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Abstract. Narrative essays enable students to express their thoughts
and feelings, gain diverse perspectives, understand themselves and their
world more deeply, and enhance their literary skills and cultural aware-
ness. As such, it became a relevant textual production in educational
settings. However, assessing these texts is challenging and time-intensive.
Therefore, this study focuses on developing an automatic detection sys-
tem for narrative structures in essays, using a range of natural language
processing algorithms, including machine learning, deep learning, and
large language models. The study found that BERT was more effective
than other models for this task, highlighting GPT’s potential in extract-
ing narrative structures. The findings of this study have implications for
educational practices, particularly in the assessment and improvement
of narrative writing skills among middle school students.

Keywords: Natural Language Processing · Narrative Essays ·
Rhetorical Categories · Large Language Model

1 Introduction

Essays are concise literary productions embody an author’s viewpoint on a spe-
cific subject [46]. When composing essays, students can establish their under-
standing of the subject matter and their analysis, synthesis, and organizational
proficiency capabilities. In this context, narrative essays focus on the capability
of students to write texts that recount personal experiences and stories, which
might be based on reality or fiction [38]. Narrative productions are composed of a
complex textual representation with several elements defined as narrative macro-
structures: Character, Setting, Initiating Event, Plan, Action, Consequence, and
Elaborated Noun Phrase [16]. Narrative essays are a key production developed
for elementary and middle school students, both for classroom instruction and
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assessments [8]. They help develop basic writing skills and the capability of cre-
ative expression and storytelling proficiency [34].

However, assessing narrative essays is a challenging task, as they are com-
prised of several elements connected to each other. Analyzing and detecting them
is time-consuming, especially in a large corpus [34,38]. From a teaching-learning
perspective, this challenge is a substantial issue because feedback is prominent
for effective learning experiences [42]. Therefore, instructors need tools to help
them provide rapid feedback regarding narrative essays.

Previous research has shown that natural language processing (NLP) is a
useful approach to overcome this issue [14]. Specifically, in assessing narrative
essays, researchers started exploring ways to automate this process using NLP
and machine learning (e.g., [23,44]). The detection of narrative elements from
written essays has shown to be an efficient tool to assist instructors in providing
useful feedback to their students [4]. In that regard, previous work has con-
tributed to detecting narrative elements from medical and work-related essays
(e.g., [27,34,39]).

Nevertheless, the corpora considered in previous studies on automated assess-
ment of narrative essays are mostly written in English [2]. Although recent
studies have started to address similar concerns based on Brazilian Portuguese
essays, they evaluate different literary production [15,26] or they target spe-
cific elements [5]. Furthermore, despite recent advancements in Large Language
Models (LLMs) – an advanced form of NLP optimized for text generation – have
revealed their potential for numerous NLP tasks [32,43], past research has not
systematically experimented with them in this context. Therefore, to the best of
our knowledge, there is a lack of research detecting the broad range of narrative
elements for essays in nun-English Languages based on NLP techniques.

This article addresses the gaps listed above with an empirical study on the
automatic detection of narrative elements from narrative essays written in Brazil-
ian Portuguese. For that, this paper reports on the findings of a study that
explored a broad range of NLP algorithms, including classical machine learning,
deep learning, and GPT-4, a state-of-the-art LLM [29]. Although much has been
discussed regarding LLMs capabilities [32,43], the combination of BERT and
Random Forrest classifier reached the best results in general, suggesting task-
specific models’ potential compared to generic models. In practice, this study
could provide relevant information for teachers’ feedback in the context of essay
production and inform researchers on the limitations of LLMs for particular
tasks compared to specific models.

The remainder of this paper is organized as follows. Section 2 discusses back-
ground and related works. In Sect. 3 we explain our methodology to address the
problem raised. In Sections, we present how the work is evaluated and the mod-
els adopted. Section 4 we show the results. Finally, Sect. 5 and 6 contextualize
the results in terms of practical adoption, explain the limitations of the study,
and discuss future directions.
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2 Background

2.1 Narrative Elements

A narrative text is a personal production that explores a series of connected
events or experiences, often centered around characters and a temporal progres-
sion of actions [1]. Narrative essays are tools for organizing and transmitting
knowledge, memories, and cultural values, allowing individuals to express their
internal experiences and interpret the world around them. They are composed
not only of events but also of intentions, conflicts, and resolutions that together
form a cohesive and meaningful story. Therefore, a written narrative is not just
a sequence of events but a carefully woven construction that reflects the com-
plexity of human experience and the capacity for storytelling [18,24,40].

Specifically for education, narrative essays usually target the creation of a
fictional universe or represent aspects of reality, involving elements such as plot,
characters, theme, and style. In Brazil’s primary education, the textual produc-
tion of narratives is an essential pedagogical practice, as it develops linguistic and
creative skills and fosters critical thinking and empathy in students [10]. Through
narrative writing, students learn to articulate their ideas and emotions, explore
different perspectives, and better understand themselves and their world. Liter-
ary narrative, therefore, is a powerful tool in education, as it not only improves
students’ writing and reading skills but also enriches their educational experi-
ence, promoting a deeper understanding of literature and culture [11,30].

More specifically, narrative essays comprise narrative components and nar-
rative (or story) elements. According to [34], components are the main elements
that compose the narrative are:

– Events might be formally defined as significant occurrences with conse-
quences. Those can be real-world incidents, such as bomb explosions or the
birth of an heir.

– Participants, also known as actors, are the who of the story. They are relevant
to the what and the why, and are often defined as entities in NLP.

– Time concerns the story’s temporal references, which are prominent for
understanding the timeline of the narrative by anchoring each event or scene
at a point in time.

– Space concerns geographical information within the narrative, such as refer-
ences to places or locations.

In exploring the narrative’s components, various elements can be examined.
As suggested in [16], seven narrative elements are present in narrative essays,
with degrees ranging from 0 (absent) to 3 (elaborated knowledge).

– Character : An agent performing actions. Levels: 0 (no main character or
ambiguous pronouns), 1 (at least one main character with non-specific labels),
2 (a main character with a proper name), 3 (multiple main characters with
proper names).
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– Setting : Provides information about the story’s location or time. Levels: 0
(no reference), 1 (a general place or time), 2 (references to a specific place or
time), 3 (places using proper names or specifying a particular time).

– Inciting Event(s): Motivates characters to take action. Levels: 0 (descriptions
with no indication), 1 (one event without motivating action), 2 (one motivat-
ing event), 3 (two or more events motivating separate actions).

– Internal Response: Feelings expressed by characters about Inciting Events.
Levels: 0 (no stated feelings), 1 (feelings not clearly related), 2 (feelings explic-
itly related), 3 (multiple instances of feelings clearly related).

– Plan: Thoughts stated by characters related to a decision to take action.
Levels: 0 (no statement), 1 (statements about plans not necessarily related),
2 (one statement about a plan related), 3 (multiple statements about plans
related).

– Attempt : Actions taken by characters motivated by the Inciting Event. Levels:
0 (no actions), 1 (action verbs in descriptive sentences without a clear link), 2
(action verbs in sentences clearly linked), 3 (introducing complicating actions
that impede responses).

– Consequence: The end result of characters’ actions in relation to the Inciting
Event. Levels: 0 (no clear resolution), 1 (outcomes linked to other actions), 2
(one outcome related), 3 (two or more outcomes directly related).

The narrative elements considered for our study will be based on the narrative
components outlined by [34] and [16]. These sources provide a comprehensive
framework that will guide our analysis.

2.2 Related Works

This section presents prior research on the analysis of textual elements in narra-
tive essays, aligning with the objectives of this paper. The automatic analysis of
narrative essays has found extensive applications beyond educational purposes,
extending its utility to other domains. For instance, Mulyana et al. [27] pro-
posed a pipeline for extracting patient symptoms based on medical narrative
texts for diagnosing mental illness. With the help of four databases of diseases
and symptoms, the study focused on general text processing steps, e.g., sentence
identification, scanning, and parsing; keyword extraction; and pattern match-
ing on top of the narratives. However, the Mulyana et al. paper did not report
an evaluation of the effectiveness of the pipeline for extracting symptoms from
narrative texts.

Another application is identifying events from movie descriptions [39]. Based
on using NLP to extract information, each event is structured with the following
attributes: “who”, “did what”, “to whom”, “where” and “when”. Following those
events, the authors use a Recurrent Neural Network (RNN) and the Word2vec
algorithm to extract the descriptions’ events. The authors reported an accuracy
near 75% for real cases analysis.

Regarding the analysis of narrative essays in education, prior research has
mostly explored machine learning for the automatic assessment of narrative
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essays based on the English language. For instance, Somasundaran et al. [38]
establish the foundation for automated evaluations of narrative quality in stu-
dent essays. By exploring algorithms such as Regression Linear, Support Vector
Regression based on RBF kernel, Random Forest, and Elastic Net, they automat-
ically assessed narrative quality, achieving moderate results regarding Quadratic
Weighted Kappa (QWK). In this study, the Linear Regression reached the best
values on average, obtaining a QWK of 0.7.

In [19], authors similarly employed machine learning methods to predict
scores for narrative elements compared to scores obtained by human asses-
sors. Exploring features such as those extracted with Coh-Metrix, TF-IDF,
GloVe embeddings, and Bidirectional Encoder Representations from Trans-
former (BERT), their predictive models achieved QWK scores aligned with those
obtained by human assessors. Specifically, their findings showed that BERT per-
formed up to two times better than the other methods, demonstrating the poten-
tial for automating the scoring of narrative elements.

While most studies on automated analysis of written narratives are related to
the English language, recent research within the Brazilian Portuguese context
also explores this theme. In [3], the authors aimed to classify Brazilian Por-
tuguese texts in terms of the following types: narrative, essay, injunctive, and
descriptive. They used classical machine learning algorithms based on linguistic
features extracted with Coh-Metrix. Nevertheless, this study did not specifically
analyze the feasibility of identifying specific narrative elements, such as plot and
characters. The proposed approach achieved an f-score of 91.2% in the best case.

On a similar line, the study reported in [5] was focused on the issue of auto-
matic correction of narrative texts in Brazilian Portuguese, emphasizing iden-
tifying the climax. Using an English annotated dataset translated into Brazil-
ian Portuguese, the study investigated the use of machine learning algorithms
to detect climaxes in textual productions using three traditional classification
algorithms: Support Vector Machine, Random Forest, and Stochastic Gradient
Descent. The article highlights Random Forest as the best-performing algorithm
and suggests combining Coh-Metrix and LIWC attributes to produce the best
results. The study concludes that it is possible to develop an automatic system
for detecting climaxes in narratives, emphasizing the importance of carefully
selecting features to improve the effectiveness of climax classification in narra-
tive texts.

Furthermore, [37] explores the automatic scoring of student narrative essays
in Portuguese, focusing on the formal register, which assesses aspects related to
the formal grammar of Brazilian Portuguese. Different machine learning algo-
rithms (i.e., Decision Tree, Random Forest, SVM, Extra-Tree, AdaBoost, and
XGBoost) were evaluated using diverse linguistic features. The results revealed
that the Extra-Tree Ensemble algorithm exhibited the best performance across
all measures, with a weighted average precision of 0.557, recall of 0.566, F1-Score
of 0.546, and Kappa of 0.367.

Moreover, it is important to note that prior research, such as [15,26], has
also addressed the challenge of identifying rhetorical categories in Portuguese
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texts through machine learning techniques. However, this research primarily
concentrated on analyzing dissertative productions, a more common focus in
the literature.

Lastly, although related work has extensively explored machine learning, one
of the most advanced techniques at the time of writing, LLMs, has yet to be
explored. LLMs are advanced NLP systems that excel in understanding and gen-
erating human-like text [43]. These models, such as GPT-3 and GPT-4, possess
the remarkable capability to adapt to new tasks without explicit programming,
making them versatile in handling diverse linguistic challenges [29]. LLMs find
applications in various domains, from content creation and translation to ques-
tion answering and code generation [32]. Their ability to comprehend context
allows them to potentially revolutionize the field of education, particularly by
helping in automatically identifying and analyzing story elements in narrative
essays. However, as this section demonstrates, past studies have not assessed
these capabilities of LLMs.

2.3 Research Question

To our knowledge, no prior research is specifically dedicated to evaluating the
narrative rhetorical categories and elements in Brazilian Portuguese. Previous
studies have primarily concentrated on analyzing grammatical errors and the
automatic scoring of essays. This study tries to fill this literature gap by specifi-
cally targeting the automatic detection of structural elements in narrative essays
written in Brazilian Portuguese. As such, our research question is:

Research Question 1 (RQ1):
To what extent can natural language processing models accurately iden-
tify the rhetorical categories and elements of narrative essays written in
Brazilian Portuguese?

3 Method

3.1 Dataset

In this study, we used the dataset originally created for a general essay scoring
problem. It encompasses 356 essays, divided into 3,262 sentences, written by
mid-school students from Brazilian public schools in 2023. It is important to
highlight that we did not remove students’ grammatical errors and misspellings
in the original text. Following previous work [15,26], we analyzed the elements
of the text in the sentence level.

The initial categories chosen for our annotation process were influenced by
those suggested in [16]. However, considering the relatively basic complexity of
the essays, as they were written by students in the middle school, we opted to
modify the categories slightly as follows:

– We kept the Character, Initiating Event, and Consequence as previously
described;
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– The category settings were divided into Location and Time;
– The categories Internal Response, Plan, and Attempt were converted into a

single category named Complication.
– We incorporated the category Narrator due to the relevance of Brazilian

texts described in previous work [11,30].

Two experienced educators individually coded each sentence in the essay
corpus using the specified categories. The inter-rater reliability, measured by
Cohen’s κ, achieved a value of 0.65, indicating a substantial agreement between
the coders. A third, more experienced teacher resolved the discrepancies. The
’Location’ category was included only 15 times. Thus, it was excluded from this
study. Table 1 details the count of positive instances for each category.

Table 1. Instance per category or element.

Number of sentences % of the dataset

Narrator 230 7.05

Character 300 9.19

Time 340 10.42

Initiating Event 1182 36.23

Complication 1852 56.77

Consequence 958 29.36

3.2 Feature Extraction

Traditionally, rhetorical structure identification has relied on content features
[15,26,28,35]. Therefore, we evaluated the efficacy of predictive models using
standard TF-IDF and word embedding features. TF-IDF, a fundamental tech-
nique in NLP studies, quantifies the importance of a word within a text by com-
paring its frequency in a specific document to its distribution across an entire
corpus [25]. This method effectively highlights words that are uniquely signifi-
cant in a given context. For word embeddings, we employed Global Vectors for
Word Representation (GloVe) and Bidirectional Encoder Representation from
Transformer (BERT). GloVe transforms each word into a 300-dimensional vec-
tor, capturing semantic relationships between words [31]. BERT, on the other
hand, is a neural network designed for deep language understanding [12]. It
pre-trains bidirectional representations from unlabeled text by considering the
context from both sides of a word in all layers. This model, known for its robust-
ness, continues to be a leading tool in many NLP applications.
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3.3 Model Selection and Evaluation

To evaluate the proposed method, we considered different models available for
NLP applications. Initially, we adopted a traditional Random Forest (RF) model
due to its robustness for text classification problems [17]. RF operates as a
bagging technique, combining multiple decision trees constructed through sub-
sampling of data in the training set [6]. We used the RF classifier with both
TF-IDF and BERT vector representations.

Secondly, we employed the BiLSTM (Bidirectional Long Short-Term Mem-
ory) architecture for this task, following its successful application in previous
studies on English texts. LSTM networks are designed to learn from historical
data, featuring an architecture that enables retaining previous information for
use with current data. In a standard LSTM, data flows in a single direction and
is processed once. Conversely, a BiLSTM model processes the data twice, ana-
lyzing it in both forward and reverse directions, enhancing its ability to capture
context [36]. The architecture implemented in our experiments comprised several
layers: an input layer with 30 neurons, an embedding layer with 50 neurons, a
bidirectional layer with 32 cells, a dropout layer at 20% to prevent overfitting,
a dense layer with 64 neurons and ReLU activation, another dropout layer at
20%, and finally, an output layer with one neuron using sigmoid activation. We
trained this model over 50 epochs.

Finally, we incorporated a GPT model to explore the capabilities of a large-
scale language model in this context. GPT models have gained significant recog-
nition in academic studies for their capability to address many challenges [20,45].
Previous research shows the potential of using GPT to analyze the Essay even
with a zero-shot approach [7]. In our study, we utilized the OpenAI API to access
the GPT-4-turbo model, the latest version available at the time1

A critical factor in leveraging large language models is crafting well-
structured prompts. The design of these prompts significantly impacts the
model’s ability to produce precise results [41]. In our study, the prompt for-
mulation was tailored to suit the task’s context, incorporating simple and direct
instructions and specifying the desired output format. Table 2 displays the final
prompt used for our task, translated into English2.

Table 2. Prompt for GPT 4-Turbo.

Element Text

Context Narrative text from mid-school students.

Instruction Determine if the following text has the XXX element.

Output format indicate ‘yes’ or ‘no’ in the response

1 OPENAI API: https://platform.openai.com/docs/api-reference/authentication.
2 It is important to note that the original prompt was written in Portuguese.

https://platform.openai.com/docs/api-reference/authentication
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We replicated the evaluation methodology used in prior research [15,26,35]
to facilitate a comparative analysis of the model outcomes. For assessing the per-
formance of the supervised machine learning algorithms, we employed Cohen’s
κ [9], a metric widely recognized in the fields of educational data mining and
learning analytics [13,33]. To ensure a robust evaluation, we conducted a 5-
fold stratified cross-validation. This involved dividing the dataset into five equal
parts, each mirroring the proportional representation of each class found in the
original dataset.

4 Results

This section details the results of experiments designed to assess the effectiveness
of various machine learning architectures in identifying the following narrative
structure categories: Narrator, Character, Time, Initiating Event (IE), Com-
plication, and Consequence. As mentioned before, our evaluation encompassed
five distinct model configurations: TF-IDF combined with RF, GloVe integrated
with BiLSTM, BERT paired with RF, BERT utilized alongside BiLSTM, and
the application of GPT-4 Turbo. Each configuration was tested to measure its
capability to accurately classify these narrative elements individually, providing
a comprehensive outline of their respective performances in this task.

Table 3 shows the best results achieved by each algorithm using 5-fold cross-
validation (as described in Sect. 3.3). The data indicates that combining BERT
with RF generally yielded superior outcomes across all categories, except for
one scenario (outcome) where TF-IDF + RF demonstrated better performance.
For instance, in the case of the Initiating Event category, the BERT + RF con-
figuration surpassed the GPT-4 model’s performance by a significant margin,
achieving a 32.96% higher score in terms of Cohen’s κ coefficient. This com-
parison highlights the distinct strengths of different algorithmic approaches in
handling specific narrative structure elements.

It is important to emphasize that GPT-4 emerged as the second-best per-
forming model in our experiments. This outcome is particularly noteworthy,
considering the limited extent of prompt engineering involved. The promising
results achieved by GPT-4, with minimal customization in its prompt design,
underscore its potential to identify the narrative elements.

Finally, Table 3 also displays that, in general, Cohen’s κ values achieved mod-
erate to substantial agreement levels across most categories [22], with the excep-
tion of the Consequence category. This finding emphasizes the effectiveness of
the proposed approach. The ability of our models to consistently reach these
levels of agreement across a diverse range of narrative categories demonstrates
their robustness in accurately identifying and analyzing narrative structures.
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Table 3. Comparative analysis between the four machine learning frameworks for
narrative structure detection task based on Cohen’s Kappa.

Class TF-IDF + RF GloVe + BiLSTM BERT + RF BERT + BiLSTM GPT4-Turbo

Narrator 0.2488 0.3333 0.6624 0.2462 0.4695

Character 0.1822 0.1778 0.6255 0.2690 0.5342

Time 0.4298 0.4569 0.7237 0.3441 0.6882

IE 0.3873 0.3757 0.7039 0.2975 0.5423

Complication 0.2147 0.1324 0.5847 0.1389 0.4978

Consequence 0.2708 0.1432 0.1775 0.1975 0.1991

5 Discussion

The results obtained for the automatic identification of the rhetorical categories
and elements in narrative texts written in Brazilian Portuguese essays indicated
that the proposed experimentation, with BERT as features and Random Forrest
as a machine learning algorithm, reached a moderate to substantial agreement
[22] for almost all indicators, except for the consequence category. While no prior
research has specifically addressed narrative texts, previous studies on different
types of texts in Portuguese have attained a Cohen’s kappa coefficient of up to
0.67 in identifying rhetorical categories [15,26,35]. This comparison emphasizes
the significance and relevance of our findings in this domain.

Additionally, our research marks the first evaluation of GPT-4, a state-of-
the-art LLM, for this specific task. Although GPT-4 did not outperform the
combination of BERT and Random Forrest, it achieved high Cohen’s kappa val-
ues, indicative of moderate agreement [22]. This outcome highlights the potential
of employing GPT-4 in this context, as with further advancements in prompt
engineering, there is a substantial possibility for enhancing the model’s perfor-
mance in this task [20,41,45].

In summary, the practical implications for research and practice can be cat-
egorized into three distinct aspects. First, the analysis of different combinations
of features and machine learning algorithms, including the GPT model, demon-
strated the potential to identify rhetorical categories and elements in narrative
texts written in Brazilian Portuguese automatically. Second, we introduced a
dataset of narrative essays written by middle school students in Brazil, which
will be accessible to the research community. This represents a significant con-
tribution, as there are few datasets with these specific characteristics available
for scholarly exploration in this field. Finally, as previous research has explored,
integrating the categories and elements extracted from essays into an educa-
tional tool could aid instructors and students in assessing and composing more
effectively structured narrative essays [15,21].
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6 Limitation and Future Directions

This study’s primary limitations are related to the unbalanced nature of the
dataset. Specific categories, such as ’place,’ are underrepresented, making it chal-
lenging to train a model that can reliably detect their presence in any written
essay. Additionally, the number of samples per category is highly imbalanced,
necessitating the employment of undersampling or oversampling techniques to
prevent the development of a biased model. In addition, the experiments were
conducted with a dataset in a single language, which can reduce the generaliz-
ability of the findings. In future works, we plan to enhance the scope of our study
by augmenting the sample size and incorporating essays from other languages
and contexts.

In addition to the dataset issues, the machine learning models assessed in
this study considered features from a single sentence in order to classify the
rhetorical categories. Previous studies have demonstrated the potential of using
sequential-based features and classifiers that consider the order of the sentences
in the texts. Thus, in future works, we intend to evaluate the sequential method
proposed by [15,26] other classifiers, such as Conditional Random Fields (CRF).

Finally, it should be noted that the primary aim of this study was not to
assess the practical application of the developed model in educational settings
nor to evaluate the satisfaction of instructors and students with a tool based on
the extracted information. However, it is important to emphasize that this is
part of an ongoing project, which includes the practical implementation of such
a tool and the subsequent evaluation of its effectiveness and impact.
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