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ABSTRACT

Peer feedback has been widely used in computer-supported collab-
orative learning (CSCL) setting to improve students’ engagement
with massive courses. Although the peer feedback process increases
students’ self-regulatory practice, metacognition, and academic
achievement, instructors need to go through large amounts of feed-
back text data which is much more time-consuming. To address
this challenge, the present study proposes an automated content
analysis approach to identify relevant categories in peer feedback
based on traditional and sequence-based classifiers using TF-IDF
and content-independent features. We use a data set from an exten-
sive course (N = 231 students) in the setting of engineering higher
education. In particular, a total of 2,444 peer feedback messages
were analyzed. The results have shown promising outcomes with
both TF-IDF and content-independent features. The Conditional
Random Fields (CRF) classification model based on the TF-IDF fea-
tures achieved the best performance, considering all the metrics
computed in the analysis. The results illustrate that the ability to
scale up the automatic analysis of peer feedback provides new op-
portunities for student improved learning and improved teacher
support in higher education at scale.
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1 INTRODUCTION

Collaborative learning has significant importance in the education
system. It offers students opportunities to learn valuable interper-
sonal and teamwork skills by participating in task-oriented learning
groups [7]. Research has demonstrated that collaborative learning
influences student academic achievement (e.g., [48, 56, 58]). How-
ever, we still have a limited understanding of the nature of student
regulation of learning in computer-supported (CSCL) settings, es-
pecially in large courses.

In this context, peer assessment and peer feedback are key com-
ponents in the collaborative learning setting [27]. Peer assessment
was shown to increase learning performance [32]. Peer feedback, in
particular, can also be an effective way to help students reflect on
their contributions and identify areas for improvement [34]. How-
ever, it is time-consuming and often impossible to keep track of the
feedback given by each student in a group in a large-enrollment
course (more than 100 students) [54]. Therefore, there is a need to
develop tools and methods that would allow for automated feedback
analysis to improve teacher support and, ultimately, learning.

Recent studies have applied machine learning methods to au-
tomate content analysis in educational settings [12, 19, 20]. More
specifically, the results of the automated content analysis can be
used to analyze student/instructor feedback to support better learn-
ing practices [11, 12]. Nevertheless, to the best of our knowledge,
no previous study focused on analyzing peer feedback to identify
relevant components for CSCL (e.g., affective, cognitive, or metacog-
nitive). Investigating the peer feedback content makes it possible
to identify aspects of student feedback that may indicate the varied
level of individual student engagement in group work.

Therefore, this paper proposes an analysis of machine learning
algorithms using TF-IDF and content-independent features, from
Linguistic Inquiry Word Count (LIWC, [52]) and Coh-Metrix [22],
to the task of peer feedback content analysis. We also evaluated the
newly proposed sequential content-independent features approach
[20] that considers the sequence of the text to extract features.
Furthermore, we compare the results of traditional classifiers with
BERT linguistic model. This study uses a dataset from a massive
introductory course (N = 231 students) at a university in Sweden.
The data set contains 2,442 peer feedback messages divided into
10,319 sentences to extract the features and compare the results
considering F1, and Cohen’s k, well-adopted measures to evaluate
content analysis models in educational settings.

The results demonstrated that the Conditional Random Fields
(CRF) classification model based on the TF-IDF features had the best
performance considering all the metrics computed in the analysis.
Further, we report on the results of a detailed analysis of the most
predictive features for each category extracted from the CRF model.
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This information could ultimately increase our understanding of the
nature and role of peer feedback in the students’ learning process
in a computer-supported collaborative learning setting.

2 BACKGROUND

2.1 Peer Assessment in Computer-Supported
Collaborative Learning (CSCL)

Collaborative learning has been shown to relate to student learning
performance (e.g., [41, 48, 58]). In CSCL settings, collaborative learn-
ing processes are supported by technology [16, 25]. Harnessing the
technological affordances and pedagogical strategies, learners are
supported in their learning process as a group, knowledge sharing,
and co-construction [28]. In their meta-analysis on the effects of
key elements (e.g., the role of collaboration, computer use, learning
settings and supporting strategies) and in CSCL settings, Cen et
al. [13] identified that peer assessment and peer feedback moder-
ately affected knowledge gains, perception, and social interaction
in these environments.

In the CSCL setting, peer assessment and peer feedback are key
factors of success [27]. Overall, peer assessment has been found to
positively affect student learning [32]. Generally, students exhibited
positive attitudes towards peer assessment (e.g., [47]), and they also
experience that peer assessment practices help them to divide tasks
equally [35]. In this context, peer feedback is understood as the
communication process between students, providing each other
with information to increase learning performance [46]. In peer
assessment, peer feedback has often been considered an educational
activity for enhancing students’ learning opportunities. Moreover,
peer feedback aims to bridge the gap between a student’s current
performance and desired level of performance [33]. In higher edu-
cation, peer assessment and peer feedback were found to enhance
student learning, academic achievement, and metacognition, among
others [21, 49]. Prior research has also shown that different kinds
of information provided in feedback (i.e., stressing either affective
learning states or cognitive ones) lead to different learning results
[51, 55].

However, especially in large enrollment courses (e.g., more than
100 students), the task of analyzing the whole content generated
by students in peer feedback activities becomes challenging for the
instructor and the examiner [54]. This is a highly time-consuming
task, and over time, the instructor tends to lose track of the feedback
given by each student in a group [54].

2.2 Computational approaches to automated
content analysis

One approach to address to the problem raised in the previous
section is to use automated methods to perform a content analysis
of peer feedback. Several studies have developed and applied com-
putational approaches for automated content analysis in different
educational contexts to automatically analyze large amounts of
textual data, including student essays, forum posts, and feedback
[12, 19, 20].

The work of Lee and Lim [31] proposes an automated analysis
of feedback about university courses to highlight students’ main
concerns with the institution based on their feedback’s key terms.
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The authors created several graph representations based on the top
words in the feedback message. This study has demonstrated that
processing and understanding a large amount of unstructured data
generated using text analytics is possible.

Recently, several studies have applied natural language pro-
cessing methods and linguistic tools (e.g., LIWC and Coh-Metrix)
[12, 44]. The initial study proposed several models to automati-
cally identify the feedback levels proposed by [23]. The random
forest classifier, the best-performing algorithm, reached Cohen’s
of 0.39. Osakwe et al. [44] evaluated the same categories, but the
authors also used several sampling methods and an ablation study
to overcome the limitations in the previous paper. In the best-case
scenario, Cohen’s x increased to 0.42. In both papers, the authors
presented the best predictive features. This information could sup-
port instructors’ decision-making as it provides more insights into
how the classifier decides the best category for a specific text.

In addition to traditional machine learning models, deep learning
approaches have been proven efficient for text classification in edu-
cational settings [17]. An example is the work of [4] that evaluated
the performance of random forest-based algorithms and the BERT
deep learning linguistic model for automatic detection of social
presence in online discussions. The authors compare the approach
with traditional text mining and linguistic features like LIWC and
Coh-metrix with the approach using the fine-tuned BERT language
model for social presence classification. The results demonstrate
that the XGBoost and AdaBoost (Adaptive Boosting) algorithms
outperformed the BERT model in online discussion messages.

Finally, we highlight the research performed by Ferreira et al. [20]
that proposed a new approach for the automated content analysis
of written essays, called sequential content-independent features,
using the features from adjacent sentences and not only from the
analyzed sentences to incorporate information [20]. The authors
suggested that this approach could be useful when the classifica-
tion task is related to a sentence in a large text (e.g., a sentence
in a feedback message). They evaluated traditional machine learn-
ing algorithms combined with TF-IDF, Content-independent, and
sequential content-independent features. In this study, the best clas-
sifiers’ performance was the XGBoost and CRF models based on
the proposed sequential content-independent feature set, demon-
strating the potential of using the sequence in the text as a key
extracting factor in this type of analysis.

3 RESEARCH QUESTIONS

The presented studies demonstrate the potential of automated feed-
back content analysis. However, to the best of our knowledge,
no previous work has evaluated traditional TF-IDF and content-
independent features combined with traditional machine learning
algorithms, and BERT classifier for the automatic content analysis
of peer feedback to identify relevant components for CSCL (e.g., af-
fective, cognitive, or metacognitive). Moreover, the dataset analyzed
in previous works were relatively small, which could influence their
outcomes. As such, this study aims to answer the following research
question:

RESEARCH QUESTION 1 (RQ1): To what extent can machine
learning models automatically identify relevant components of
student group work based on peer feedback?
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Although automated content analysis of feedback messages
could facilitate the instructors’ interactions with the students in the
course[21, 49], the classification per se does not provide insights
into the most relevant features. Previous studies demonstrated the
potential of further unpacking details about the most important
features in the educational settings [12, 20]. Therefore, we utilized
the best-performing classifier developed in this study to address
the second research question:

RESEARCH QUESTION 2 (RQ2): Which features are the most
predictive of metacognition based on students’ peer feedback?

4 METHOD

4.1 Course design and dataset description

In the studied context, students conducted project-based tasks as
a part of a design project, performed in groups of four to six stu-
dents along with seminars and lectures. To support both students
in their collaborative learning process as well as teaching assistants
and the examiner in the assessment process, a CSCL assessment
system (CLASS) has been introduced in the course (for details,
see [5]). The CLASS system has three key modules: i) peer assess-
ment, 2) self-reflection, and 3) examiner feedback. Peer assessment
and self-reflection tasks were a mandatory part of the individual
assessment process during formative and summative assessment
steps. In the CLASS system context, students could read their peers’
self-reflections, which, together with their personal experiences
from the project group work, were used to provide anonymous
feedback to their peers in a group of four to six students. Each
student received eight to twelve peer feedback reflections through-
out the course, combining formative and summative assessments.
The teacher assistant and the examiner read the feedback for each
student to assess each student’s contribution to the project work.

In this context, a dataset containing feedback messages extracted
from the CLASS system was created. The dataset encompassed
2,444 feedback messages created by 231 students. These feedback
messages were divided into 10,319 sentences extracted from peer
feedback written by students for a university class from Sweden and
annotated in different categories. Originally the feedback messages
were written in Swedish, but the messages were translated into
English before the annotation process and data analysis.

The data annotation followed the exploratory approach proposed
by Boyatzis [8], where no predetermined set of categories was
adopted. The main idea of this approach is to let the annotators
identify categories that surface directly from the text data. The
annotation process followed four steps:

(1) two annotators assessed 3% of (n = 120) of all feedback mes-
sages. After this analysis, six categories were defined: (1)
‘management’, (2) ’suggestions for improvement’, (3)’ inter-
personal factors’, (4) "cognition’, (5) ’affect’, and (6) 'miscel-
laneous’. Moreover, some sentences were not categorized in
any category (Table 1 presents details of each category).

(2) asubsample of 500 individual students’ feedback entries were
coded by two annotators separately. This sample aligned
well with the recommended size (10% to 25% of the dataset)
proposed in [45]. Cohen’s kappa values of this stage achieved
0.65, which suggests a moderate level of agreement [38].
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(3) based on the disagreements, the annotators discussed the
discrepancies and re-annotated the divergent texts. In this
stage, Cohen’s kappa values were calculated at 0.86 (strong
level of agreement [38].

(4) the rest of the dataset was coded independently by the an-
notators.

4.2 Features

The automatic content analysis has been performed based on TF-
IDF features commonly applied in text classification problems [19,
42]. In short, TF-IDF converts the text into a vector space based
on the words it contains. Based on these vectors, it is possible to
run machine learning algorithms. Alternatively, previous studies
in educational settings have been adopting content-independent
features based on linguistic resources (i.e., LIWC and Coh-Metrix)
to classify different students’ texts [12, 19, 29, 39]. Furthermore,
Ferreira et al. [20] proposed a new approach, called sequential
content-independent features, that demonstrated the potential to
classify educational texts. Thus, we defined the following features
for this study:

TF-IDF: Term Frequency - Inverse Document Frequency (TF-
IDF) is a content-based text feature extraction approach com-
monly used in classification models [36]. It transforms a tex-
tual document to an array containing the term counts [36].
In this study, we adopted the traditional TF-IDF technique
[36]. TF-IDF was adopted in this work due to its relevance
for text classification problems.

LIWC features: LIWC is a text analysis resource that counts
words in psychologically meaningful categories [52]. The
distribution of those categories in the text can give insight
into the psychological state of its author or can reflect an
author’s personal condition [53]. In this study, we extracted
a total of 94 LIWC features. In the problem of peer feedback,
these features are relevant for two main reasons: they pro-
vide structural characteristics of text and features related to
emotions which can be useful to identify the sentences [12].
Taking into consideration that peer feedback can, at times,
contain words that show emotion or affection towards the
person being analyzed.

Coh-Metrix features: Coh-Metrix is a computational linguis-
tic tool that measures text cohesion and difficulty on a range
of word, sentence, paragraph, and discourse dimensions [40].
It is extensively used in the educational field to evaluate the
coherence and structure of a text (e.g., [1, 12, 20]). In this
study, we have extracted a total of 83 Coh-Metrix features.

Sequential content-independent features: This feature in-
corporates the neighboring features of a sentence, meaning
that the features vector of a sentence S; contains its own
features plus those of the sentences S;—1 and S;+1 when these
exist [20]. As this study focuses on analyzing individual sen-
tences in a larger text (e.g., feedback message), this approach
could potentially improve the final classification as it con-
siders the sequence of sentences in the text [20].

For the initial Content-Independet features space used in this
study, considering LIWC and Coh-Metrix only, we had 177 features.
After incorporating the features from the previous and subsequent
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Table 1: Dataset Peer Feedback Categories descriptions

Category Description Example Number of
ID sentences
1 Management All contributions to the group and the | You contribute to the blog on time and 4,014
student’s tasks during the project. No | are always present during our group
emotional opinion. All task-related be- | meetings.
haviours.
2 Affect Effect of the student on the group or on | He brings much energy to the group 721
the feedback giving person meetings, something that I appreciate
very much. I am glad that we had [stu-
dent] on our team!
3 Interpersonal factors | All interaction, both positive and neg- | [student] is always willing to collabo- 2,811

ative, and the process of working in a

rate with the rest of the group and ac-

group tively participates in the discussions.
4 Suggestions for Suggestions on how to improve on a | The only thing he, and we, could do bet- 897
improvement certain domain ter is to be more ready on the course
literature during both the exercises and
the group meetings as we have not al-
ways used the information from it when
we work.
5 Cognition Feedback related to thinking and inspi- | He has had a lot of good ideas regarding 1,289
ration different solutions to our design.
6 Miscellaneous Interesting feedback that does not fit | I don’t think much has changed since 240
the other categories. the previous peer feedback, and there-
fore I don’t have much to add regarding
the performance and contribution to the
project.
7 NA If it doesn’t go on any of the categories | I really have nothing special to say 347

about [student].

sentences, resulting in the sequential content-independent features,
the final features vector of each sentence contained 531 features —
3 x 177 features.

4.3 Model Selection and Evaluation

We trained the evaluated different machine learning classifiers used
by previous works [1, 12, 20, 29, 39]: Gaussian Kernal SVM (SVM),
Gaussian Naive Bayes (NB), Logistic Regression (LR), K-nearest
neighbours (KNN)AdaBoost, XGBoost, Random Forest(RF) and Con-
ditional Random Fields (CRF). The SVM algorithm attempts to find
a hyperplane with the maximum distance from the positive and
negative examples [3]. In the case of a multi-classification problem,
the outcome is a combination of several SVM classifiers [20]. The
KNN algorithm finds the k nearest neighbours among the training
documents (e.g., sentences in the feedback messages) and uses the
categories of the k neighbours to weight the category candidates
using the similarity score between each neighbour document and
the test document [57]. NB uses the joint probabilities of words
and categories to estimate the probabilities of categories given a
document (e.g., sentences in the feedback messages) [57]. The naive
part of NB methods is the assumption of word independence [57].
The Logistic Regression algorithm is used to assess the effects of
predictor variables on categorical outcomes [43]. It estimates the
probability of an event occurring based on a given data and a set of
independent variables [24].

Another family of algorithms evaluated was the decision tree
ensembles. Random forest is a technique that combines tree predic-
tors based on the values of a random vector sampled independently
from all trees in the forest, and each tree has a unit vote for the most
relevant category at a given input [9]. AdaBoost and XGBoost are
state-of-the-art decision tree approach [20]. These algorithms use
the boosting technique to enhance the performance of individual
models. It works by training a sequence of weak models and com-
bining this information to an accurate classification [37]. Lastly, the
CREF algorithm creates a graph model to analyze the neighbourhood
of the instances in the categorization process [20].

Finally, we also evaluated the performance of the BERT language
model. BERT generates embeddings that vary according to the tex-
tual context of each occurrence of a lexicon, which allows capturing
variations of meaning [17]. This work uses the pre-trained BERT
model provided by the simpletransformers library!.

To address research question RQ1, we measured the performance
of the classifiers using a 10-fold cross-validation sampling approach
in combination with two measures widely used in the literature
[2, 20]: (I) F1-score is the geometric mean of precision and recall,
where Precision measures the percentage of correct instances among
the identified positive instances and Recall measures the percentage
of correct instances that can be identified among all the positive

Uhttps://simpletransformers.ai/docs/classification-specifics/supported-model-types
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Table 2: Results for the analyzed algorithms in terms of F1 and Cohen’s x.

Content-Based Features | Content-independent | Sequential Features

Algorithm | F1 K F1 K F1 K
SVM 0.56 0.40 0.23 0.00 0.24 0.00
NB 0.22 0.08 0.13 0.09 0.10 0.06
KNN 0.34 0.15 0.36 0.12 0.32 0.05
LR 0.54 0.38 0.52 0.34 0.52 0.34
RF 0.54 0.38 0.51 0.32 0.46 0.27
AdaBoost | 0.46 0.27 0.48 0.29 0.47 0.28
XGBoost | 0.34 0.16 0.38 0.16 0.38 0.16
CRF 0.58 0.43 0.52 0.35 0.52 0.34

BERT 0.51 0.32 - - - -

instances [26]; (ii) Cohen’s k coefficient is a statistical measure of
inter-rater agreement for qualitative items [38].

To address research question RQ2, we assessed the importance
of the top-20 TF-IDF and content-independent features in relation
to their relevance to the prediction of the categories assessed in the
current study (see table 1). We focused on the analysis using the
best-performing model (CRF) pinpointed in the evaluation carried
out to address the first research question. The Transition Feature
Coefficients (TFC) [50], largely used measure for this goal, was
applied to estimate the importance of the individual features for
the CRF model.

4.4 Implementation

The feature extraction and the classifiers were developed using the
Python language. The packages and libraries used were:

e spaCy?, for natural language processing;

pandas?, for dataset manipulation;

scikit-learn?, for classifiers, model training, selection, and
validation;

sklearn-crfsuite’, for the CRF classifier use with scikit-learn;
The LIWC English version [52];

The Coh-Metrix English version [22], and;

The simpletransformers library for BERT ©.

5 RESULTS

5.1 RQ1: Performance of the proposed models

The RQ1 aimed to compare the performance of different types of fea-
tures in combination with machine learning algorithms to identify
relevant components of student group work based on peer feedback.
Table 2 presents the results of the machine learning algorithms men-
tioned in section 4.3, that were trained using content-based features
(TF-IDF and BERT), content-independent features, and sequential
content-independent features, respectively. The tables give the re-
sults of F1 and Cohen’s k using a 10-fold cross-validation described
in 4.3. We also note that, in the case of BERT classifier, the results
based on content-independent and sequential features could not be
obtained, as it focuses on the analysis of feedback content.
https://spacy.io/

3https://pandas.pydata.org/

“https://scikit-learn.org/

Shttps://sklearn-crfsuite.readthedocs.io
Shttps://simpletransformers.ai

The results indicated that the models based on TF-IDF features
outperformed those based on content-independent features con-
sidering the majority of the classifiers in the analysis. The excep-
tions were AdaBoost and XGBoost, where the content-independent
features reached better results. It is important to highlight that
the results for the content-independent and sequential content-
independent features were comparable for KNN, LR, RF, and CRF.
Finally, using sequential features did not increase the performance
of any model assessed.

CREF, the best-performing classifier, reached 0.43 and 0.35 of
Cohen’s k when applied with TF-IDF and content-independent fea-
tures, respectively. Logistic regression and Randon forest classifiers
also reached results higher than 0.3 of Cohen’s k, which indicates a
fair level of agreement [15].

5.2 RQ2: Feature importance

To answer research question RQ2, we analyzed the most relevant
features of the CREF classifier, as this was the best-performing clas-
sifier. Moreover, we extract the main features for the TF-IDF and
content-independent analysis in order to get different insights. The
main goal of this part of the study was to provide insights into the
most predictive features and their contributions to each category
assessed.

Table 3 presents the top 20 most predictive TF-IDF features for
the CRF classifier, the better-performing model in our experiments,
ranked based on the TFC index. It also shows the mean (and stan-
dard deviation) of the features for each category. The table lists
the most significant words for the model. In general, the relevant
word could be related to the categories extracted (more details in
section 6). However, the frequency distribution for each category is
not significantly different (including many columns with 0), which
diminishes the possible interpretation of the influence of specific
features for specific categories.

Similarly, Table 4 shows the importance analysis for the CRF in
combination with the content-independent features. Again, the fea-
tures were ranked according to the TFC measure. The key findings
of this table are: (i) coh-metrix and LIWC have ten features each
within the top-20; (ii) features related to the number of pronouns
(cm.WRDPRP2, cm.WRDPRP3p), the incidence of linguistics ele-
ments (cm.CNCCaus, cm WRDNOUN, cm.DRGERUND, cm.CNCAdd)
and average/standard deviation measures related to words, sen-
tences, and paragraphs (cm.DESSLd, cm.DESSLd, cm.WRDFRQa,
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Table 3: Top-20 most important TF-IDF features and their values for each category using the CRF classifier (see table 1 for the

category names).

# Feature TFC 1 2 5 6 7

1 idea 5.990  0.01(0.05) 0.01(0.05) 0.05 ( 10) 0.03 (0 08) 0.13(0.15) 0.02 (0.06) 0.01 (0.06)
2 discussion 5.264  0.01(0.06) 0.00 (0.03) 0.04 (0.11) 0.03(0.09) 0.03(0.08) 0.00(0.02) 0.01 (0.05)
3 improvement  4.450  0.00 (0.02)  0.00 (0.03) 0.00 (0.03) 0.02(0.09) 0.01(0.06) 0.01(0.08) 0.00 (0.02)
4 maybe 4.284  0.00 (0.02) 0.00(0.01) 0.00(0.02) 0.02(0.10) 0.00 (0.03) 0.01(0.05) 0.00 (0.00)
5 little 4.196  0.00 (0.02) 0.00(0.05) 0.01(0.04) 0.05(0.13) 0.00 (0.03) 0.02(0.07) 0.01(0.05)
6 knowledge 4138  0.00 (0.05)  0.00 (0.00) 0.00 (0.02) 0.00(0.02) 0.02(0.10) 0.00 (0.02) 0.00 (0.00)
7 involve 4.086  0.01(0.07) 0.00(0.03) 0.01(0.06) 0.00(0.03) 0.01(0.05) 0.01(0.04) 0.00 (0.02)
8 take 4.066 0.03(0.10) 0.00 (0.04) 0.02(0.08) 0.01(0.05) 0.01(0.04) 0.00(0.03) 0.01(0.06)
9  stateoftheart  4.059  0.00 (0.04) 0.00 (0.00) 0.00 (0.01)  0.00 (0.02) 0.00 (0.03) 0.00 (0.03)  0.00 (0.04)
10 good 4.058 0.05(0.11) 0.09(0.21) 0.05(0.10) 0.02(0.07) 0.08 (0.12) 0.02 (0.07) 0.05 (0.14)
11 improve 4.044  0.00 (0.04) 0.01(0.05) 0.01(0.05) 0.04(0.12) 0.01(0.05) 0.01(0.06) 0.01(0.05)
12 collaborate 3.991  0.00(0.02) 0.00(0.02) 0.01(0.08) 0.00(0.03) 0.00(0.03) 0.00(0.00) 0.00 (0.02)
13 easy 3.967 0.00 (0.04) 0.00 (0.04) 0.02(0.11) 0.00(0.03) 0.00 (0.03) 0.00 (0.01)  0.00 (0.02)
14  creative 3.943  0.00(0.04) 0.01(0.06) 0.00 (0.04) 0.00(0.03) 0.03(0.12) 0.00 (0.00) 0.00 (0.03)
15  design 3.878  0.03(0.09) 0.00 (0.03) 0.02(0.06) 0.02(0.07) 0.05(0.11) 0.01(0.05) 0.02 (0.07)
16  theory 3.861 0.02(0.08) 0.00(0.01) 0.01(0.04) 0.04(0.10) 0.05(0.12) 0.01(0.04) 0.01 (0.05)
17  thank 3.812  0.00(0.03) 0.02 (0.11) 0.00 (0.04) 0.00 (0.00) 0.00 (0.02) 0.01(0.09)  0.00 (0.00)
18 future 3.752  0.00(0.02) 0.01(0.07) 0.00 (0.01) 0.02(0.08) 0.00(0.01) 0.00(0.02) 0.00 (0.04)
19 group 3.670  0.04 (0.09) 0.05(0.10) 0.08 (0.11) 0.04 (0.08) 0.03 (0.07) 0.03(0.07) 0.03(0.09)
20  expect 3.596  0.00 (0.04) 0.00 (0.00) 0.00 (0.01) 0.00 (0.00) 0.00(0.01) 0.00 (0.00) 0.00 (0.05)

Table 4: Top-20 most important Content-Independent features and their values for each category using the CRF classifier (see

table 1 for the category names).

# Feature Description TFC 1 2 3 7

1 cm.WRDPRP2 Number of second person pronouns 0.603  0.08 (0.30) 0.28 (0.62) 0.09 (0.33)  0.27 (O 50) 0.07 (0 29)  0.29 (0 51)  0.33(0.59)
2 cm.WRDPRP3p Number of third person pronouns in plural form 0.303  0.35(0.71)  0.40 (0.67)  0.37(0.76)  0.53(0.95) 0.34(0.69) 0.35(0.82) 0.22 (0.58)
3 cm.CNCCaus Causal connectives incidence 0.300  0.07 (0.28)  0.07 (0.30)  0.12(0.37) 0.27 (0.52)  0.07 (0.29)  0.25(0.47)  0.10 (0.32)
4  cmWRDNOUN  Noun incidence 0.291  0.06(0.26) 0.03(0.20) 0.05(0.24)  0.14(0.38)  0.07 (0.27)  0.06 (0.24)  0.04 (0.22)
5 liwc.money Personal Concerns, money (e.g., audit, cash) 0.269  0.06 (0.63)  0.05(0.50)  0.05(0.55) 0.07 (0.81)  0.03(0.38)  0.00 (0.00)  0.05 (0.58)
6 liwc.relig Personal Concerns, religion (e.g., altar, church) 0.215  0.01(0.22) 0.19(1.42) 0.03(0.56)  0.01(0.15) 0.01 (0.16)  0.12(1.66)  0.11(1.11)
7 cm.DESSLd Standard deviation of the mean length of sentences 0.206  0.02(0.43)  0.01(0.20) 0.01(0.31)  0.00 (0.14)  0.00 (0.03)  0.02 (0.31)  0.02 (0.27)
8 liwe.discrep Cognitive Processes, discrepancy (e.g., should, would) 0.197  0.64(2.08) 0.76 (2.37)  0.83(2.30)  0.58 (1.78)  4.59 (4.53)  1.56 (3.29)  1.00 (2.63)
9 liwe.colon Number of Semicolons 0.172  0.04(0.80) 0.18(2.32)  0.03(0.63) 0.11(1.19) 0.01(0.19) 0.04 (0.55)  0.13 (1.99)
10 cm.DRGERUND  Gerunds incidence 0.168  0.25(0.69) 0.09(0.39) 0.17(0.58) 0.30(0.78)  0.22(0.70)  0.36 (0.90)  0.26 (0.74)
11  cm.DESPLd Standard deviation of the mean length of paragraphs 0.160  0.02(0.52)  0.04 (0.55) 0.01(0.16) 0.01(0.20) 0.02(0.42)  0.00 (0.00)  0.00 (0.00)
12 liwc.sad Affective Processes, sadness (e.g., grief, cry) 0.141  0.12(1.04)  0.06 (0.54)  0.09(0.75)  0.15(1.03) 0.03 (0.46) 0.35(1.84) 0.17 (1.32)
13 liwc.insight Cognitive processes, insight (e.g., think, know) 0.137  2.34(4.08)  2.09 (4.74) 3.31(4.80) 3.65(4.25) 8.17(6.51) 3.03(4.70)  2.41(3.97)
14 liwc.death Personal Concerns, death related words (e.g., bury, coffin) ~ 0.133  0.02 (0.31)  0.09 (1.20) ~ 0.02 (0.39)  0.00 (0.09)  0.01(0.21)  0.11(1.66)  0.00 (0.00)
15 cmWRDFRQa Average word frequency for all words 0.130  0.03(0.19)  0.01(0.09) 0.04 (0.21) 0.07 (0.28)  0.04 (0.22) ~ 0.05(0.21)  0.05 (0.23)
16  liwc.ingest Biological processes, ingestion (e.g., dish, eat) 0.126  0.03(0.60)  0.02(0.25)  0.06 (0.67)  0.06 (0.54)  0.04 (0.52)  0.00 (0.00)  0.00 (0.00)
17 em.CNCAdd Additive connectives incidence 0123  0.13(0.44) 0.14(045) 0.22(0.56) 0.43(0.71) 0.11(0.43) 051 (0.74)  0.18 (0.47)
18  liwc.compare Cognitive processes, comparison (e.g., more, less) 0.120  1.57(3.49) 1.69(4.25) 1.70 (3.41) 1.46 (4.12) 5.77 (5.30)  3.03 (4.57)  2.47 (6.01)
19 liwc filler Spoken categories, fillers (e.g., blah, you know, I mean) 0.112  0.00 (0.08)  0.01(0.35) 0.00 (0.11)  0.01(0.25)  0.00 (0.00)  0.00 (0.00)  0.00 (0.00)
20 cm.DESWLsyd Syllables in the words standard deviation 0.111  0.77(0.33)  0.58 (0.35)  0.71(0.29)  0.69 (0.25)  0.73(0.26)  0.68 (0.31)  0.72 (0.39)

cm.DESWLsyd) were the relevant features for coh-metrix; (iii) for
LIWC features related to Personal Concerns (liwc.money, liwc.relig,

and fair level agreement rate [30], respectively. This result aligns
with the literature as CRF usually outperforms other models when

liwc.death), Cognitive Processes (liwe.discrep, liwc.insight, liwc.compare), applied to tasks related to categorizing individual sentences within

Affective Processes (liwc.sad), Biological processes (liwc.ingest),
and Spoken categories (liwc.filler) were relevant.

6 DISCUSSION

The results for the automatic categorization of peer feedback mes-
sages revealed that the CRF classifier reached the best performance
when applied in combination with TF-IDF and content-independent
features. The comparison included not only traditional machine
learning models but also BERT. CRF reached 0.43 (TF-IDF) and 0.35
(Content-independent) of Cohen’s k, which represents a moderate

significant texts (e.g., feedback messages) [18, 20]. On the other
side, XGBoost did not achieve good values. The unbalanced nature
of the dataset could have influenced this outcome [14], but further
investigation is required to understand this result better.
Moreover, as TF-IDF features generally reached better results.
This indicates that the vocabulary (e.g., words) used by students
was relevant. However, the low performance of BERT and the low
relevance of features related to vocabulary richness (from coh-
metrix) suggest that the students did not employ a varied language
when providing feedback to their peers, always using similar words
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[17, 22, 39]. This suggests that students need to be supported in how
to provide relevant feedback (i.e., feedback that would ultimately
lead to student improved learning) to their peers in CSCL seetings.
Such instructional support can be provided by the teacher [10], but
also, by a technology-supported system (e.g., a chatbot).

Our second research question aimed to analyze the important
features extracted using the best-performing classification model
(CRF) measured based on the Transition Feature Coefficients (TFC)
[50]. This investigation can support understanding how machine
learning algorithms predict the categories for this task. Specifically,
in this study, we assessed the importance of the feature at the
word level, with TF-IDF, and the structure of the text, with the
content-independent features.

It is possible to see that the top-ranked features for TF-IDF in-
cluded words related to the categories analyzed. For instance, the
words discussion and improvement could be an indication of "sug-
gestion for improvement"; collaboration and design are words re-
lated to "management"; good and thanks to "affactive”; idea, creativ-
ity, and knowledge to "cognition". However, it is hard to interpret
the differences in the frequency of these words per category. In
this sense, previous works [6, 12] have suggested that the analy-
sis of content-independent features could provide more actionable
insights.

For example, Table 4 shows that higher number of second person
pronouns (cm.WRDPRP2) are associated to affect, suggestion for
improvement, and miscellaneous categories, while low occurrences
of these pronouns are related to management, interpersonal factors
and cognition. Furthermore, the LIWC categories are well aligned
with the peer feedback category suggested as the features related to
the cognitive process (liwc.discrep, liwc.insight, liwc.compare) have
higher values for the feedback cognition category; and the num-
ber of LIWC personal concerns related words have loftier values
for the affect category. Finally, the top-2 most important features,
coh-metrix features related to pronouns, which can indicate if the
information is about the student individually or in a group situation.

6.1 Educational Implications

The results illustrate the potential of automated coding solutions
where the affordances of machine learning and natural language
processing technologies can be harnessed to support learning. More-
over, the automatic classification of peer feedback content is rel-
evant to assist instructors in peer feedback review. Our findings
illustrate the student’s relationship with the group, work contribu-
tion, and interactions enabling the reduction of time that human
reviewers need to spend on supporting CSCL interactions. It is
important to highlight that the classifier developed in this study
will be used as a basis to support examiners in the CLASS system

[5].

7 LIMITATION AND FUTURE DIRECTIONS

We acknowledge the following limitations of the study. First, the
data used in the evaluation contained just the categories of the
sentences within each feedback generated by a sample of students
at one of the Swedish universities. Although this can help examin-
ers to fasten their evaluation by knowing where to focus on each
feedback, this study does not ensure the generalizability of the
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proposed approach. In future works, we intend to evaluate similar
the classification of similar categories in other datasets, potentially
with different languages.

Second, the dataset evaluated has a very imbalanced number
of instances per class. It could impact the outcome of the evalu-
ated models. Therefore, we intend to evaluate over/under sampling
algorithms to optimize the machine learning models evaluated.

Further, this study did not intend to evaluate the integration
of the final model with the CLASS system [5], from where we
extracted the dataset in use. Such integration is a promising line of
future work.

Finally, we intend to apply the classifier developed in this work
to some educational problems in CSCL settings, such as detecting
free-rider students, predicting individual and group performance,
and identifying at-risk students.
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