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Abstract. With the development of sophisticated e-learning platforms, educational recommender systems and automatic essay evaluation are becoming an
important features in e-learning systems. Most of the works in educational recommendation techniques are focused in recommending learning materials or learning activities to the learners. In this paper we proposed and implemented a semanticbased feedback recommendation approach for automatic essay evaluation, which
will allow assessors to interact with automatic essay evaluation systems, give
feedback on learner’s essay solution in the form of textual comments and provide
recommendation to other similar essay solution based on the solution which the
assessor has given textual feedback. To compute the semantic similarity and to
provide feedback recommendation, we used neural word embedding and relaxed
word mover’s similarity. The proposed approach achieves high performance accuracy, compared to the state-of-the-art methods, according to our experimental
results.
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Introduction

Existing commercial and open source e-Learning platforms offer functionalities to help
teachers and support learners. Although e-Learning have come a long way, some of its
aspects are still in their early stages. One of such aspect is e-Testing, offered by most of
the platforms, however, these e-Testing authoring tools have limited functionalities.
Using e-Testing modules, e-Learning platforms can provide both subjective and objective exams. We denote an exam “objective” if it has objective evaluation criteria (e.g.
computing a mathematical equation or choosing from several options which might be
correct or not, etc.). On the contrary, we call an exam subjective if the correctness of it’s
solution depends on subjective preferences of the evaluator (e.g. an essay about a specific topic where not only the information contained are evaluated but also it’s writing

2

Tsegaye M.Tashu and T. Horváth

style or some other characteristics). However, providing appropriate feedback (score
and textual comment) timely, especially for subjective type of exams, is a challenging
task for the teacher and is not yet addressed well in most of the e-Testing modules.
Moreover, for the solution students submitted through e-Testing systems, providing
automated feedback suggesting a possible solution are also not well addressed in the
literature. On the other hand, e-Testing systems should also provide additional features
that help teachers to highlight parts of a text (student solution) and provide a comment
related to this part.
Adding these features into current e-Testing systems might not be challenging but
making them, in some sort of sense, intelligent is an open research issue. Rather than
letting the assessor to give feedback to all student solution in a pen and pencil way,
which is a high burden to a human and also time consuming, we need to develop algorithms that will choose some representative student solutions for which the assessor
would give feedback (in form of textual comments) and the system will automatically
recommend feedback to other student solutions based on their similarity to the chosen
representative solutions.
The issue related to essay scoring can be addressed by using Automatic Essay Evaluation (AEE) systems which are used to automatically evaluate and score essay exam
solutions considering both their syntax and semantics [19,23]. Many evaluative studies have reported relatively high levels of correspondence between the scores produced
by AEE systems and those produced by human markers [19,8,2,23]. However, despite
these positive results and the potential benefits of AEE technology, AEE systems are yet
to be widely accepted by professional educators [26,13]. A possible reason for this is the
lack of transparency of these systems [6] in the results produced leading to assessors’
low confidence in the validity of AEE systems.
Issues on AEE systems (acceptance) and the issue of providing textual comments
on student solution can be addressed using the following manners: One way is to allow
the assessors to interact with AEE systems by crosschecking the machine score and
allowing to modify this score. The second solution is to incorporate a feedback recommendation system that allows the assessor to select part of a student solution, give
comments on this part and the feedback recommendation system will recommend the
most likely to be comment for other student solution provided.
Therefore, in this paper we propose a semantic-based feedback recommendation
approach for AEE systems that will allow the assessors to interact with systems, allow
them to give feedback and give recommendation to other similar essays based on their
similarity to the solution which has been evaluated by the assessor.
The rest of this paper is organized as follows: Section 2 provides an overview of the
existing works and approaches. In Section 3, the proposed semantic based feedback recommendation approach is introduced. Experiments and results are described in Section
4. Section 5 concludes the paper and discusses prospective plans for future work.

2

Related Work

According to AL-Smadi and Gütl [1], the reasons for using e-Testing instead of penand-pencil tests are both practical and pedagogical. The practical ones are given by
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the increase in students numbers and, implicitly, of assessors quantity of work. The eTesting is meant to resolve the problem of evaluation of a large number of students in
a short period of time. The pedagogical reasons come from the need for systems which
evaluate students knowledge correctly and efficiently. In the past, the purpose of the eTesting systems was to shorten the time spent by the teachers for the evaluation process,
but now, the e-Testing systems have new challenges to overcome: the efficient management of questions, the building of intelligent tests, and providing timely feedback to
learners in the form of textual comments.
The research on automatic essay exam evaluation and scoring essay exams on the elearning platform is ongoing for more than a decade where Machine Learning (ML) and
Natural Language Processing (NLP) techniques were used for evaluating essay exams.
The history of developing AEE systems started in 1966 by[19] and followed by other
research works like E-Rater [3,2], Intelligent Essay Assessor (IEA) [8], IntelliMetric
[22], Pairwise [23] and others. These systems automatically score essays but assessors
are not allowed to interact and give feedbacks in the form of textual comments on each
students solutions.
e-Learning systems use different recommendation techniques in order to suggest
online learning activities to learners, based on their preferences, knowledge and the
browsing history of other learners with similar characteristics. Recommender systems
assist the natural process of relying on friends, classmates, lecturers, and other sources
of making the choices for learning [16].
Most of the works on recommendation techniques in education are focused on recommending learning materials or learning activities to the learners [11,14]. On the other
hand, educational data mining has considered to support universities, teachers and learners by helping the learners improve their performance, to know how the learners learn
and how they adapt to new problems [24].
There were also attempts to develop recommender systems that provide feedback to
the students’ essay submissions in the form of textual comments. Gibbs and Simpson
[9] describe several conditions under which feedback has a positive influence on learning. Feedback should be (i) sufficient in frequency and detail (ii) focused on students
performance, on their learning and on the actions under students control rather than on
the students themselves and/or on personal characteristics, (iii) timely, in that it is received by students while it still matters and in time for application or for asking further
assistance, (iv) appropriate to the aim of the assignment and its criteria, (v) appropriate
in relation to students conception of learning, their knowledge and of the discourse of
the discipline (vi) attended to and (vii) acted upon.
The Altered Vista (AV) system, proposed by Recker and Walker [25], uses a database
in which learner evaluations of learning resources are stored. It allows learners to
browse the reviews of others and get personalized learning resource recommendations
from the system. AV does not support learners directly by giving them feedback on
their work. Instead, it provides an indirect learning support by recommending suitable
learning tools.
Another similar web based application called PeerGrader (PG) was also introduced
[10]. PeerGrader helps learners’ to improve their skills by reviewing and evaluating solutions of their fellow learners blindly. In PG, each learner will get a task list and can
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choose a task by the PG. Learners submit their solutions and another learners can read
these solutions and provide textual comments. Learners can modify solutions based on
the comments received and re-submit an updated version of their solutions again to the
system where other learners can review it again. After learners submitted their final updated version, the PG calculates grades for these solutions. The evaluation of a single
learner answer is very time consuming because of the complexity of the reviewing process and the textual comments. This may cause learner dropouts and deadline problems
[20].
The Scaffolded Writing and Rewriting in the Discipline (SWoRD) system was introduced by [5] to address the problem of writing homeworks in the form of a long
text which cannot be reviewed in detail by a teacher for time reasons. SWoRD relies
on peer reviews. Students who conduct peer reviews, read possible task solutions that
were provided by other students and evaluate them. Based on peer reviews, the system
provides feedback to learners in the form of recommendations.
All the previous works recommend feedbacks based on the peer reviews. This is
very time consuming for the learner to wait and to get the feedback and also the feedback might not even be useful because their fellow learners’ might make the review
blindly. Therefore, in this paper we propose a semantic-based feedback recommendation approach for AEE systems that will allow assessors to give feedback in the form
of textual comments on selected student essay solutions and make recommendations to
other similar essay solutions based on evaluated solutions by the assessor.

3

Feedback Tag Recommendation

As we discussed in sections 1 and 2, in this paper we will address an open research problem called semantic-based feedback recommendation. Our e-Testing system 4 which was launched eight (8) months ago has different features that help both the
assessors and learners. It allows assessors to create their own course, add students they
want to assess, create both subjective and objective exams for the course and it also
allows the assessors to give feedbacks in the form of textual comments on selected (and
highlighted) parts of students submissions. The system allows learners to register and
get their own username and password, send a request to register for course, Submit their
solution for the registered exams and view their score and the assessor’s feedbacks.
The feedback system is the same as a manual way of giving textual feedbacks to the
learners.
To make the feedback feature of the system more useful and supportive towards the
assessors, we introduce a semantic based feedback recommendation approach which
works in the following manner: First, the assessor gives textual comments on some
essays by selecting a phrase, a sentence or a paragraph. On each students essay, the
assessor can give as many comments as he/she wants. Then, feedback recommendations
system will find similar essays of other students, check whether the highlighted text (or
a very similar text) is present in those essays and give recommendation for comments.
To address the issue, we have proposed and implemented a semantic-based feedback tag
4
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recommendation approach. We also implemented two baseline solutions, introduced in
algorithms 1 and 2, for experimental purposes.
The first baseline is a simple pattern matching approach, introduced in the Algorithm 1, that has the following data on its input:
– a student essay e, a text, for which the feedbacks are going to be recommended,
– the set of all essays E submitted by all the students not evaluated so far by the
teacher, such that each essay correspond to one student (i.e. |E| is the number of
students),
– the set F = {(h, c) | h is a text, c is the teacher’s comment to h} of teacher’s feedbacks present in already evaluated essays, i.e. comments c on some (parts of) texts
h from students’ essays evaluated by the teacher.
The algorithm simply looks up in a so far not evaluated essay e if it’s parts are identical
to already commented parts of other essays on the same topic.
Algorithm 1 General Rule based algorithm
1: procedure TAG RECOMMEND(e, E, F)
2:
for all e ∈ E do
3:
e.sentences = tokenize(e)
4:
for all (h, c) ∈ F do
5:
for all s ∈ e.sentences do
6:
if h ⊆ s then
7:
F ← F ∪ (s, c)

. Create sentence tokens for each essay e

The second baseline, introduced in the Algorithm 2, is based on semantic and lexical
similarity with the same data on input as in the case of Algorithm 1 and a similarity
threshold θ what is a hyper-parameter of the algorithm and has to be set up by the user
(might require a certain domain knowledge). Equation 1 and 2 are used in algorithm 2
to compute the similarity.
Algorithm 2 General Similarity based algorithm
1: procedure TAG RECOMMEND(e, E, F, θ)
2:
for all e ∈ E do
3:
e.sentences = tokenize(e)
4:
for all (h, c) ∈ F do
5:
for all s ∈ e.sentences do
6:
if similarity(h, s) ≥ θ then
7:
F ← F ∪ (s, c)

3.1

. Create sentence tokens for each essay e

Cosine similarity

Cosine similarity is one of the most widely used lexical similarity measure in text document similarity. Given the set of all essays E submitted by all the students not eval-
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uated so far by the teacher, sentences s1 , s2 , . . . , sn of a student essay e ∈ E and the
set F = {(h, c) | h is a highlited text, c is the teacher’s comment to h} of teacher’s feedbacks present in already evaluated essays, i.e. comments c on some (parts of) texts h
from students’ essays evaluated by the teacher, the cosine similarity between each s j
(where 1 ≤ j ≤ n) and a given h is defined as follows:
cosine sim(s j , h) =

xs j xh
kxs j kkxh k

(1)

where xs j is a vector representation of sentence s j of the essay e and xh is a vector
representation of a highlighted text h.
3.2

Relaxed Word Movers based similarity

To compute the semantic similarity between sentences in essays and highlighted text,
we use the word mover distance [15] and we will redefine it as a relaxed word mover
similarity using cosine similarity.
The relaxed word mover similarity utilizes the property of word2vec embeddings
[17]. Therefore, the similarity between two text documents D1 and D2 is the maximum
cumulative similarity that word vectors from document D1 travels to match exactly to
word vectors of document D2 .
In this regard, in order to compute the semantic similarity using the relaxed word
movers similarity between sentences s1 , s2 , . . . , sn contained in an essay e ∈ E not evaluated so far by the teacher and h a highlighted text from the set F of teacher’s feedbacks
present in already evaluated essays, defined above, s1 , s2 , . . . , sn will be mapped to h
using a word embedding model. Let s j and h be nBOW representations of s j and h,
respectively, where 1 ≤ j ≤ n. Let T ∈ Rm×m be a flow matrix, where Tkl ≥ 0 denotes
how much the word wk in s j has to “travel” to the word wl in h, and m is the number
of unique words appearing in s j and h. To transform s j to h entirely, we ensure that the
complete flow from the word wk to the word wl equals to some value dk . The relaxed
word movers similarity is defined as follows using cosine similarity measure:
m

max
T ≥0

∑

Tkl cos sim(wl , wk )

(2)

k,l=1

subject to
m

∑ Tkl = dk , ∀i ∈ {1, . . . , n}
k=1

4
4.1

Experimental study
Dataset selection and preparation

In order to perform the experiment, a data set which has highlighted texts and comments on the students’ essay is mandatory. However, we could not find such a data set,
probably because there was no attempt to address such an issue so far. Therefore, for
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this experiment, we have simulated the process of teacher evaluating (i.e. highlighting
and commenting) essays. We used the benchmark data provided by the Hewlett Foundation at Kaggle5 for an AEE competition. There are 10 data set,s corresponding to
10 different topics, in the benchmark containing student essays. All the data sets were
rated by two human raters.
From these data, we randomly selected 2000 essays belonging to four different
datasets, i.e. essay topics, for this experiment. Then, we randomly selected 6 different
essays in which we manually highlighted a randomly selected sentence and generated a
comment for this highlighted sentence. This simulates a teacher in evaluating 6 essays
on different topics such that in each essay he/she comments one selected (highlighted)
sentence. Then, we have searched the similar sentences in all the 2000 essays to those 6
sentences which were highlighted manually. We did it by a simple syntactic similarity
search such that sentences which are 100% similar to those 6 sentences were highlighted
and manually assessed by a human. The resulting set of 2000 essays each containing at
least one highlighted text and a related comment serves as the experimental dataset for
the proposed approaches. It is important to note that in the resulting dataset there are 6
different feedbacks corresponding to 6 different texts. We will denote these 6 sentences
and related comments as “feedback one” (shortened as F1), “feedback two” (shortened
as F2), . . . , “feedback six” (shortened as F6), respectively.

4.2

Data Preprocessing

In preprocessing an essay, the following tasks were performed: tokenization; removing
punctuation marks, determiners, and prepositions; transformation to lower-case; stopword removal and word stemming. In the stop word removal step, the words that are
in the stop word list [12] were removed. After removing the stopwords the words have
been stemmed to their roots [18] .
For essay evaluation, the freely available word2vec word embedding, which has an
embedding for 3 million words/phrases from Google News trained using the approach
in[17], was used as a word embedding model in the implementation of the proposed
approach.
Python was used to implement the proposed semantic-based feedback recommendation algorithms and other base line algorithms discussed above. As the Relaxed Word
Mover’s Similarity (RWMS) algorithm is dependent on a word embedding, we used
the freely-available Google News word2vec6 model. Also, Scikit-learn7 and Numpy8
Python libraries were used.
The performance of the proposed semantic based feedback recommendation system
is compared to the rule-based and cosine similarity [7,27] approaches described in the
Algorithms 1 and 2.
5
6
7
8
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http://www.numpy.org/
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Evaluation Metrics

To assess the successful decision-making capacity of the feedback recommendations
algorithm and to evaluate the recommendation quality, we used classification accuracy
metrics. Precision and recall are the most popular metrics used for evaluating information retrieval systems and recommender systems [21].
They are used to measure the amount of correct and incorrect classifications as relevant or irrelevant feedback that are made by the recommender system and are therefore
useful for learning tasks such as finding good and relevant feedbacks in e-Testing systems.
Precision: (also called confidence in data mining) is a measure of exactness or
fidelity and is calculated as the ratio of recommended feedbacks that are relevant to the
total number of recommended feedbacks. This is the probability that a recommended
feedback corresponds to the learners solution. A precision score of 100% would indicate
that every recommendation retrieved was relevant [21,4].
If AF = {(ha , ca )} denotes the set of actual feedback tags (i.e. highlighted texts and
related comments) by the assessor and RF = {(hr , cr )} denotes the set of recommended
or predicted feedback tags by the recommender system, then Precision can be defined
as in the Equation 3:
Precision =

|AF ∩ RF|
|RF|

(3)

Recall: (also called sensitivity in psychology) is a measure of completeness. Recall
score of 100% would indicate that all relevant recommendations were retrieved. Recall is calculated as the ratio of recommended feedbacks that are relevant to the total
number of relevant feedbacks [21,4].This is the probability that a relevant feedback is
recommended and is defined as follows in equation 4:
Recall =

|AF ∩ RF|
|AF|

(4)

F1-measure: Since both Recall and Precision are important in evaluating the performance of a system which generates relevant recommendations, they can be combined
to get a single metric, the F1-measure, which is a weighted combination of Precision
and Recall [21,4], and is defined as follows in equation 5.
F1 − measure =
4.4

2 ∗ Precision ∗ Recall
Precision + Recall

(5)

Experimental results and Discussions

Results in figure 1 show the comparison between the actual feedbacks and predicted
(recommended) feedbacks. RWMS has an accuracy of 0.92, 0.97, 0.95, 0.99, 0.96 and
0.61 in correctly recommending F1, F2, F3, F4, F5 and F6, respectively.
The results of lexical based feedback recommendation algorithms have an accuracy
of 0.12, 0.18, 0.44, 0.99, 0.98 and 0.58 in correctly recommending F1, F2, F3, F4, F5,
F6, respectively, according to figure 2. According to figure 3 the rule-based feedback
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Fig. 1. Normalized Confusion matrix which shows the number of the cases from actual recommendation are correctly predicted(recommended) and how may of the cases are incorrectly predicted (recommended) by the RWMS algorithm

Fig. 2. Normalized Confusion matrix which the number of the cases from actual recommendation are correctly predicted(recommended) and how may of the cases are incorrectly predicted
(recommended) by the Lexical based algorithm
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Fig. 3. Normalized Confusion matrix which show the number of the cases from actual recommendation are correctly predicted(recommended) and how may of the cases are incorrectly predicted
(recommended) by the Lexical based algorithm

recommendation algorithms have an accuracy of 0.12, 0.16, 0.44, 0.99, 0.97 and 0.57 in
correctly recommending the related feedbacks F1, F2, . . . , F6, respectively. Therefore,
according to the the results of 1, 2 and 3 the proposed semantic based feedback tag
recommendation algorithm has outperformed the baseline algorithms.
Table 1 shows the performance of the algorithms using Precision, Recall and F1measure. Using the semantic based feedback recommendation, 92% of retrieved recommendation are relevant and 91% of relevant recommendation are retrieved while 74%
of retrieved recommendation are relevant; and 69% and 68% of relevant recommendation are retrieved using rule based and lexical based algorithms respectively. The results
in table 1 also show that the semantic based algorithm has outperformed the baseline
algorithms.

Table 1. Performance of feedback tag based recommendation using Precision, Recall and F1Score for dataset
Methods
Semantic Based
Lexical Based
Rule Based

Precision
0.925207
0.742056
0.746979

Recall
0.918042
0.691038
0.688090

F-Score
0.914620
0.635401
0.631034
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In general, the results show that rule-based recommender algorithm and lexicalbased recommender algorithm can work well in cases where there is a word by word
mapping between a sentence s, from the set of all essays E submitted by all the students
but not evaluated so far by the teacher, and a highlighted text h from the set F = {(h, c)}
of teacher’s feedbacks present in already evaluated essays, i.e. comments c on some
(parts of) texts h from students’ essays evaluated by the teacher. Semantic similaritybased recommender algorithms can work by understanding the meaning behind them.
That’s the main reason for semantic similarity-based recommender algorithms to have
a total accuracy of 91.8% while lexical-based and rule-based recommender algorithms
have an accuracy of 69.1% and 68.8%, respectively.

5

Conclusions

Today, many e-Learning platforms offer authoring tools for e-Testing. These authoring
tools allow assessors to create essay exams and the scoring will be done either automatically or manually. In most of the cases, the authoring tools do not have an option for the
teacher to give feedback in the form of textual comments. To address such issues, we
have successfully hosted the e-Testing system where the assessor can give feedbacks in
the form of textual comments.
In order to make this feature more useful and helpful, a semantic-based feedback
recommendation approach was proposed and implemented in this work. The proposed
algorithm uses ground truth feedbacks from the assessor to give feedback recommendation to other similar student essay solution. To compute the semantic similarity between
sentences, we used a relaxed word movers similarity distaance that computes semantic
similarity based on neural word embedding.
The experiment was carried out on 2000 randomly selected essay from 10 different
datasets which were provided by Kaggle for automatic essay evaluation and we simulate the role assessors to obtain textual feedbacks. The performance of the proposed
approach was evaluated and compared to other state-of-the-art algorithms. According
to the experimental results, the proposed approach has outperformed the baseline algorithms. In order to test the algorithms in real time scenario and to provide datasets for
related research works, we will integrate the algorithm into our own e-Testing. Our aim
is to publish real-world datasets which researchers can use in development of feedback
recommendation algorithms and contribute to the given area of research.
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