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Abstract: The best Open Educational Resources (OER) for each final user can be hard to find. OER 
come from lots of sources, in many different formats, conforming to a diverse logical structure and 
each user may present different objectives depending on their role in the teaching/learning process 
and their context. Previous attempts have only focused on one kind of technologies. A new approach 
that embraces diversity, may gain from the potential synergies of sharing resources in the 
development of the final recommendation system and the exploitation of the data. In this work, we 
aim at identifying the main challenges facing the field of OER recommendation, for a potential 
architecture model. 
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1. Introduction 

Open Educational Resources (OER) are those “teaching, learning and research materials in any 
medium, digital or otherwise, that reside in the public domain or have been released under an open license that 
permits no-cost access, use, adaptation and redistribution by others with no or limited restrictions” [1]. Thanks 
to their open perspective, OER present an opportunity to make education more accessible, in many 
different ways. For the instructors, OER can be a great starting point, as the vast majority of teachers 
build on previous resources to prepare their own. For the students in an educational institution, 
having access to a more diverse and wide pool of resources improves the chance of finding the proper 
resource to gain new knowledge. In addition, for those not in an educational institution, but still 
interested in learning such as long-life learners or people without the material access to education, 
OER may be a great substitute. 

To take advantage of all the potential of OER, some problems should be addressed. A revision 
of the literature concerning OER pointed to some open questions in the field [2]. One of them was 
referred to as the discovery problem, that is, what can we do to make the most relevant resources 
become easily accessible to the final user? 

Finding the proper resource is challenging in multiple ways. First of all, as more and more OER 
become freely accessible, the discovery problem gets worse. For each user, the number of relevant 
resources is becoming more marginal compared to the total number of resources available. 
Comparing two resources to choose the most relevant is relatively easy. Comparing between millions 
is more complex. One of the more important advantages of OER, the vast number of them, is also one 
of the problems. Here is where recommendation technologies are a good starting point and have been 
widely tried in the OER field. 

Two major characteristics of the OER recommendation field are especially relevant. The first of 
them is that in other fields the recommendations are provided to a set of final users that share some 
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goal, usually entertainment. In the OER field, different kind of final users coexist and their goals are 
more diverse. The second is that it is not easy to decide which the best resource for each circumstance 
is as the number of different variables that are important is much bigger than in other fields. 

We will start with the former feature. A relevant part of any recommendation systems is 
knowing and meeting the expectations of the users interested in the recommender system. Fulfilling 
these expectations or even exceeding them, is the definition of success in this kind of system. To fulfil 
expectations, we need to acknowledge the objectives of the user and give answers to them. On the 
education context, we mainly find two different roles: students and teachers. When we have two roles 
we have two different sets of objectives, at least, and their needs may change over time. Students and 
teachers will expect different outputs from the recommendation system [3], such as annotation in 
context, find good items, find all good items, recommend a sequence, recommendations out of the 
box while the user is browsing, find credible recommender, find novel resources, find peers with 
similar interests, recommendation for alternative learning paths through learning resources. 

We think that the quantity and type of variables that should be involved in an educational 
recommendation setting are also worth considering. It is harder to recommend an OER as the number 
of variables that are relevant to the recommendation process increases, and those variables are harder 
to quantify, and as so, they are harder to automatically being processed by a computer system. 

In the education field, we need to take into account different variables, such as the student 
previous knowledge, social context (including, but not limited to, language), most effective ways of 
learning, the quality of the resource, personal taste, etc. Each of these variables is more abstract, and 
so, more difficult to consider in a computational model. 

To address the discovery problem, many families of recommendation techniques exist. For 
example, [4] identify 11 different techniques. However, these previous attempts tend to have in 
common that they focus on a very specific task and in one family of the techniques. We think that 
this extensive set of independent solutions for different objectives is not a complete solution for final 
users, as they would need to jump from through multiple independent systems to find a proper 
resource.  

In the next section, we will review some of the more relevant related works in the area of OER 
recommendation and personalization, for any of their possible contexts. In Section 3, we will 
introduce and discuss the main challenges associated with the OER discovery problem. Next, in 
Section 4, a model to face the identified challenges is presented with a brief discussion about the 
implementation possibilities and threats. Finally, we will present a discussion for the presented work 
in Section 4. 

2. Related Works 

Many different attempts to solve the discovery problem have been already explored. We may 
consider plain repositories of OER, such as MERLOT [5] or OER Commons [6], as the most basic and 
intuitive approach. These kind of repositories gather resources but they are quite limited on their 
recommendation or adaptation efforts as the user still needs much effort to find the right resources. 

The discovery problem has been an active field during some time. We can find works trying 
solutions even before the UNESCO defined the term. Just to mention a few, we can highlight a system 
based on social navigation on repositories [7] or an approach based on social tagging and 
recommendation of similar resources to a given one [8]. More recently, once the term was coined by 
a UNESCO while also calling for solutions, even more works were developed. 

Many of these works have focused on just one repository, repositories sharing a common 
taxonomy or repositories conforming to the principles of Linked Data. An example of the latter is [9], 
which presents a recommendation framework based on Linked Open Data to make to recommend 
new OER. Other related works focus mainly on a very specific task. For example, [10] present a 
system that uses machine learning technics to detect if, for the understanding of a given resource, 
some previous requisites should be meet and if another resources can be used to learn that previous 
requisites. By doing so, they hope to fill the knowledge gap a new resource may arise for a student.  
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Ref. [11] introduced CROERA, an aggregator of different OER repositories that was able to 
automatically aggregate the resources even when the repositories did not share a common taxonomy 
used to classify the resources. They did so while avoiding the traditional approach of a one-to-one 
matching situation, becoming easier to search and to aggregate new repositories in the future. To 
make the aggregation CROERA uses natural language processing (NLP) to extract features from the 
resources and categorize them by using support vector machines (SVM). This approach solves part 
of the discovery problem as makes it easier to search multiple repositories; but no recommendation, 
personalization or adaptation of the resources is presented, just an aggregation. 

3. Challenges in OER Recommendations 

As previously stated, the field of OER discovery presents some challenges. The resources are not 
as uniform as in other fields and there are, at least, two clear roles with different objectives using the 
same resources: teachers and students. In this section, we will discuss these main challenges: the 
source, format and logical structures heterogeneity and the multiple objectives. 

Most of the previous research and developments have focused on some parts of the global 
problem. While a divide and conquer strategy may be the viable, multiple subsystems should coexist 
in any proposal to allow synergies to emerge between them, what would not arise if they were 
different systems. If the recommendation algorithms share information, efforts are saved and new 
opportunities are achieved. 

3.1. Source Heterogeneity 

Plenty of different OER repositories exist: those managed by educational institutions (e.g., MIT 
Open Courseware or MERLOT), by non-governmental organizations (e.g., [5]) or by public 
institutions. In some repositories, only certain people or groups can upload material, while in others 
anyone can do it. Some repositories are supervised by editors or librarians who review all the content 
and some repositories without any kind of prior supervision. There are thematic repositories and for 
many different topics. There are some repositories associated with OER producers and there are some 
that are collectors. There are so many, that repositories of repositories also exist.  

The vast majority of them allow automatically access to resources, and some even offer public 
API to access them or their services, such as search engines. A few, ironically, although they collect 
open resources, but do not allow automatic access to third parties (an example of this would be the 
OER Commons Platform Terms of Use [12], so not all repositories serve as a data source. 

Likewise, the way of presenting each OER in each source is very diverse, making difficult a direct 
and automatic comparison. Usually, there is some type of listing, either as a result of a search or by a 
content organization scheme based on categories from which hang specific pages for each resource.  

These sites tend to label the resources with a set of common fields (title, date, license…), but 
many other fields are unique to each site or with substantial differences that do not allow for direct 
translation. For example, a field indicating the expected target audience is very common but it may 
indicate age, educational level (which change from one country to another) or by some type of 
category that attempts to represent difficulty. 

What is common to all OER in all kind of repositories or sources, regardless of any other 
consideration, is that every OER has assigned a URL to identify the resource, because if the resource 
does not have a URL in the first place, the recommender system will not be able to access it, nor the 
final users. Although this designation is not unequivocal since a single resource can have several 
URLs different, more complex designations that solve this problem are not worth the effort. 

3.2. Format Heterogeneity 

One of the great opportunities offered by the OER is that for each topic it is possible to find very 
diverse resources trying to explain the same topic. Not only with different approaches but also in 
completely different formats. We can find videos, books, presentations, recorded talks, software 
simulations, etc. For example, in the MERLOT system, 22 different kinds of resources are 
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distinguished [13]. This diversity is very rare for a teacher to have material and temporary resources 
to create a course in which each resource is in various formats to please a different kind of students’ 
preferences. 

Nevertheless, this diversity of formats complicates the recommendation a lot since each format 
comes with its peculiarities. For example, a book-only recommender will create a model that includes 
information about the publisher, the date of edition or the number of pages, metrics that do not make 
any sense talking about videos, for example. In addition, it is not only difficult when it comes to 
building the models, but it is also complicated when working with the files of original data. The 
software needed to process or analyze video files is very different from necessary to do the same with 
a web page. 

3.3. Diverse Logical Structures 

It is not uncommon for OER to be aggregated in courses, books or compilations, and those are 
also OER equally valid. Some students will only need to read a chapter, but others the whole book. 
As such, it is necessary some kind of variable hierarchical structure to store these multilevel 
aggregation relationships. 

The problem is that no standard regulates this in any way (and a new standard is not expected 
to be created and followed any time soon). In addition, by allowing the modification and 
redistribution of the modifications of OER, it is very likely to divide any resource into other new ones, 
and thus make new related OER by aggregation and division. 

4. Description of a Proposed Model 

After discussing the motivation and the challenges regarding the discovery problem in the OER 
field, now we will present a model. Our model is divided into 5 different stages. A diagram can be 
seen in Figure 1 to follow our explanation. It is remarkable that as new OER are created or updated 
constantly and the users may interact many times with the system, the model should be seen as a 
dynamic model, where the stages will be constantly producing results, it is not a static step-by-step 
process. 

 
Figure 1. A diagram of the different stages of the model. The dynamic nature of the recommendation 
process generates a potentially never-ending loop. 

4.1. Stage 0: Source Recollection 

A recommendation system cannot recommend what it does not know. So in the initial stage, it 
is necessary to discover what can be recommended. When we talked about the challenge posed by 
the heterogeneity of sources, we already anticipated that there are so many models of OER 
repositories that it is impossible to look for a common model that abstracts them all. The only 
assumption we can make about what the repository will contain is that there will be resources and 
the resources will be identified by an URL. 

The URL of the resource itself may not always be enough to process it. Many times, like in text 
files, this resource can be self-explanatory, but on other occasions, such as video or audio, these 
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resources can be accompanied by a page describing the resource without which the possibilities of 
understanding the resource (or know the license under which it is distributed) decrease. For these 
cases, we have contemplated the possibility that each URL of the resource is accompanied by the 
description URL. This URL can be an HTML focused on being seen by humans or can be linked data 
aimed at automatic processing. Be that as it may, it cannot be assumed that this field will contain 
information. Finally, the lists of ascending and descendant resources appear. 

The founders of Google said in 1998 that “Crawling is the most fragile application since it 
involves interacting with hundreds of thousands of Web servers and various name servers which are 
all beyond the control of the system” [14] and this first stage is mainly about crawling. Any 
implementation should pay attention to crawlers’ traps, the order of visit, any server limitations. 
redundant content found in multiple repositories and remember that the OER will change over time, 
being updated, so it will be necessary to consider strategies to control and maintain those changes. 

4.2. Stage 1: Transformation of the OER into a Common Representation 

The heterogeneity of formats discussed above, together with the diversity of objectives, forces 
us to seek a common representation of resources if we want to achieve a system with universal 
aspirations. The problem is that not all recommendation algorithms can work with the same starting 
representations. There are recommendation algorithms based on linked data, on the content of 
resources, on collaborative filtering, on models, etc. and as these representations are different, in the 
end, any recommendation system must choose what its approach will be from the beginning and is 
limited to recommendation algorithms based on it. 

But, what if it is not necessary to choose? That is, we have options to create multiple 
representations of the OER. In a single system we may have OER represented in linked data models 
or in a textual representation based on its content, and possibly many others. If we accept that we can 
have multiple recommendation systems, we necessarily have to accept that all these representations 
can coexist, and thus we accept that there are several possible representations for each resource.  

The question now is that if at a later stage we create as many models as necessary for each 
recommendation algorithm, what is the meaning of this previous common representation? Does not 
it pick up the diversity of models later and everything we need? 

The answer is no. That is, the resource models that are created in the next stage are strongly 
linked to the needs of specific recommendation algorithms. The common representations that are 
created in this stage are not, and are thought independently and abstractly from a specific algorithm 
while being linked to a family of algorithms. The general rule to discern if something should be a 
model or a common representation is if it can be useful for more than one recommendation algorithm: 
if it can be, it should be a common representation and therefore shared, because resource models are 
unique to each recommendation algorithm. This distinction is what justifies this step. 

4.3. Stage 2: Creation of the User and Resource Models 

Although this and the next stage are different, they have a strong mutual dependence, since no 
resource and user models will be created if not to be used later by the recommendation algorithms 
of the next stage. 

The idea is that the systems implementing the model at the end will start from a series of 
common representations of each resource (which are the result of the previous stage) and from each 
user (which is all the information collected by the system throughout their interaction) and instead 
of working on that primary model directly, each subsequent recommendation algorithm should 
create derived models or views of it to manipulate their information. These views allow models to 
store information without stepping on each other. It is important at this stage to pay special attention 
to avoid duplicated information. Firstly, because if something that a recommendation algorithm 
creates is useful for others it should be a common representation, not a model of its own. Secondly, 
because if there were duplicated information precedes inconsistent states that should be avoided. 

Several recommendation algorithms sharing the same model of the original user can also be a 
great advantage in terms of the usability of the system compared to several that replicate the same 
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functionality. For example, if several recommendation algorithms share as input some data that they 
should ask the user, when sharing a single question is enough, which avoids saturating the user. Even 
if the system wants to avoid asking the user and tries to infer, the more data available previously, 
there will be more possibilities to find relationships that allow inference. 

Depending on the exact set of algorithms chosen, the system will have different models. For 
example, if algorithms from the collaborative filtering family are used, the user model will gather 
information about the evaluation of each resource made by the user, but they will not be gather in 
the user models related in content based recommendations, as in those the user evaluation of the 
resource plays no part. For each task defined in the system, more than one of these models may be 
used, as we explain in the next stage.  

4.4. Stage 3: Data Use 

The ultimate goal of the model is to make recommendations and this is the stage where that goal 
is finally met. As we have already explained, in this stage multiple recommendation systems coexist. 
The input data can be shared (from the OER themselves, of from the user activities) and the output 
of some models may be the input of others, as many times as necessary, creating a living ecosystem 
that is growing towards an increasingly complete and useful system. For example, the system may 
use a contented based algorithm to give results to a user query in a search bar. That algorithm will 
give a sorted set of results that are used as an input to an algorithm that takes that sorted set and the 
user affinity to some type of resources (deduced by the kind of interaction with previous resources) 
and provides a refinement of the original sorted set of results. This refined sorted set is again used as 
input for an algorithm that also takes into consideration some rules established by the course teacher, 
and filters that refined sorted set, providing finally the results to the user. These algorithms will relay 
in different user and resource models, may share some common representations and don’t need to 
be created at the same time, as each one can be reuse by features demands and programmers. 

The number of recommendation algorithms that are here is immense. There are needs that will 
be covered by associating resources by thematic affinity, by the diversity of format or because they 
form a progression. Other algorithms could associate resources with users or even users with each 
other. The fundamental idea is that there are as many recommendation algorithms as can be useful 
for someone and that they carry as much information as possible. 

4.5. Stage 4: Feedback 

Once the recommendations are made, many models can take advantage of the feedback given 
by the users and it is important to consider this in order to allow a gradual improvement of the overall 
process. The idea is very simple: once a recommendation system has created a recommendation, 
some other model should enter to analyze the explicit or implicit feedback generated by the user. It 
can be as simple as offering “I like”/”I do not like” buttons or it can be more complex, such as 
analyzing user activity patterns in the system collected in registers implemented for it. 

Regardless of the method of obtaining feedback, all the previous stages can benefit from the 
conclusions derived from this feedback, but there is a distinction between the first two and the last 
two. For stages 2 and 3, it makes sense to devote efforts to automate the incorporation of the 
information delivered by this feedback process but this is not the case for stages 0 and 1. The two first 
stages will be much more stable stages and that they need fewer changes, so it seems more reasonable 
that these changes will occur only after a human intervention, although always after analyzing the 
feedback. 

5. Discussion 

In this work, we have reviewed some of the challenges that make difficult the recommendation 
of OER. Also, we have presented a model for the automatic recommendation of OER by the 
integration of multiple components, whose purpose is to find the best-fit OER.  
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The model presented focuses on the integration of different recommendation algorithms in a 
single system. By doing so, we are able to better address the diverse objectives of the users; given that 
some techniques would yield better results for some objectives than others. Moreover, we are able to 
take advantage of potential synergies appearing from the sharing of resources for the development 
of a single system and the share of data. The model is divided into five stages: (1) the source 
recollection, (2) the transformation of the OER into a common representation, (3) the creation of the 
user and resource models, (4) the data use, and (5) feedback. This way, the model can integrate any 
existing or future recommendation technique. 

The proposed model allows integrating multiple OER sources and to make recommendations in 
very diverse educational settings, making it possible to respond to users with different objectives. 
With the presented model it is possible to treat all the resource formats and all the sources, in the 
same way, thanks to the transformation of the resources into common representations. These 
common representations facilitate the introduction of new recommendation algorithms since they 
can take advantage of previous efforts with greater ease and reduce maintenance efforts. Based on 
these common representations the next stage is a separate stage for the creation of the final models 
used by the recommendation algorithms. We distinguish these two stages in order to emphasize the 
importance of the recommendation algorithms sharing as much as possible in order to eliminate 
duplicated efforts, guarantee that there are no incongruent states and to lay the foundations for 
synergies to emerge. 

It is difficult to support the idea that creating an OER recommendation system that meets all the 
needs and objectives at first try is feasible. Anyway, with this highly modular architecture, we might 
build on previous models and efforts, and we hope to facilitate synergies. These synergies would be 
especially relevant to the possibilities that the feedback from the users offers. Every recommendation 
system is improved by this feedback and even it is not easy to gather nor to share this information 
between systems. In consequence, we believe that using our model to create a multipurpose system 
will create a system more interesting to the users, as they can achieve most of their objectives in a 
single system, and so it will be used in more situations creating even more feedback information that 
can be used to improve the system, attracting more users, etc. This should be, in the end, a positive 
feedback loop. 

Some weaknesses of the proposed architecture should be discussed too. We would like to begin 
by turning our attention to a question that has nothing to do with the proposed model itself. It has to 
do with the fact of trying to solve a problem in an area where there are already exist many previous 
attempts with yet a new proposal. If one of the problems for the discovery of resources is that there 
are multiple sources, will the situation really improve by the creation of a new source? It is true that 
this proposal aims to group as many previous efforts as possible while creating new possibilities but, 
certainly, it is not the first attempt with this vision. 

Looking to the proposed model itself, the idea of decoupling the stage of creation of common 
representations and the creation of models will make it easier for the recommendation algorithms to 
share data but, at the same time, there is a risk of the system becoming chaotic. Defining a clear set of 
rules, to decide what should be part of that common representation and what should not, will be a 
challenging task. Ideally, the common representations should be altered very little and be exclusively 
cumulative, that is, never eliminating content from the common representations, to avoid ending 
with orphaned recommendation algorithms. After all, it’s always easier to ignore data than to have 
to guess it because it is missing. But storage and maintenance costs should also be considered. 

As future work, plenty is ahead. First of all, the model should be empirically validated. The 
proposal should be effectively implemented and progressively evaluated to know the effectiveness 
of it in different contexts. Likely, the progressive integration of all these recommendation strategies 
will be hard. It will be important to also pay special attention to the creation of the interface and user 
experience, in order to make it suitable to all the different user profiles that may benefit from it, 
always maintaining a balance between functionality and acceptable complexity. Once the system 
begins to take sufficient form, the model should be evaluated to check its effectiveness and limitations 
in real environments and consider it the effort is worthy.  
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Given the highly integrative approach of the model, we expect that any future works should not 
be limited to the integration of previous methods of recommendation, but also focused on building 
new and improved methods, taking advantage of the synergies that we hope will arise. 

Ideally, if tests with users work and can be extended to larger user communities, the data 
collected itself may be valuable and worthy of becoming an independent datasets divulged to the 
scientific community to encourage research in recommendation systems in educational contexts. The 
vast majority of datasets publically available, on which research is founded, are of films or songs, and 
introduction these are settings different from the educational. Testing recommendation algorithms 
with thematically limited sets may be hiding problems in the recommendation algorithms and these 
datasets can become a useful tool to discover and address them. 
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