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Abstract  
This paper presents the results of learnersourcing in a multidisciplinary setting, where Linguistics 
students (Humanities) and students of Information Sciences (Social Sciences) engaged in a sentiment 
annotation task. The student evaluations of a task, the learnersourcing platform and student motivation 
are also presented. The learnersourcing task was connected to learning goals of three academic 
courses (Language Engineering, Translator and the Computer and Corpus Linguistics). A total of 62 
students between the age of 22 to 24 participated in a learnersourcing task marking Croatian movie 
review sentences (~5000 sentences per student) with five categories of coarse sentiment. They also 
participated in a machine translation (MT) evaluation task consisting of a comprehension test and rating 
of MT output, as well as in an exercise involving error quantification and classification in sample texts 
written in several languages and translated by machine into Croatian.  

Keywords: learnersourcing, crowdsourcing, sentiment analysis, natural language processing, language 
datasets, annotation.  

1 INTRODUCTION  
One of the major challenges associated with the development of high-quality language datasets and 
annotations for natural language processing tasks (such as machine translation, sentiment analysis, text 
generation or text classification) in less-resourced languages (for which few computational data 
resources exist) is a large amount of financial and human resources needed to develop and maintain 
language datasets.  

As pointed out by Nicolas et al. [1], “the lack of wide-coverage and high-quality language resources is a 
longstanding issue in Natural Language Processing (NLP) that persists until nowadays despite 
numerous efforts aiming at addressing it such as CLARIN (Varadi et al., 2008), DARIAH (Blanke et al., 
2011) or META-NET (Piperidis, 2012).” 

In order to reduce the cost of developing such datasets, both explicit crowdsourcing (like the Amazon 
Mechanical Turk or Zooniverse) and implicit crowdsourcing in the form of games with a purpose 
(GWAPs) have been used. In the field of natural language processing and lexicography, explicit 
crowdsourcing has been used to develop language resources like dictionaries [2], while implicit 
crowdsourcing in the form of GWAPs was used to clean resources [3] and to collect linguistic knowledge 
from learners [4]. 

If the crowd’s motivation for participation in crowdsourcing is learning that is facilitated through enjoyable 
and intrinsically useful tasks, crowdsourcing turns into learnersourcing.  

A basic difference between crowdsourcing and learnersourcing is that learnersourcing assignments are 
commonly integrated with instructional materials or interfaces, while crowdsourcing assignments are 
frequently given as standalone. Hence, learnersourcing assignments must be contextual, meaning that 
they must be closely related to the underlying instructional material. The other difference is that learners, 
compared to the paid crowd, tend to be more motivated by their interest in the learning material and, 
consequently, produce higher quality language resources. They are also the target population that the 
language resources benefit from: more available developed high-quality language datasets imply more 
contributions from learners and higher quality of the dataset. 

The idea of learnersourcing is supported by many learner-centered theories from the educational 
literature. 

Namely, constructivism highlights the significance of the learner’s active role in engaging with the 
learning process and material [5, 6], cognitive psychology principles [7] emphasize the importance of 
having students generate new content, and other theories perceive students as producers of work of 
social importance that is full of academic content and value [8]. Furthermore, a meta-analysis of 
hundreds of research studies [9], discovered that learning increases as engagement increases. 
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Active learnersourcing should have two purposes: to collect useful information and to design 
pedagogically meaningful explicit learning activity. This is a difficult task because accomplishing both 
purposes at the same time demands the comprehension of both crowdsourcing and instructional design 
[10].  

Learnersourcing has recently been used to transcribe speech for online lecture videos [11], to label sub-
goals in instructional videos [12], to provide explanations for programming misconceptions [13], to create 
complex, peer and self-assessment in massive online classes [14, 15], for generating design feedback 
on instructional videos [16] and for recommendations for remediation in online classes [17].  

Snow et al. [18] showed that aggregating individual annotators’ input over a small number quickly can 
yield results comparable in quality to those produced by experts, even though annotations from 
individuals may produce noisy results. 

However, the examples from previously mentioned studies are limited mainly to courses in the context 
of a specific academic field. Also, as Khosravi et al. [19] point out, although learnersourcing has been 
embraced more and more in higher education, understanding the motivation and behavior of students 
engaged in learnersourcing is still to a great extent underresearched. 

Therefore, this paper explores how learnersourcing, as a form of crowdsourcing where student-learners 
represent a crowd that engages in a meaningful learning experience, can be applied to support the 
development of datasets for sentiment analysis tapping the knowledge of students as annotators-in-
training in a multidisciplinary setting. 

Instructional design for learnersourcing involves identification of individual learner’s contribution to 
natural language processing task, design of the pedagogically beneficial activity, a technical solution to 
meaningfully aggregate the collective learner contributions and integration of the activity into the online 
learning user interface.  

During this process, there are many instructional design dimensions to consider, motivation being one 
of the most important ones. Instructional design for learnersourcing needs to enforce an activity that will 
incentivize learners in the natural language processing task. 

In this paper, we present the results of learnersourcing in a multidisciplinary setting, where Linguistics 
students (Humanities) and students of Information Sciences (Social Sciences) engaged in a sentiment 
annotation task. We also present the student evaluations of a given task, the platform and their 
motivation.  

2 METHODOLOGY 
Learnersourcing aims to transform students from passive learners to active knowledge seekers and 
producers who engage with various learning tasks that boost their higher-order thinking skills (HOTS). 
The task described in this paper was connected to learning goals of three academic courses (Language 
Engineering, Translator and the Computer and Corpus Linguistics), where students had an opportunity 
to identify the features that distinguish natural language processing systems from other intelligent 
systems, compare different machine translation systems and simultaneously reflect on semantic issues 
in machine translation while engaging with the sentiment annotations. A total of 62 students between 
the age of 22 to 24 were presented with movie reviews from the adventure genre in Croatian. The 
students also participated in a machine translation (MT) evaluation task consisting of a comprehension 
test and rating of MT output, as well as in an exercise involving error quantification and classification in 
sample texts written in several languages and translated by machine into Croatian.  

2.1 Sentiment Analysis task 

2.1.1 Dataset  
Our dataset comprises text from a collection of movie reviews from recenzijefilmova [20] website. The 
website provides reviews about movies and TV series along with recommendations for top films. The 
dataset contains a total of 216 reviews for the adventure genre. Each review has passed through 
sentence tokenization, where the whole review was split into individual sentences. All the reviews were 
split into 18 groups such that each annotator received an equal number of sentences (~5000 sentences), 
thereby ensuring that no student received a partial review. At least three annotators have tagged a single 
sentence. Each review was pre-annotated using the sentiment analysis deep-learning model for 

0862



 

 

Croatian [20]. This step has accelerated the annotation process as the learners did not have to tag the 
sentence from scratch and correct it only if the tag was incorrect. The learners have annotated each and 
every sentence from the review. 

2.1.2 Annotation Scheme 
Drawing upon the annotation scheme in [21], learners were presented with five categories of sentiment:  
1—negative, 2—neutral, 3—positive, 4—mixed and 5—other. Evident from the naming, the negative 
review is tagged with negative, and the positive sentence is marked with positive. The facts such as the 
date of release or genre of the movie are tagged as neutral. The sentences which have positive as well 
as negative connotations are categorized as mixed. Finally, figures of speech, if they exist, are tagged 
as sarcasm. The annotation guidelines explain each case of the label, along with multiple examples.  

2.1.3 Web Interface 
The Inception 0.14.3 online tool [23] was used for all our learnersourcing tasks. Inception is a semantic 
annotation platform that allows user-friendly semantic annotations. The platform enables easy 
management of annotation projects with a substantial number of annotators. As we did not want 
participants to see each other’s work, the students were split into groups and assigned to one project. 
Each user then logged into the system by login credentials and was able to see only files assigned to 
him/her. Each user performed the annotation process and locked the document before moving on to the 
next document. The locking mechanism marked the completion of the document and helped us in 
tracking the completion status and overall work status. Each student has spent an average of four hours 
on the task. 

2.2 Machine Translation 

2.2.1 Machine Translation Evaluation Task 
As a part of the graduate course Translator and the Computer, students were given an opportunity to 
participate in a machine translation output evaluation task, with a total of 27 students taking part in the 
task. A 300-word text was translated from English into Croatian using Google Translate, and the 
students were asked to answer 5 questions testing their comprehension of the text with the ultimate goal 
of assessing the accuracy of the translation. They were also asked to give their subjective rating of the 
comprehensibility of the translated text using a five-point scale (1 – Incomprehensible; 2 – Poorly 
comprehensible; 3 – Fairly comprehensible; 4 – Mostly comprehensible; 5 – Totally comprehensible). 
Only one student rated the text as poorly comprehensible, while the majority rated it as mostly 
comprehensible (16). The mean rating was 3.85. 

2.2.2 Machine Translation Error Classification Task 
A total of 45 students participated in a task involving the classification of errors in a machine-translated 
text according to the classification scheme outlined in [25], drawing upon earlier classification systems 
in [26] and [27]. Students were instructed to select a 300-word text in the language of their choice and 
translate it into Croatian, and the majority (19) chose English as the source language. Other languages 
used were Swedish (9), French (7), German (2), Spanish (2), Czech (2), Italian (1), Romanian (1), 
Slovenian (1) and Korean (1). The text samples were then analyzed and the errors identified and 
classified into eight categories: (1) omitted words; (2) untranslated words; (3) inserted words; (4) lexical 
errors (mistranslated words); (5) morphosyntactical errors; (6) word order errors; (7) spelling and 
punctuation errors; (8) stylistic errors. The students were also asked to provide commentary on the 
errors they had identified. 

3 RESULTS 
Results indicate that the recruitment of students as annotators-in-training for the development of 
language datasets in a less-resourced language benefits the students who provide evidence about their 
learning outcomes achievement by engaging in the development of the dataset and reflection. It also 
benefits the whole machine learning community that gains open-source datasets for the training and 
validation of language models. 

The students were also given the opportunity to provide feedback on the sentiment annotation task, 
which was overwhelmingly positive; most of the students reported that the instructions were easy to 

0863



 

 

follow and that the task was engaging and entertaining. They also provided useful suggestions as to 
possible enhancements of the interface.  Statistically evaluating the inter-rater agreement between 
annotators’ results provided us average Fleiss Kappa score 0.59 which is moderate agreement score. 

Within the machine translation tasks, some of the students provided extensive commentary on the 
quality of the machine translation output, pointing out the most frequent types of errors and offering 
hypotheses on the reasons why some error types occur more frequently than others. Some of the 
students also provided appropriate translations to replace sentences which were incorrectly translated 
by the machine translation system, even though they were not required to do so, which demonstrates 
their high degree of motivation and commitment to the task.  

4 CONCLUSIONS 
Our experience with learnersourcing shows that recruitment of students in such projects provides 
benefits for the developers of language resources, who obtain valuable material across multiple domains 
and languages, and the students themselves, who get the opportunity to engage in hands-on 
assignments, putting theoretical knowledge they acquired as a part of a course they attend into practical 
use and gaining crucial skills and insights into what working in a particular field may entail. The feedback 
we received from the participant students indicates that they appreciate being able to get involved in a 
practical aspect of a course and that it enhances their overall learning experience. 
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