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Abstract

In recent years, automated essay scoring systems have seen significant progress, particularly with the
integration of deep learning algorithms. This shift marks a move away from the traditional focus on
style and grammar to a more in-depth analysis of text content. Despite these advancements, there
remains a limited exploration of the essay's relevance to the prompts, especially in the context of the
Arabic language. In response to this lack, we propose a novel approach for scoring the relevance
between essays and prompts. Specifically, our aim is to assign a score reflecting the degree of adequacy
of the student's long answer to the open-ended question. Our Arabic-language proposal builds upon
AraBERT, the Arabic version of BERT, and enhanced with specially developed handcrafted features. On
a positive note, our approach yielded promising results, showing a correlation rate of 0.88 with human
scores.

Keywords: Automated Essay Scoring systems, Enhanced BERT with handcrafted features, Relevance

to the prompt, Arabic language.

Introduction

An automated essay scoring system (AES) aims to
automate the evaluation of students’ long
response to open-ended questions, thereby
reducing the burden on teachers in terms of time
and effort. It also helps to make distance learning
more effective as stated by Mizumoto et al (2023).
To ensure maximum reliability, these systems try
to simulate the evaluation process followed by
humans. Thus, essays must be assessed on all
levels: style, lexical, semantic, and contextual.

However, contextual analysis of a long text
remains the most challenging task, especially
when dealing with a language as difficult to
process, such as Arabic.

Recently, proposals based on machine learning
and deep learning have shown promising
advances in terms of results. Nevertheless, despite
progress in this field, a literature review by
Ramesh et al (2022) reveals that current AES
systems face significant challenges when it comes
to effectively analyzing the contextual subtleties
within essays. These obstacles include the need to
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analyze coherence and cohesion in evaluation, the
development of ideas evoked by the student and
the relevance of the essay’s content to the prompt.
Similarly, when addressing the Arabic language,
proposals in this area remain relatively limited.

In this context, we intend to present a new
approach aimed at evaluating the relevance of
essays written in Arabic language and produced
by primary school students in response to a given
prompt. In fact, we mean by “evaluation of the
relevance of the essay to the prompt” the scoring
of how well the essay’s content addresses the
question’s requirements.

Our proposal is based on the use of the BERT deep
learning algorithm, which is recognized for its
performance in this field but so far not well
exploited for the Arabic language. Additionally,
we aim to enhance BERT with handcrafted
features. These especially developed features
have emerged from multiple contextual analyses
associated with the concept of ‘relevance’.

The remainder of the paper is organized as
follows: in section 2, we present some related
works. We then delve into our proposed
methodology in section 3, followed by our
experiments and results in section 4. We conclude
with a discussion and future works in the last
section.

Related Works

Recent research in the field of Automated Essay
Scoring systems has made significant progress.
This proposal deals more deeply with the
contextual characteristics of the essays, as
discussed in the review by Jong et al (2023).
Among the criteria examined, coherence was the
most frequently studied. This concept is explored
in different works, including Zupanc et al (2014),
Li et al (2018), Farag et al (2018), Tay et al.
(2018), Palma et al (2018) and Ramesh et al
(2022). In contrast, Crossley et al (2013) and
Salim et al (2019) focus more on cohesion.
Additionally, Persing et al (2014) present an essay
scoring system that considers the adherence of
the content to the prompt. However, according to
Ramesh et al (2022), while AES systems have
progressed in considering these contextual
criteria, there are still challenges to achieve a
rating as competitive as that performed by an
experienced human evaluator.

For the Arabic language, research in this direction
is still late, especially as few studies have used

deep learning and, in general, the scoring of essays
is based on features as outlined by Machhout et al
(2021). Thus, Algahtani et al (2019) proposed a
rule-based system that defines an outline based
on evaluation criteria inspired by Arabic literary
resources and the experiences of university
teachers. The criteria include spelling, grammar,
structure, cohesion, style, and punctuation. The
advantage of this study is that it takes into account
two contextual criteria, namely coherence and
style. The average accuracy of this proposal was
73%. However, we noticed that they assess the
‘relevance’ of the essay to the prompt, referred to
as “coherence”. They use cosine similarity for this
purpose; however, it is important to note that this
measure alone cannot be considered significant in
this context. For example, if a student responds by
rewriting the prompt one or more times, in this
case the similarity will be high, and the answer is
considered ‘relevant” then noted as well
consistent.

In their work, Azmi et al (2019) present an
approach based on latent semantic analysis (LSA),
Rhetorical structure theory (RST) and other
features. What is notably distinctive about this
approach is their focus on the essay’s contextual
level, which is concretely reflected in the criterion
they call ‘writing style’. This includes various
criteria such as essay cohesion, checking for
duplicate sentences, the presence of vernacular
terms, and the total length of the essay. However,
they did not assess the relevance of the response
to the prompt. According to the results presented
in the article, this approach achieves a correlation
of 0.759 with teachers’ scoring.

Alqgahtani et al (2020) propose an approach based
on support vector regression (SVR). They create
specific models for each evaluation criterion, i.e.,
spelling, structural coherence, style, and
punctuation. These models use different types of
features. The final essay evaluation is obtained by
combining the results of different individual
models. This approach involves the essay’s
context by assessing its structure and coherence.
The evaluation of coherence entails measuring
how well the essay’s parts are related to the title
and the cohesion between the parts of the essay.
As a result, it achieves a notable increase in the
correlation rate with expert evaluation, reaching a
score of 0.87.

Another recent proposal in Arabic is presented by
Alobed etal (2021). This approach is based on the
support vector machine (SVM) and Arabic
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wordnet. This proposal focuses on the semantic
analysis of essays and is via the integration of
Arabic Wordnet. However, the authors did not
detail the results.

The Essay’s Relevance to the Prompt

The analysis of previous works targeting AES
systems has shown that several studies did not
consider the concept of ‘relevance to the prompt’.
In the case where it was addressed, its evaluation
has been limited to using cosine similarity
between the essay and the prompt as in Alobed et
al’swork (2021), or it was regarded as an element
of ‘coherence’ as explored in the study by
Alqgahtani et al (2019).

Taking inspiration from previous works and
considering their limitations, this article presents
anovel approach for scoring ‘the essay’s relevance
to the prompt” within the context of automated
essay scoring systems in Arabic language. We
propose an approach based on the BERT
algorithm and enhanced with handcrafted
features.

In fact, the deep learning algorithm BERT has
demonstrated its performance in terms of
contextual text processing. This algorithm is
trained on a large corpus and can be used directly
or fine-tuned on a new corpus, even of small size.
BERT’s key strength lies in its ability to represent
words within their contexts. Hence, the same
word can have different representations
depending on its context of use. For the Arabic
language, diverse versions trained on Arabic

corpora are available. Notable examples include
the proposals by Antoun et al (2020), Safaya et al
(2020), Abdul-Mageed et al (2020), and Inoue
(2021). All these advantages encouraged us to
choose BERT.

On the other hand, to ensure that our work doesn’t
only remain theoretical, but rather is performed
usefully in practice, the selection of handcrafted
features was not arbitrary. We based on the
criteria set by the Tunisian Ministry of Education
(Fig 1). Noteworthy, the assessment of relevance
("%e2W" in Arabic) is a fundamental criterion in
the evaluation of essays. The starting point for
evaluating an essay is whether a response (essay)
conforms to what it was asked to do (prompt). Ifa
student’s response diverges significantly from the
assigned topic, further evaluation of other levels
becomes unnecessary. Therefore, we processed to
investigate some primary education teachers to
discern the essential points to consider when
assessing an essay’s relevance. Three key criteria
emerged from this discussion: the compatibility
between the requested theme and that addressed
in the response, the respect of the type of text
requested (narration, description, or dialogue)
and the sharing of some keywords. We will detail
these features in the following sections.

It should be highlighted that essays are presented
as long texts in response to open-ended questions.
Moreover, our approach supports open prompts
and is not restricted to a single prompt or domain.
Refer to Figure 1 for several examples of prompts
considered in our work.
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Prompt 1: Eid Day had arrived, and you were delighted with its arrival as you prepared to celebrate it with your family.
However, you remember that one of your companions couldn’t be as happy as you for some reason ...
Write a narrative text in which you mention the reason and narrate what you did to bring joy to your friend.

your classmates and teachers again.

il g el 531 3UBa & ) sadi Liaaal 5 e jaall (Ol Al ool 4 Cauad Lial i
Prompt 2: The summer vacation has come to an end, and it’s time to go back to school.
Produce a text in which you describe your preparations for going to school and describe your feelings about meeting

Fpad) sagall e ge da g ipall Allaal) Cundil 22 £ giaga

by dleal s A ;L A jles G iz ) e Sl e 13 g puaga

Prompt 3: you expressed your desire to you father to engage in a sports or cultural activity, but he refused.
Narrate this, while describing how the conversation between you two unfolded.

LS gl add Jile ) <13 ey )

Fig 1. Prompts examples from our dataset

Proposed “BertRelevance” Architecture

Our idea is to develop a system called
“BertRelevance”, extending the architecture of
BERT introduced by Devlin etal (2018). We enhance
BERT with handcrafted features and incorporate on
top additional stacked Multi-Layers Perceptron
(MLP), taking inspiration from Gu et al (2021). Bert
is tasked with analyzing the contextual
representation of inputs, while the MLP are
responsible for predicting the appropriate score.
Since, the Arabic-language version of BERT is
trained on relatively small corpora, we decided to
strengthen our model’s learning by incorporating
handcrafted features. However, it should be noted
that, regarding Devlin et al (2018), a shortcoming of
BERT lies in its limited input capacity of 512 words.
Given that our task involves the manipulation of
long texts, the simple concatenation of the essay and
prompt in the system input as done by Beseiso et all
(2021) is impossible. To overcome this limitation,
we adopted a two-step approach, as follows:
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¢ Features extraction: In this step, we extract the
contextual representation of the prompt based
on AraBERT, an Arabic-language version of
BERT proposed by Antoun et al (2020). This
vector is denoted as ‘Prompt_Emb’. Then, from
the essay and the prompt, we extract various
features to form a vector of features called
‘Vector_Features’, which we will describe in
more detail later in Section 3.2.

Score prediction: The essay is initially analyzed
by BERT, in our case AraBERT, the Arabic-
language version. The token [cls] obtained
encapsulates the contextual representation of
the essay. At this stage, we integrate the two
previously prepared vectors, ‘Prompt_Emb’ and
‘Vector_Features’ resulting in the
“Combined_Vector” as shown in Figure 4. This
will be transmitted to the second part of our
system, namely the MLP, which are responsible
for predicting the appropriate score. Figure 2
illustrates the overall architecture of the system

ZRIBI, Communications of the IBIMA,
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Fig 2. BertRelevance Architecture

Vector_Features

As mentioned in the previous section, the
“Combined_Vector” is the concatenation of the
contextual representation of the essay wrapped in
the token [cls], “Prompt Emb” representing the
prompt and “Vector_Features” covering the
handcrafted features. The selection of these features
was established based on the recommendations of
primary school teachers in Tunisia. We identified
three, namely the topic similarity, keywords
similarity, and conformity response type.
Additionally, we computed the semantic similarity
between the essay and the prompt.

We developed a specific model for each criterion,
which we will detail below.

a. Topic scoring: the first feature consists of
evaluating the conformity of the topic covered
in the student’s answer to the topic addressed
in the prompt. Indeed, the formulation of
prompt generally follows a structure in two
parts: the context (‘) and the directive
(“4~tailV) (see Figure 1). The first part, ‘xdV, has
the role of introducing the situation and
context of issue. Thus, offering the student a
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better understanding of the overall framework
of the prompt. On this basis, we compare the
topic introduced in the prompt (in ‘xd more
precisely) with the one discussed in the
student’s essay. To perform this, we employed
BERTopic, a topic modeling technique based
on the BERT algorithm developed by
Grootendorst (2020) [21]. We utilize its pre-
trained version on the Arabic corpus proposed
by Abuzayed et al (2021) [22]. Based on the
theme extracted from both essay and prompt,
we calculate a score denoted as “Score_Topic”.

b. Keywords scoring: The sharing of some
keywords between the essay and the prompt
can indicate whether the student’s response is
in alignment with the question. This is known
as the use of the same linguistic lexicon (in
Arabic “g sl anasll i Jadiul”). Using KeyBERT
introduced by Grootendorst M (2020) [23], we
extracted two lists of keywords, one for the
response and the second for the prompt. We
then constructed a matrix based on these two
lists, with each cell filled by the cosine
similarity value between each pair of
keywords. A score is subsequently computed
from this matrix and is denoted as “Score_KW”.
See Figure 3.

ZRIBI, Communications of the IBIMA,
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L o0.60083 4 | 03117174804210663 | 0.4910726547241211 | 0. 13 | o 04575 s
0.48579173783461255 My lamb
IR 0.72065269947052 03949791193008423 | 0.75345778465271 0.82461, . 0.
0.7009477267662684 [eWashipnyj
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e 1| 0.4530511; 48 0. 117 i)
| woke up
0.4438325564066569
== 0.34707051515579224 0.43681: 0.4665291 0.4638771414756775 0.44239047169685364 0.6216721534729004 QM
0.4810338069995244 1 thought
‘ 0.41: 124 | o 04253581 o. 13 | 04126939 0.498701. Shva
my friend

0.37731778621673584 0.461460679769516 0.46409207582473755

0.4954904317855835

0.41291558742523193 0.6749262809753418

Inlw.l’.d me

Fig. 3. Keywords scoring matrix

Essay type scoring: writing production exams
for 5% and 6t-grade of primary school in
Tunisia cover three types of texts: narrative,
descriptive and dialogue. As previously
mentioned, the prompt statement is divided
into two parts: the context (‘i) and the
directive (“4aslxilV), In the directive, the type of
text that the student must write is specified
(see Figure 1). We have thus developed an
algorithm which assigns a score, called
“Score_RepType”. This score is granted a

value of 1 if the student’s response respects the
type required in the prompt, and 0 otherwise.
In fact, a narrative text is composed of verbal
phrases. Where the number of verbs, especially
action verbs, should be predominant.
Additionally, a narrative text is marked by the
presence of at least one disruptive element.
The pseudo-code of the function that tests
whether an essay is narrative or not is
illustrated in figure 4.

Algorithm: test narrative
1.Input: Essay
2.Output: 1 If Essay is a Narrative text, 0 otherwise
3.Initialize: list verbs action = [ s, G ") o ! o, ' s Gk 23 oty ‘a2l ] list_verbs_essay=[] #list of verbs in the essay
L V_A= [] tist of action verbs in the essay , DE = 0 #number of disruptive elements , EssayLen =0 #number of tokens in the essay
4.#Tokenize the Essay and update the ‘EssayLen’ variable
### Detecting Verbs of Action
4. #put all verbs into list verbs essay
5. Foriin list_verbs_essay: # Grouping action verbs of the essay inL_V_A
6 Ifiin list_verbs_action:
7 L V_A.append (i)
### Detecting the presence of a disruptive element
9. patternl= (r'Lall s sud | Sysh ld oy ol 5,88 Mo uphad pa gl Q| o 2| S8 L Gle om0 2 | Glasall G Sl L s )
10. pattern2= (r" *(3 Jadl oli o) [* (sa)* | (Sa)* . (lelu Y1 pala)* (a)* (laad V) aloy* [(in)* (2 VI ala)* |(O)*.(L).*")
11. matchl = re.findall (patternl, Essay)
12. match2= re.findall (pattern2, Essay)
13. DE= len (matchl) + len(match2)
14. nb_verb= len (list_verbs_essay) #number of total verbs in the essay
15. nb__ver b___A =len (L_V_A) #number of action verbs in the essay
16. if (nb_verb >= EssayLen * 0.15 and DE >=1) or (nb_verb A >=nb_verb * 0.13 and DE>=1)
or (nb_verb >= EssayLen * 0.15 and nb_verb_A >=nb_verb * 0.13)):
17. return (1)
18. else:
19.  return (0)
Fig. 4. Pseudo-code for the ‘test_narrative’ function
On the other hand, to categorize a text as a pseudo-code of the test dialogue function. A
dialogue, it must contain at least one dialogue descriptive text is characterized by the
verb, an expression of opinion and two or more presence of several adjectives, pronouns,
dialogue punctuations. Figure 5 clarifies the adverbs of time, place, and manner.
Rim AROUA MACHHOUT And Chiraz BEN OTHMANE ZRIBI, Communications of the IBIMA,
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Algorithm: test_dialogue

1.Input: Essay

SRR

3.Initialize: list_ponctuation = [-,

### calculate the number of punctuation marks
4. For each token in Essay:
5. Iftoken in list_ponctuation:
6. Increment dialogue mark

### calculate the number verb dialogue
7. For each token in Essay:
8. Iftokenis verb:
9. list_verbs.append (token)
10.For each verb in list_verbs:
11. If verb inlist verbs dialogue:
12. Increment nb_verb_dialogue

### calculate the number of opinion expression

15. matchl = re.findall(patternl, essai)
16. match2= re.findall(pattern2, essai)

17.nb_exp_opinion = len(matchl)+len(match2)

19. return 1
20. else:
21. return 0

2.0utput: 1 If Essay is a Dlalogue or Opinion text, 0 otherwise

121 1> 2], list_verbs_dialogue = [rasit g 1S3 Qs iy Jelst ], dialogue_mark =0,
nb_verb =0, nb_verb_dialogue =0, ub exp opuuon—O list verbs {]

13. patternl= (r'cd S5 L Gl 25 a1 1oyl dgd g bt G Bl
14. pattern2= (" (e fy*, (3 )% | ((iaiia* (aXS)*, (@) * (LEAT)*,[(ALS)* (33 5i).*")

G, e Gkl )

18.If (nb_verb_dialogue > 1 or dialogue mark >2 or nb_exp_opinion > 1):

Fig 5. Pseudo-code for the ‘test_dialogue ' function

Semantic similarity scoring: in order to
improve reliability, we have chosen to calculate
the semantic similarity between the essay and
the prompt. This decision is backed by the review
conducted by Ramnarain-Seetohul et al (2022)
[24] as well as the comparative study led by
Odunta et al (2018) [36]. We opted for cosine
similarity, and we will refer to this feature as
Score_Sim”.

Extensible version: Our system is extensible
(Figure 6), which means we can incorporate an
additional model response or suggested
correction given by teachers. This additional
response, customized to provide an ideal
response to the prompt, has the potential to
further enhance the results.
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Fig. 6. Extended BertRelevance architecture

We consequently add features modeling the
relationship between the essay and the model
response, which we identify with index 2’. As a
result, the structure of the combined vector will
be as represented in Figure 6.

Where:

ModRep_Emb: the embedding
representing the model response.
Score_Topicz: the score determined by
evaluating the conformity of topics between the
essay and the model response.

Score_KW2: the score granted for keyword
similarity between the essay and the model
response.

Score_SSz: the cosine similarity between the
essay and the model response.

vector

Experiments and evaluation

Dataset

Rim AROUA MACHHOUT And Chiraz
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The problem of insufficient data is a major
concern for many researchers in Arabic NLP. In
some cases, this leads to the unavailability of
open-source dataset, while in other cases, data
quality is unsatisfactory.

We have also encountered this problem, with the
absence of an open-source dataset for long essays
in the Arabic language. Consequently, we set out
the task of constructing our own dataset. To do so,
we started by limiting our target in order to
guarantee a unified and adapted evaluation grid
for all copies. We chose to consider the responses
of students in the 5% and 6t years of primary
education. Because these levels are almost similar
and follow the same evaluation grid defined by the
Tunisian Ministry of Education (figure 7).

OTHMANE ZRIBI, Communications of the IBIMA,
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Baiaal) Alacy) alaal) ) &) péiga bl
Assigned scores Total Standards Norm Norms
sl [aio [ Jsdeiz ESTICTED s s o
A : Very good [B : Good |C : Acceptable |D : Below Minimum |F : Unacceptable
2 1.5 1 0.5 0 4 Aaladll po LY 38l 58 RS
Compliance of the essay with the directive Relevance
2 1.5 1 0.5 0 Y G s
Compliance of the essay with the context
1 0.75 0.5 0.25 0 5 Lol Ylaniasl Ja 5 )11 Jlaxtivs) oaill eliy dadls
Use links properly Integrity of text
1 0.75 0.5 0.25 0 Sl s structure
Order of events
1 0.75 0.5 0.25 0 e e @l yial
Respect writing rules
1 0.75 0.5 0.25 0 A0yl Al JLa|
Complete narrative structure
1 0.75 0.5 0.25 0 Lol Ylantinal 4 salll LY Jlanics)
Using linguistic structures correctly
1 0.75 0.5 0.25 0 & Caasll Ly L a8 )
Enrichment by description Mastery of essay
1 0.75 0.5 0.25 0 Dlsally eliey) style
Enrichment by dialogue
1 0.75 0.5 0.25 0 By 48 e s
Creating a narrative paradox
1 0.75 0.5 0.25 0 4 b pane Jlanind Al sl o) 5
Use an eloquent dictionary Language Richness
1 0.75 0.5 0.25 0 ST 18 a8 S 5l and Wit
The emergence of one or more distinct ideas
1 0.75 0.5 0.25 0 e yiia ) 5 Jlasind
Use various compositions
1 0.75 0.5 0.25 0 saill A iy yla iyl
A funny behavior in the plot of the text
2 1.5 1 0.5 0 4 L) 7 g [EESIIGNEN
Clarity of writing Effective
1 0.75 0.5 0.25 0 Lol 4adl presentation
Punctuation accuracy
1 0.75 0.5 0.25 0 Sl jall s
Distinctiveness of paragraphs

Fig 7. Scoring scheme for 5th and 6th grades

We collected 260 essays on different topics. The
length of the essays varied between 366 and 19
words. All copies were retyped on the computer
exactly as they were handwritten, including the
same errors. Each essay was evaluated by a
primary school teacher based on the criteria in
Figure 7. However, upon analyzing the collected
data, we observed that our data presented two
downsides:

Rim AROUA MACHHOUT And Chiraz
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limited size and an imbalance. To solve these
problems, we use the “Random Over Sampling”
(RO) method as implemented by Branco (2022) in
the ‘Imbalanced Learning Regression’ Python
package. We were finally able to increase our
dataset from 260 unbalanced essays to 380
balanced essays as shown in Figure 8.

ZRIBI, Communications of the IBIMA,
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Original Dataset Augmented Dataset
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60 A
50 A
€ €
> =4
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score score
Fig 8. Dataset distribution
Experimental setup adding features on the relevance score prediction
results. We maintain the basic structure of our
In this section, we present our multiple model and vary the inputs, consequently
experiments. We conducted tests on different modifying the “Combined_Vector” each time, as
versions of our model to study the impact of illustrated in Table 1.
Table 1. Combined_Vector variations
Test] Input Vector combined
NO
1 | Essay + Prompt [Essay_emb, Prompt_Emb]
2 Essay+ [Essay_emb, Prompt_Emb, Score_Topic, Score_KW,
Prompt + Prompt_Features Score_RepTyp, Score_Sim]
3 Essay + Prompt_Features [Essay_emb, Score_Topic, Score_KW, Score_RepTyp,
Score_Sim]
Essay + [Essay_emb, Prompt_Emb, Score_Topic, Score_KW,
4 Prompt + Prompt_Features + Score_RepTyp, Score_Sim, RepMod_Emb, Score_Topic2,
ModRep+ ModRep_Features Score_KW?2, Score_SS2]
Essay + [Essay_emb, Score_Topic, Score_KW, Score_RepTyp,
5 | Prompt_Features + Score_Sim, RepMod_Emb, Score_Topic2, Score_KW2,
ModRep + ModRep_Features Score_SS2]
Essay + [Essay_emb, Score_Topic, Score_KW, Score_RepTyp,
6 Prompt_Features + | Score_Sim, Score_Topic2, Score_KW2, Score_SS2]
ModRep_Features

**Prompt_Features: features extracted from essay and prompt, ModRep: model response,
ModRep_Features: features extracted from essay and model response

We proceeded to test our model in two main In test N°1, we introduced the prompt along with
stages: first by inputting the prompt with the the essay (Prompt_Emb). Then, in Test N°2, we
essay (Test N° 1,2 and 3) then by integrating the integrated in addition the various features
model response in addition (Test N° 4,5 and 6). extracted from the essay and prompt

(Prompt_Features). Furthermore, in Test N°3, we
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excluded the prompt and kept the essay with the
features representing the relationship between
the essay and the prompt (Prompt_Features).

In Test N°4, we extended our approach by adding
to the inputs of Test N°2 a model response
(ModRep_Emb) as well as the features extracted
from the essay and this response
(ModRep_Features). We then excluded the prompt
in Test N°5. Finally, in

Test N°6, we only associated the features linked to
the prompt (Prompt_Features) and those linked to
the model response (ModRep_Features).

Scoring metrics

To evaluate the results of the various experiments
carried out, we used the Pearson’s correlation
metric noted ‘' (1). As highlighted by Plevris et al
(2022), this is the most commonly used metric in
the context of regression, as it measures the
strength of the relationship between two
variables. The Pearson correlation assigns a value
of 1 in the case of a positive correlation, and -1 in
the case of a negative correlation. The closer the
value is to zero, the more independent the
variables are. In our case, this measure tells us the
degree to which the grade predicted by our system
matches the grade awarded by the teachers.

__EERED g
2 (-@)? X (y-5)?
Hyperparameters our results. After evaluating multiple
combinations of these parameters, we identified
We experimented with various the most effective settings which are summarized

hyperparameters’ settings to optimize

in table 2.

Table 2. Selected values

Test N° 1,2,3 | 4,56

Embedding AraBert

Loss function PRelu

Activation MSE

function

Batch size 1

Epochs 50

Learning rate 0.0001 0.001

Optimizer Adamax (Ir=2e-3, Adamax (Ir=3e-3,
eps=2¢-5) eps=2¢-5)

Experimental results

We present in the following table the results of various experiments conducted:

Table 3. Experimental results

Test Inputs Correlat

N° ion

1 Essay + Prompt 0.48

2 Essay+ Prompt + Prompt_Features 0.73

3 Essay + Prompt_Features 0.77

4 Essay + Prompt + Prompt_Features + ModRep + 0.85
ModRep _Features

Rim AROUA MACHHOUT And
https://doi.org/10.5171/2024.176992
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5 Essay + ModRep
ModRep_Features

Prompt_Features + 0.88

6 Essay + Prompt_Features + ModRep_Features 0.80

To evaluate the performance of our
“BertRelevance” model, we conducted an initial
series of tests. We began by incorporating both the
prompt and the essay, which resulted in a
correlation of 0.46. Then the addition of features
extracted from both inputs significantly improved
the results, reaching a correlation of 0.73. In the
subsequent test, by removing the prompt as an
input, we achieved a correlation of 0.77.

Based on this series of tests, we can observe that
including the features enhances BERT’s ability to
predict the appropriate score. However, for
better orientation, it is more interesting to
provide only the features essential to the task.

We continue with a second series of experiments
in which we enrich our inputs with a model
response. Initially, we added to the triplet (essay,
prompt, and features) the model response
(ModRep) along with the features
(ModRep_Features) extracted from both the essay
and this response. This resulted in a significant
improvement, with the correlation rising to 0.85.
In the next test, we removed the prompt, but kept
the features extracted from it. In this
configuration, we obtained our best result with a
correlation of 0.88. Finally, we explore the
possibility of removing both the prompt and the
model response, while retaining only the features
(Prompt_Features and ModRep_Features)
associated with the essay. In this case, the
correlation was 0.80.

According to the results of the second series of
tests, they assure us that the choice of adding
features must be made judiciously.

From our analysis of our various experiments, it’s
clear that including handcrafted features
significantly improves BERT’s performance. This
can be explained by the fact that these features
represent additional pertinent information for the
relevance scoring which boosts the model and
improves the correlation.

However, it is important to note that the selection
of features to be integrated should be made
prudently. At times, the incorporation of
inappropriate features can lead to confusions in
BERT’s learning process. In our case, the model
response embedding is beneficial as it provides

Rim AROUA MACHHOUT And Chiraz
https://doi.org/10.5171/2024.176992
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additional information wuseful for relevance
detection. While the prompt embedding may not
be as informative as this information is already
present in the context of the essay. Here, the
prompt embedding is redundant information
which is already implicitly captured in the context.
This duplication of information can disrupt model
training, leading to a decrease in correlation.

Conclusion

In this paper, we have presented a new approach
for scoring the relevance of the essay content
regarding the prompt, in the context of automated
essay scoring system. Our proposal deals with
essays in the form of long Arabic text and is based
on the deep learning algorithm BERT (specifically
AraBERT), enhanced by handcrafted features. Our
proposal has achieved promising results, with a
correlation of 0.88 with human score. The various
tests we carried out show that adding features can
considerably improve results. This can be
explained by the fact that the Arabic version of
BERT is pre-trained on a considerably limited
corpus. As a result, these carefully selected
features play a strengthening role. Therefore, if we
assume that BERT’s pre-training corpus is
sufficiently large, this type of features helps to
guide BERT in its training. Finally, based on our
experience, we conclude that the use of BERT,
enhanced with handcrafted features for scoring
the relevance of Arabic essays to the prompt,
presents encouraging prospects. However, it is
essential to highlight the importance of making a
careful choice when selecting handcrafted
features.

In light of these promising results, we intend to
continue improving our performance by exploring
potential new features and expanding our training
dataset. In the long term, our aim is to integrate
this work into a larger project dedicated to the
automatic scoring of Arabic language essays.
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