process are shown in Fig. 2.  

Once the full-text reading was done, it was agreed that 16 articles should be excluded. In addition to the general inclusion 

and exclusion criteria, it was considered important to assess the quality of the primary studies. This quality assessment was 

performed by applying the following questions to each of the selected studies [25]:  

• Does the study present a method and/or technique for assessing the quality of DM techniques that are implemented in 

educational settings? 

• Has the study been published in a relevant journal or conference? (e.g. journal ranked in JCR or SJR, conference 

ranked in CORE2) 

• Has the study been cited by other authors?  
 

After all the steps of this phase were completed, the final number of articles that passed to the classification and data 

extraction phase was 52. 

C. CLASSIFICATION SCHEME - DATA EXTRACTION STRATEGY  

 

According to the classification scheme suggested by [26], the data extraction strategy is based on the exploration of certain 

parts of each article (abstract, introduction and results). Only in those cases where the information is not clear or is not well 

structured, a complete reading of the paper was performed. For our study, we followed the systematic process shown in Fig. 

3 This is based on the execution of key wording, which is a strategy to reduce the time needed to develop the classification 

scheme and to ensure that the scheme consider the existing studies [26].  

The data extraction strategy involved dividing each research question into more specific criteria. In this way, a procedure 

was defined through which a set of specific terms was established for each research question, thus facilitating the extraction 
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and categorization of documents [24]. Table 5 shows the division of the research questions into criteria and concepts that aim 

to support the data extraction and categorization of publications [25]. 

If there were doubts as to the classification of a specific publication, the scheme was refined whereby concepts were added, 

modified or eliminated. In such a situation, the previously classified publication had to be evaluated once more to validate 

their classification within the new scheme. This procedure was very useful as it led to a stable classification scheme [23]. 

The procedure is detailed in Fig. 4. To document the data extraction process, we used a concept matrix, the same one that 

was done in Microsoft Excel. According to [27], we can find two types of systematic reviews of literature, revisions focused 

on concepts and revisions focused on authors. In the first approach, the concepts determine the organizational framework of 

the review. While in the second approach the authors are the ones who determine the organizational framework of the 

review. This approach fails to synthesize the literature. A matrix of concepts is built up throughout the systematic review 

process. The structure is similar to the one shown in Fig. 5. For the proposed mapping, some concepts were defined along 

with the research questions; however, as the article review was carried out, these concepts were refined. 

 
FIGURE 3 Systematic classification schema (based on [26]). 

 

FIGURE 4 Procedure of classification scheme. 
 

FIGURE 5. Concept matrix scheme (based on [27]). 

 

Table 3 Division of research questions into criteria and concepts 

[Insert Table 3] 

 

III. RESULTS OF THE MAPPING 

To evaluate and interpret the findings with regard to the collected studies we used non-statistical methods. According to the 

search strategy and the classification scheme followed, most of the identified case studies were experimental or exploratory 

in nature. Some of these were evaluation studies, while others were empirical studies [28],[29],[30]. In addition, application 

areas within engineering differed from study to study, but most of them focused on science, technology, and mathematics 

[15]. Table 4 shows the total number of relevant studies distributed per year and by source. As can be seen in this table, a 

constant increase of articles is detected in the analyzed period, especially from the year 2015. The data that is shown in the 

year 2017 can be increased because many articles have not yet been published in the selected databases. In particular, those 

articles that were presented in the last quarter of 2017. 

The overall results are based on the review of the selected primary studies which have been classified in relation to each 

research questions. The next step was to perform a detailed analysis using the final documentary corpus, through a 

descriptive synthesis of the criteria and concepts laid out in Table 3. This meant answering each of the research questions 

raised in the research protocol. Table 5 shows the summary of the results obtained in the study. These results were organized 

according to the defined criteria and the several responses identified in each publication. In addition, the number of 

publications regarding each response option and the respective references are presented. 

TABLE 4 Summary of relevant studies per year 

[Insert Table 4] 

 

TABLE 5 Mapping of studies per criteria and identified answer 

[Insert Table 5] 

A. THE MAIN SOURCES OF DATA TO WORK WITH LA AND EDM (RQ1) 

 

Systematic mapping results indicate that, in 18 of the 52 articles analyzed (34 %), the log files or records of the LMS of the 

institution in question are used as data sources. However, many of the LA applications have been conducted with 

information external to the LMS such as institutional databases, student achievement academic records (29 %), student 

admissions records or databases created specifically for this purpose (25 %). The articles according to the type of data source 

used are shown in Table 5. This distribution makes it clear that greater emphasis needs to be placed on the application of LA 

or EDM to non-traditional data sources, such as unstructured data. These types of data require different structures and 

formats, since they come from different sources such as web usage logs, click density maps, tweets, Facebook chats, text 

messages and videos.  
 

FIGURE 6 Areas of applications of the LA or EDM. 
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When discussing to specific databases, we refer to articles in which it was observed that the data come from questionnaires, 

student admission records, e-portfolios or by using game-based learning (GBL) [12], [31], [32], [33], [34]. These methods of 

teaching are aimed at improving student learning by adapting to their reality. 

 

 

B. METHODS OF LA AND EDM MOST COMMONLY USED IN THE FIELD OF ENGINEERING EDUCATION (RQ2) 

 

An important parameter that was analyzed in the mapping study has to do with the methods or techniques of DM adopted by 

the authors to analyze the data collected. In the field of engineering education, and according to the proposed mapping, the 

methods and techniques most commonly used within LA and EDM are analysis and visualization (19 %), association rules, 

clustering and classification (25 %), techniques of preprocessing and filtering (10 %), statistical techniques (7 %) and not 

specific method or technique (17 %). Among the analyzed publications, it is observed that there is a significant percentage of 

studies that deal with a specific job of developing applications or frameworks oriented to the LA or EDM. Therefore, the 

application of a DM method or technique cannot be identified in all publications  [33], [35], [36], [37]. 

 

C. AREAS OF APPLICATION OF LA AND EDM RESULTS IN ENGINEERING EDUCATION (RQ3) 

 

It is possible to identify several applications or tasks in educational environments in which LA or EDM has been executed. 

For example, [38], [39], [40] suggest some key areas of application for EDM: improving student models, improving domain 

models and studying the pedagogical support provided by learning software. In [41] it is suggest the following EDM 

subjects/tasks:  

• Applications dealing with the assessment of the student’s learning performance.  

• Applications that provide course adaptation and learning recommendations based on the student’s learning behavior. 

• Approaches dealing with the evaluation of learning material and educational web-based courses. 

• Applications that involve feedback to both teacher and students in terms of e-learning courses and  

• Developments for the detection of atypical student learning behavior.  

Fig. 6 shows a summary of the number of articles by each area of application with regard to LA or EDM, sorted by year, in 

the area of engineering education. In the analyzed works, it is observed that the main application of LA and EDM, 19 

publications (36 %) is improvement in terms of the academic development of the students. This application is directly related 

to the student's participation in the educational process such as in terms of the analysis of learning styles or learning 

strategies, the analysis and improvement of student skills, and the motivation trends of students, among others. A second 

application area of LA and EDM, identified in this study with 6 publications (10 %), is the prediction of student attrition. In 

engineering education, this is a critical aspect that must be taken into account to mitigate its effect on the educational 

outcomes. Another important area of application has to do with plans to improve education such as the analysis of traditional 

teaching methods, types of feedback in online teaching models, monitoring and improving the quality of teaching, among 

others. In the study, 7 publications related to this area were identified (10 %). The improvement in the entire teaching-

learning process is an area in which special emphasis is placed on the articles analyzed, here 16 publications (31 %) have 

been found. For example, in [42], [43], [44], [45] specific works are identified in which the application of LA and EDM has 

focused on the improvement of teaching-learning processes. 

FIGURE 7 Engineering degree that most frequently apply LA and EDM studies. 

D. ENGINEERING CAREER MOST FREQUENTLY APPLY LA AND EDM STUDIES (RQ4) 

 

A significant percentage of the publications analyzed (30 %), do not specify having carried out a study of a specific 

engineering career. On the other hand, it is observed in Fig. 7 that 60 % of the publications correspond to the all studies 

related a degree in the area of information and communication technologies (ICT).

 

IV. DISCUSSION 

 

Nowadays, there is a wide variety of educational environments such as e-learning systems, hypermedia educational systems, 

learning object repositories, social network learning, educational games environments, ubiquitous computing environments, 

etc. Each system provides data with heterogeneous structures and formats, and with different forms of storage and retrieval. 

It is for this reason that it is necessary to identify the data sources of each system/environment, with the objective of applying 
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specific mechanisms related to preprocessing and filtering. In the results of this systematic mapping study, there is a marked 

trend (approximately 63 % of the works analysed) using two sources of data (RQ1): files or logs of LMS and institutional 

databases. Generally, higher education institutions maintain distributed information systems, which complicates the 

application of LA and EDM skills. In this sense, it is necessary to deepen the design and implementation of data warehouse 

projects in educational environments [46], [35]. These projects allow the user to consolidate different heterogeneous data 

sources into a single repository with regard to which they can start the DM process.  

According to an IBM study mentioned in [47], 80 % of organizations handle unstructured data that emerge from a variety of 

formats such as text, videos, audio, diagrams, images and combinations of two or more formats. Only 13 publications out of 

a total of 52 (25 %) have oriented their study in terms of non-traditional data sources such as structured questionnaire 

databases [29], [30], [48], [49], educational games databases [32], [33], [34], [36] e-portfolio databases [50]. A special 

approach is needed for the analysis of the databases generated from the application of the GBL concept.  A special approach 

is needed for the analysis of the databases generated from the application of the GBL concept. Increasingly, educational 

games are more popular in teaching processes in higher education, as they have proven to be effective and active learning 

tools. Serious games have the ability to involve the student, making their learning experience a dynamic activity where the 

student needs to make decisions and learn from their effects. They offer different levels of difficulty and allow we to adapt 

the content to the user performance [32].  

According to [34], the findings revealed that the use computer games is linked to a range of perceptual, cognitive, 

behavioral, affective and motivational impacts and outcomes. In this sense, it is necessary to evaluate these data sources and 

to consider the possibility of applying LA and EDM techniques in order to evaluate the development of learning skills. On 

the other hand, it is also important to consider the existence of other popular learning environments such as cognitive tutors, 

mobile and ubiquitous environments, massive open online courses and social learning platforms [15]. The constant growth of 

these learning environments generates different types of data, which require special attention in their preprocessing phase. In 

many cases, it is possible to find unstructured data. As these learning environments continue to gain space and achieve 

prominence in higher education, it becomes necessary to analyze the underlying problems that emerge from the application 

of technology in the teaching-learning process. An example is presented in [51] in which a method of meta-analysis is 

established that allows the evaluation of learning in relation to the different characteristics of the technology used in a case 

study. 

In relation to the application of LA and EDM methods and techniques (RQ2), the mapping study shows that the most 

commonly-used approaches in the field of engineering education are discovery using models and visualization (10 

publications) (19 %) followed by association rules, clustering and classification (13 publications) (25 %). Studies show that 

visualization techniques are closely related to the implementation of dashboard [28], [52], [53], [54]. This technique is 

especially relevant for engineering students because of their familiarity with statistical numerical environments. This 

technique allows students to reflect on their own academic performance and allows teachers to make decisions based on the 

graphical observation of student performance. Four publications (8 %) present particular techniques that have not been 

considered in previous studies in the form of mining software repositories [55], multimodal LA [56], text mining [55] and 

machine learning methods [43]. On the other hand, the application of preprocessing and filtering techniques [57], [58] is of 

special relevance due to the variety of data sources that are currently available in terms of DM.   

Around 17 % of the publications analyzed do not relate to the use of a specific method or technique of DM. This is due to the 

fact that the case studies focused on aspects such as the development of tools to support EDM management [59], [60], [61], 

the development of specific purpose systems [35], [39], the application of game-based teaching-learning methodologies [33] 

and framework development [36], [37]. This is justified because most of the publications analyzed are related to software 

engineering and computer engineering. In this sense, the results of these studies (frameworks, applications, methodologies) 

can be applied in LA and EDM research that are proposed in other engineering degree. 

The classification of publications according to RQ3 is illustrated in Table 5. As can be seen in this table, 3 % of the studies 

investigate issues related to improving the academic development of students. In this group of articles, the authors focus on 

topics such as the types of learning activities that engineering students prefer, their learning styles, how to learn in complex 

learning environments, and learning engagement [30], [62], [63]. This research will enable students to improve the quality of 

their learning experience and to foster self-regulated learning. Some 31 % of the studies emphasize the application of LA and 

EDM in order to improve the teaching-learning process [45] through mapping students' learning processes [43], evaluating 

and providing feedback in real time to improve a course [64], proposing teaching/learning tools that allow students to engage 

in learning activities [61], and choosing an appropriate teaching methodology based on knowing the students [48]. 

Eight of the studies (15 %) considered are aimed at predicting the student dropout rate and assess general competencies in 

engineering [33], [50], [65]. Additionally, two studies focus on the evaluation of generic competences in engineering [33], 

[66]. These two aspects are intrinsically related, in that the permanence of students in a career has to do with their 

understanding of the learning outcomes or competencies they must develop throughout their academic training. LA and 

EDM have much to contribute in these matters. On the one hand, the analysis of the academic data relating to students will 

allow academic institutions to validate the achievement of certain learning outcomes. On the other hand, the analysis of the 
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causes of student dropout will enable key decisions to be made in the teaching-learning process. An area of special interest is 

the application of the results obtained from LA and EDM in the improvement of educational plans. About 15 % of the 

articles reviewed focus on this topic. Within this group of articles there are studies related to teacher evaluation data [49]. 

Authors also explore, identify and evaluate various factors as indicators of performance for academic prediction purposes 

[60], [65].  

In relation to the RQ4, the degree in which LA and EDM techniques are most frequently applied are engineering related to ICT 

(42 % of publications), followed by the mathematics and physics degree (13 % of publications). These results allow us to 

identify an important research gap with regard to which special emphasis should be placed in terms of future research. Degrees 

such as environmental engineering, biotechnology engineering, mechanical engineering, civil engineering or agroindustry 

engineering should be taken into account in order to analyze the behavior of LA and EDM methods and techniques on teaching-

learning processes in which students, teachers and educational authorities are involved. This research challenge consists of 

validating the functionality of the methods and techniques of LA and EDM in this group of degrees, or alternatively studying 

the characteristics of these degree in order to apply techniques that allow a strengthening of the learning assessment process. 

This work can be done through the creation of sub-communities of study in which we can discuss and establish standards for 

more particular aspects of LA [1]. 

V. CONCLUSIONS AND FURTHER WORK 

Previous reviews of the research literature concerning LA and EDM have provided a meaningful understanding of the 

conceptual basis of this domain. However, these studies have not engaged in an analysis of the results of research in the area of 

engineering education. In the systematic mapping developed in this work, we have searched the literature and collected 

representative articles of real cases with real data, in terms of both the LA domain and EDM in engineering environments. The 

analysis of selected case studies and their results reveal the potential of this emerging field of educational research. Along with 

the opportunities that have emerged, a series of gaps have been identified that require the immediate attention of researchers. 

From the systematic mapping performed, Table 6 details some topics that have been identified as opportunities and trends in 

terms of LA. These subjects have been implemented basically in engineering degrees related to information and communication 

technologies. As a result, gaps and, at the same time, research opportunities that need to be channeled to other engineering 

degrees can be identified. 

 

TABLE 6 Opportunities and trends for development of LA or EDM in engineering education 

[Insert Table 6] 

 

An analysis parameter with regard to the application of LA and EDM that was not observed in this systematic mapping study 

is related to the study of affective factors that influence learning outcomes. The affective factors deserve special 

consideration in engineering education environments, where the levels of tension due to the academic load are high, thus 

affecting the academic performance of the students. The area of education in mathematics has been tested with the 

application of various types of smart learning technologies [33], [34]. One of the objectives of implementing these 

technologies in the educational field is to include the affective and behavioral characteristics of the student in the teaching-

learning process. Due to the characteristics of these technologies, the analysis of the results of their implementation must be 

carried out through the application of LA and EDM techniques.  

Another crucial issue in LA and EDM research is the application of DM methods and techniques through on-line data 

visualization tools that allow the user to identify, in a timely manner, students at risk of dropping-out by informing them 

periodically about their progress, and even comparing them with their peers. On the other hand, the prediction of drop-out and 

retention are also key issues for LA and EDM research. In order to predict student, drop-out in the early stages, the authors have 

observed that the use of classification algorithms is one of the most viable solutions for the process. Additionally, the literature 

analyzed shows that there are other methods such as social network analysis and discovery with models that could be used. 

These methods or techniques are a trend within DM in educational settings, and therefore it is an important challenge to study 

and apply them to education in engineering. A future work may be to contrast the results of this article with the systematic 

mapping of other areas, and thus shed light on the discourse of LA and EDM in different fields. 
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