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Abstract - This study examines the reliability of a contemporary Large Language Model (LLM) in performing strictly text-bound
literary analysis of the Arabic novel " 4&xal/ Lala 4. Despite growing use of LLMs in the humanities, their interpretive behavior
in Arabic narrative contexts remains underexplored. Using the novel as a controlled corpus, the model was barred from external
knowledge and evaluated under a Grounded-Evidence Protocol requiring all claims to be supported by explicit textual
quotations. Output quality was assessed through a five-dimensional rubric measuring Textual Fidelity, Accuracy, Analytical
Depth, Coherence, and Linguistic Quality. Quantitative results show strong performance in Coherence (4.50), Linguistic Quality
(4.58), and Textual Fidelity (4.30), while Analytical Depth was moderate (3.95), indicating limitations in symbolic reasoning
and culturally embedded interpretation. Qualitative error analysis reveals that unsupported or inflated symbolic readings
typically emerge in ambiguous or metaphor-dense passages. The findings suggest that LLMs can provide coherent, well-
grounded commentary but remain constrained in higher-order interpretation. The study proposes a structured benchmark for
evaluating LLM reliability in narrative analysis and offers a methodological foundation for future work in computational

humanities. All analyses in this study were generated using the ChatGPT-5.2 Large Language Model operating under a fully

text-restricted environment.
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1. Introduction

Large Language Models (LLMs) have rapidly evolved
into powerful tools capable of performing complex reasoning,
text generation, and domain-specific analysis [1]. Their
impressive performance across diverse benchmarks ranging
from instructional alignment to professional examinations has
positioned them as promising instruments for computational
humanities and automated literary analysis [2].

However, the reliability, methodological, and textual
basis of the literary criticism generated by LLMs remain
unexplored as they gain popularity [3]. In particular, it is
unclear how applicable these methods are to Arabic narrative
fiction, a cultural and linguistic field that is both very rich and
extremely complex [4].

In addition to the challenges of language and style
presented in Arabic novels, there are several features that
contribute to the complexity of automatic analysis using
LLMs [5]. The use of metaphors, as well as the use of multiple
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intertextual references, layered narrative voice, and diglossia,
each adds layers of complexity to the analysis of an Arabic
novel, which increases the possibility of error in LLMs
through either hallucination, making unsubstantiated claims,
or reading too much into what is being said by the author [6].

Thus, assessing the reliability of LLM outputs in Arabic
literary criticism will require methods that constrain LLM
output to be strictly grounded in texts, avoid external
knowledge contaminations, and provide a transparent way of
evaluating how faithful and true the output is [7].

Literary criticism is different from many of the other NLP
applications; as such, there is a need for critical interpretive
reasoning as well as for an understanding of the narrative
structure of texts and for fidelity to textual evidence rather
than just providing fluently written but superficially analyzed
factual data or mere superficial patterns of semantic data [8].
Recent studies have been conducted to evaluate the LLMSs in
summarizing, question-answering, and other NLP tasks that
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are applied to Arabic texts; however, most existing studies are
focused on assessing the general language skills or
downstream tasks instead of performing an interpretive
literary analysis [9]. Most benchmarks for evaluating Arabic
LLMs, including LAraBench [10], AlGhafa [11],
GATmath/GATLc [12], primarily assess the ability of
classification, reasoning, and multiple choice understanding
within many different areas, and do not specifically assess the
quality of narrative interpretation, argumentative coherence,
and evidence-based criticism in longer form writing.

Although several studies have examined Arabic LLM
evaluation benchmarks and hallucination-related reliability
issues, a structured benchmark for evaluating LLM-generated
Arabic literary criticism under strict quotation-based
grounding criteria does not yet exist. Current evaluation suites
are primarily limited to short-form NLP tasks and therefore
cannot measure long-form interpretive reasoning, evidence-
based argumentation, or narrative-level coherence in Arabic
novel analysis. The absence of such a benchmark limits the
ability of researchers to determine when an LLM-generated
literary interpretation is reliable, versus when it becomes
unsupported and interpretively unfaithful.

Prior work on LLM faithfulness and hallucination has
consistently shown that models often produce highly fluent
explanations while exhibiting weaknesses in attribution and
evidence alignment. Similarly, early studies on LLM-based
literary analysis in English report strong rhetorical coherence
but reduced reliability in metaphorical interpretation and
symbolic inference. The present study extends these
observations into Arabic narrative fiction and evaluates
whether grounding protocols can mitigate such interpretive
drift in a linguistically and culturally complex literary domain.

In order to fill this gap, the current research introduces a
structured framework that will be used as a standard by which
to assess the reliability of LLMs when they are being used for
literary analysis through evidence from the actual texts. The
framework is applied to an entire Arabic-length novel
"Aiaall Lala N1 and assesses many areas of LLM output,
including:

* Textual Fidelity (Grounding) - Is the Al based solely on the
textual material of the book?

* Accuracy - Were the claims/arguments supported by
verifiable data/narrative elements from the book?

* Analytic Quality - Was there a meaningful, analytical insight
that went past just describing what was happening?

* Coherence - Was the analysis logical and did it make an
overall argument?

» Academic Quality of Language - Did the language used
maintain the academic tone?

To ensure methodological rigor, a purely text-only
operational protocol has been developed to be followed during
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this study that prohibits the use of any prior knowledge, or
external data regarding the author, context, or critical
reception as it pertains to the content being analyzed [13]. All
analytical responses produced through the LLM will be scored
via a five-dimensional reliability rubric based upon recent
research in LLM grounding, hallucination evaluations, and
fidelity metrics [14]. The quantitative results of these analyses
will be aggregated to provide an initial reproducible LLM
evaluation framework for Arabic literary analysis.

This study has four key contributions. First, it presents the
first structured benchmark to assess the reliability of Large
Language Models (LLMs) in the context of Arabic literary
criticism. The existing benchmarks have primarily focused on
non-interpretive tasks [10-12]. Second, this study builds on
previous work regarding hallucinations and grounding
through its development of a grounded-evidence protocol,
which ensures reduced hallucinations and improved textual
fidelity [15]. Third, it provides a text-based, experimentally
evaluated assessment of the novel "iuall Zala )l and
represents an easily replicable method for analyzing Arabic
narratives. Fourth, the study provides both quantitative and
qualitative information about how well LLMs perform and
what errors they make while interpreting texts, as well as their
limitations, and provides a basis for comparison with other
models and establishes these findings in the broader literature
on LLM faithfulness and trustworthy deployment [16]. These
contributions together create a clear, reproducible way to
measure the reliability of LLMs when used for narrative
interpretation and will provide a base for future studies in
computational literary studies, Arabic NLP [17], and model
evaluation. In order to provide methodological transparency
and replicability for the data analyzed in this study, all of the
analytical outputs evaluated in this study were created using
the ChatGPT-5.2 model, under the same constrained, text-
only conditions. Accordingly, the related work section
reviews recent Arabic LLM benchmarks, grounding and
hallucination evaluation research, and existing studies on
LLM-based literary analysis.

1.1. Research Problem and Originality

The central research problem addressed in this study is
whether large language models can reliably generate Arabic
literary analysis that remains strictly grounded in the primary
text, without introducing unsupported interpretations or
culturally inflated symbolism. While Arabic LLM
benchmarks exist, they primarily evaluate short-form NLP
performance and do not measure long-form interpretive
reasoning, narrative coherence, or quotation-based evidence
alignment in Arabic novels.

The originality of this work lies in proposing a structured
benchmark for Arabic narrative criticism under strict
grounding constraints. The study introduces a Grounded-
Evidence Protocol requiring explicit quotation support, a
multi-dimensional reliability rubric tailored to literary
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analysis, and an empirical evaluation applied to a full-length
Arabic novel. This combination provides a reproducible
foundation for evaluating interpretive reliability in Arabic
computational humanities.

2. Related Works

Researchers have recently concentrated on reliability,
textual grounding, and controlling hallucinations with LLMs
[18]. The recent development of benchmarking systems,
including HaluEval [19], Truthful QA [20], and Walk-the-Talk
Faithfulness Metrics [21], shows that even the most current
versions of LLMs produce supported or unfaithful, but
certainly plausible-sounding responses to questions, a
problem that is most prevalent in open-ended response
generation scenarios. Grounded protocols have been
emphasized by researchers, which constrain models from
referencing non-verifiable textual evidence, demonstrating
significant improvement in both factual accuracy and
interpretive coherence when models are constrained within a
limited context [22].

As a counterpart, there has been an expanding number of
attempts at evaluating the LLM output by using a structural
approach to rating. The results from rubric-based human
evaluations, preference model ratings, and faithfulness
(attribution) rating methods indicate that multiple-
dimensional evaluation is required to assess the quality of
generated text, especially in the case of tasks requiring
analysis, interpretation, and explanations [23]. However, the
majority of the current literature remains focused on areas of
summarization, General QA, and instructional alignment
rather than the area of literary interpretation, which requires
both analytical depth and narrative fidelity.

Over recent years, there has been an emergence of
benchmark suites for Arabic NLP which measure how well
Arabic-focused LLMs perform on various natural language
processing tasks [24], including but not limited to: text
classification;  reading  comprehension;  mathematical
reasoning, and general linguistic ability. These benchmarks,
LAraBench [10], AlGhafa [11], GATmath/GATLc [12], were
very important for both determining where Arabic LLMs are
currently in terms of their capabilities and where they are
likely to be in terms of limitations. Additional recent efforts
have also proposed broader Arabic evaluation resources that
reflect expanding interest in systematic benchmarking of
Arabic language models beyond standard NLP tasks [25].
Although these assessment suites offer a broad range of
evaluations, none of them investigated the areas of literary
critique or narrative analysis. All of the previous evaluation
suites were designed to evaluate the performance of Arabic
LLMs on short-form task-based assessments, and not long-
form analytical evaluations based upon full narrative texts.
While numerous studies into the use of Al within the
Humanities explore plot detection, characterization networks,
topics, and style as possible applications for digital humanities
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[26], the majority of this work relies upon traditional NLP
techniques or descriptive computational approaches, which do
not allow for an interpretative, argument-driven critical
approach to analyzing literature. In terms of LLMs, LLM-
based literary analysis in English has produced mixed results,
where LLMs tend to exhibit rhetorical proficiency. Recent
literary-domain evaluation datasets have also been introduced
to test model performance on fiction understanding, although
these efforts remain largely English-centered and do not
enforce quotation-grounded interpretive criticism [27].
However, they have difficulty establishing textual fidelity and
poorly handle metaphors, symbols, and narrative voice. Given
that Arabic is a language that exhibits diglossia, is
characterized by a density of metaphorical structures, and is
culturally embedded, it can be reasonably anticipated that
similar limitations exist for LLM-based analysis of Arabic
texts [28].

The current literature indicates multiple overlapping
gaps: there is no agreed standard for measuring LLM
reliability in Arabic literary criticism, there is lack of protocols
that are grounded in the narrative for interpreting narratives,
the unavailability of rubrics for long form Arabic analysis, and
few studies have engaged with some of the special challenges
of analyzing Arabic prose such as diglossia, layered narration,
culturally embedded metaphors [29]. The previous studies
outline a distinct necessity for a reliable, reproducible, and
text-grounded benchmark that will allow researchers to
evaluate LLM performance in terms of their ability to reason
interpretively rather than just in terms of how well they
process the surface characteristics of language. As such, this
study provides a structured assessment of the reliability of
LLMs as they apply analytical reasoning to an Arabic novel.

Novelty Positioning Summary. Existing Arabic
benchmark suites primarily evaluate Arabic LLM capability
through short-form, task-based testing, while reliability
benchmarks such as hallucination and faithfulness evaluations
focus on attribution and truthfulness without targeting long-
form literary criticism. In parallel, literary-domain evaluation
efforts have largely concentrated on English fiction
understanding rather than evidence-grounded interpretive
analysis of Arabic narratives. The present study is distinct in
combining (i) full-length Arabic novel evaluation, (ii) a strict
guotation-based Grounded-Evidence Protocol for every
interpretive claim, and (iii) a multi-dimensional reliability
rubric tailored specifically to the requirements of literary
criticism.  This combination provides a structured and
reproducible benchmark for assessing interpretive reliability
in Arabic computational humanities.

3. Comparative Benchmarking

Existing LLM evaluation benchmarks provide important
insights into model performance across multiple languages
and tasks. However, most widely used benchmarks evaluate
short-form tasks such as question answering, classification,
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reasoning, or multiple-choice understanding. While these
tasks are valuable for measuring general language
competence, they do not directly capture the requirements of
literary criticism, which demands interpretive reasoning,
narrative coherence, and traceable evidence linking.

Arabic LLM benchmarks such as LAraBench [10],
AlGhafa [11], and GATmath/GATLc [12] have a primary
focus on evaluating the performance of models on structured
Natural Language Processing (NLP) tasks that include:
reading comprehension, instruction following, mathematical
reasoning, and classification. These benchmarks will provide
insights into the Arabic language capability in controlled
environments; they do not assess longer form narrative
interpretation, evidence-based argumentation, or quotation-
grounded literary analysis. On the other hand, the benchmark
proposed in this research has a primary focus on interpretative
literary reasoning and will enforce strict grounding
requirements to ensure direct quotations are used from the
source novel.

Reliable benchmark suites that focus on reliability, such
as Truthful QA [20] and HaluEval [19], evaluate truthfulness
and hallucinations in open-ended text generation. These
frameworks are directly related to this research project, as
literary critics can also be misled by plausible claims that lack
support. However, these two benchmarking suites were
generally created for large-scale open-ended narrative
corpora, and they are not designed to assess either the
interpretative depth, the narrative coherence, or the ability of
quotation-based evidence to provide a basis for literary
interpretation. Therefore, the proposed Grounded-Evidence
protocol represents an adaptation of faithful evaluation to a
domain of narratives with a focus on providing a means of
evaluating faithfulness in a way that the evidence is traceable
back to the text itself.

Research on the use of LLMs for literary analysis in
English reported that while the models demonstrated strong
rhetorical fluency and coherence in their analyses, they did not
perform well when it came to deeper levels of symbolic
inference and metaphor interpretation or thematic synthesis.
The current research supports those general findings as the
model was able to generate high-quality language and
coherent writing, but performed at a lower level of analytical
depth. The current study further expands upon previous
research by examining the use of LLMs for literary analysis
within Arabic narrative fiction and its unique characteristics
of cultural and linguistic complexity.

The challenges of evaluating Arabic novels are
significantly less than those found in many English literary
analysis settings, including diglossia, metaphoric language
density, culturally-specific symbolic references, and layered
narrative voice. Because of this, while LLMs' output may be
linguistically fluent, it may produce drift from interpretation,

332

inflated symbolic interpretations, and culturally detached
readings. Therefore, an Arabic literature analysis benchmark
must assess both the quality of the output's language and its
grounding fidelity and interpretive reliability —when
constrained to a single, strict text.

Overall, the proposed benchmark is unique compared to
other Arabic NLP benchmarks because it evaluates extended
interpretative reasoning versus task performance. The
proposed benchmark also diverges from typical evaluations of
hallucinations in that they use faithfulness assessments when
interpreting narratives, while grounded by quotation-based
references. Lastly, the proposed benchmark builds upon
existing literary domain findings in the realm of English
literature; specifically, extending them into the realm of
Arabic fiction, providing a formalized and reproducible
evaluation structure for computational literary study in
Arabic.

4. Ethics and Socio-Cultural Issues

The use of large language models in analyzing Arabic
literature has several serious cultural, social, and ethical
issues. While large language models are able to produce
highly intelligible academic-style responses, literary studies
require an understanding of the cultural context of the work
being studied, as well as sensitivity to history and other forms
of context that cannot be replicated by language models alone.
Therefore, even if an output is grammatically correct or
coherent, it can still potentially distort interpretation with
negative ethical implications.

Arabic novels use a lot of figurative language
(metaphors), encoded cultural references, and culturally
dependent symbols. Thus, an LLM can create interpretations
of a novel, based on these culturally embedded references,
which go beyond what is actually written, resulting in a
reading that is symbolically compelling but culturally
irrelevant. The potential for this to occur is especially high in
Arabic literary criticism, as much of the meaning is rooted in
shared cultural knowledge, religious allusions, or socio-
political nuances.

When evaluating LLMs' biases as they relate to the
interpretation of literature, we need to be aware of how these
biases are presented in the way an LLM interprets literature
and how they reflect a bias in the training data. For example,
when analyzing Arabic narrative LLMs, they may draw broad
generalizations about authors' intentions, themes, or character
development as a result of the biases in their training data.

The growing application of LLMs in the study and
teaching of humanities has raised a concern that scholars and
students will rely too heavily on Al-generated interpretation
without critically evaluating these interpretations. Because
LLM outputs are often very good at sounding like intelligent
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people and have the structure of a well-written paragraph,
there is an increased risk of treating them as authoritative
when the interpretive claims themselves are not strongly
supported. This could lead to superficial analysis, less critical
engagement with ideas, or unsupported interpretations being
introduced into the larger academic discourse.

The Grounded Evidence Protocol developed in this
research can be viewed as a means to mitigate some potential
risks that exist with the use of quotation-based evidence for
interpretative  statements and improve transparency.
Grounding is not enough to eradicate cultural
misinterpretation or bias; therefore, expert human reviewers
will still be needed to review the outputs, especially if they
relate to symbolic, ideologically charged, or culturally
sensitive aspects of Arabic Literature.

5. Explainability & Human-in-the-Loop
Explainability in LLM generated literary reviews does
not necessarily mean accuracy in Its interpretation of the
literature Some generated literary reviews can still have
unsubstantiated and exaggerated interpretations. This research
uses explainability by using the Grounded-Evidence Protocol
(GEP), which has the requirement that each interpretative
statement be connected to a specific quote from the novel. The
GEP provides for traceability in the interpretative reasoning
process allowing the reviewer to check whether an
interpretative claim is based on evidence from the text.

In addition, to evaluate models, a human-in-the-loop
evaluation process is utilized via rubric-based annotation,
where human evaluators assess each model response across

five dimensions and assess reliability as well as beyond
surface-level fluency. The combination of Quotation-based
grounding with the use of expert scorers will provide a
transparent and secure evaluation framework, similar to
structured monitoring layers proposed in intelligent service
architectures [30].

6. Reproducibility and Open Science

The reproducibility of reliable LLM evaluations in the
humanities has been shown to be improved through the use of
a standardized prompting methodology, as well as an
evaluation rubric that remains fixed throughout the project; in
addition, this project employed a GEP that was employed
consistently with respect to each task in the project, and the
structured approach to annotating responses ensures that
scorers are assessing based on the same dimensions.

Due to copyright restrictions, the full text of the novel
cannot be publicly redistributed. However, the evaluation
framework, rubric definitions, prompting templates, and
aggregated scoring results can be shared to support replication
on other Arabic novels. This enables future researchers to
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reproduce the methodology, compare models, and extend the
benchmark to additional literary domains.

7. Methodology

This research utilizes a methodological framework that is
capable of providing a text-based evaluation of the ability of a
LLM to perform a literary analysis of an Arabic narrative. The
use of the methodology provides for the LLM's informational
environment to be strictly controlled and for a grounded
evidence process to be established, as well as the output
quality of the LLM to be evaluated using a multi-dimensional
scoring rubric to evaluate the quality of the output.

7.1. Corpus Description and Preparation

The Arabic novel "agnall Lala I | is the only source
used for this analysis. It was completely digitized and broken
down by chapters (as individual textual units). This will allow
the model to pull up correct and related sections of text
without exposing it to additional information that would be
outside the model's context. No biographic, historic, or critical
metadata were attached to the text. Isolating the text from
other interpretative traditions gives the researcher an
opportunity to measure the model's inherent capability to
understand the literary content of the text on its own.

7.2. Constrained Computational Environment

In order for all interpretations of the data to be generated
by the primary source alone, the model was put into a totally
restricted use state. All access to the internet, previously
trained models of literary criticism, and any external
knowledge base were blocked. Therefore, it cannot rely on
prior knowledge of culture, pre-existing knowledge bases of
texts, or learned literary shortcuts to generate answers.
Therefore, the mode of operation has transformed the
evaluation into a test of reasoning based solely upon the data
in the text. The model used for all interpretive tasks was
ChatGPT-5.2, which was executed in a fully isolated
environment to prevent the use of any external knowledge
during the analytical process. ChatGPT-5.2 was used as the
evaluated model. The same model configuration and
constraints were applied consistently across all tasks to ensure
comparability.

7.3. Prompting Framework and Interpretive Task Design
The authors also used a standardized prompting structure
for all tasks to increase comparability among the different
analyses. With each task prompt, the model is directed to
apply an explicit type of literary analysis, and it is specifically
required to reference textual support for each of its claims,
using a quote no longer than about twenty words from the
novel. If there is insufficient textual evidence to support a
claim, the model will identify that it has no textual basis for
supporting the claim. These practices reflect the current trend
toward the increased use of obligations by researchers
evaluating LLMs to achieve greater reliability and fewer false-
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positive results. All prompts used in the study were directed at
the same ChatGPT-5.2 model and, therefore uniformly
applied across all tasks to allow for an exact comparison of
how the model interpreted the prompts. The purpose of using
the same model was to make it possible to compare how the
model interpreted the various prompts.

7.4. Grounded-Evidence Protocol (GEP)

To ensure the institutionalization of the fidelity of the
text, this research utilized a Grounded Evidence Protocol with
three interconnected layers. The first layer limits the source of
the data to chapter segmental text from "4Luall dala A"
which eliminates the potential for epistemological leak from
outside sources. The second layer obligates the model to
identify the evidence that supports each of the assertions made
by the model in terms of its interpretation, providing a
transparent and traceable link between the claims made by the
model and the primary text. The third layer of the protocol
allows for the detection of unsupported claims during the
annotation process and provides a means for incorporating the
identified unsupported claims into the error analysis.

This multi-layered protocol has been developed to reflect
the current standards of methodology in contemporary
grounding research, as well as provide a structured framework
to evaluate interpretive reliability. The entire structure of this
multi-layered protocol is summarized in Table 1.

Table 1. Structure of the Grounded-Evidence Protocol (GEP)

Component Description Enforcement
Rule
Restricted Mo_del confined No access to
Retrieval exclusively to chapter- external
segmented novel text sources
. Every analysis must Citation
EL\?ndIfi?wze mc_lude a direct mandatory
quotation (<20 words)
Unsupported- | ldentification of claims Must be
Claim lacking relevant or flagged as
Detection accurate quotations unsupported

7.5. Reliability Rubric for Analytical Evaluation

An assessment tool, a five-dimensional scoring rubric to
evaluate the quality of generated analytic responses from the
model, was created with five dimensions related to the
essential characteristics of interpretative literary analysis. The
first dimension, Textual Fidelity, determined the extent to
which the generated claims of interpretation were grounded in
the relevant aspects of the textual content of the novel. The
second dimension, Accuracy, evaluated the degree to which
the model correctly referenced the appropriate characters,
events, and/or narrative structures as they occurred in the
novel. The third dimension, Analytical Depth, evaluated the
extent to which the model could generate high-quality
interpretations (deep and insightful) of the novel, rather than
simply providing a descriptive analysis of the novel. The
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fourth dimension, Coherence, evaluated the models' ability to
provide evidence to support their claims of interpretation and
to present their argument in an organized manner. The final
dimension, Linguistic Quality, evaluated the model's ability to
communicate its claims of interpretation clearly and
concisely, utilizing language that is typical of academic
writing. Dimensions and definitions of these dimensions are
presented in Table 2.

Table 2. Reliability Rubric (0-5 Scale)

Dimension Definition Score
Range
Textual _ The exteqt to which
Fidelity interpretations rely on 0-5
verifiable textual grounding
Correctness of narrative
Accuracy references and factual 0-5
elements
Analytical Degree of interpretive insight 0-5
Depth beyond surface description
Logical and rhetorical
Coherence organization of arguments 0-5
Linguistic Clarity, precision, and
. : 0-5
Quality academic tone

The five Rubric Dimensions illustrated in Table 2 were
utilized as evaluation criteria to score each of the Model
Outputs. Each response received a numerical score (on a scale
from 0-5) for each dimension, allowing quantitative
summation, clustering-based comparison, and comparative
analyses of responses [31].

7.6. Annotation Procedure and Inter-Rater Reliability

All model-generated responses were reviewed by a
professional-level human annotator who used the evaluation
rubric for each task, and for all tasks that required an
interpreter to evaluate the generated responses. In addition to
reducing potential variability due to individual annotator bias,
the independent review of a random sample of twenty percent
of all responses provided further support to increase the
reliability of the annotator scoring process, and also provided
additional support to the overall design of the evaluative
methodology. Inter-annotator agreement was measured on a
randomly selected 20% sample using Cohen’s Kappa. For the
Coherence dimension, agreement was k = 0.40, indicating
moderate consistency between annotators [32].

7.7. Analytical Data Aggregation

Following evaluation of all responses by annotators,
aggregate scores of the evaluative scores were statistically
derived from the annotators' evaluations using a systematic
method to identify trends of interpretation and to display
interpreters' consistency and variation. The aggregation
process, as a statistical procedure, converts evaluative
judgments from an individual level to a quantifiable measure
of the extent to which the model demonstrates its typical
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analytical behaviors on all dimensions. Furthermore,
measures the degree of the model's stable analytical behaviors
across tasks (standard deviation), and uses the minimum and
maximum values to establish the full scope of analytical
behaviors exhibited by the model. The aggregation process
provides the basis of data upon which the model's subsequent
interpretive and comparative analyses will be developed, and
is consistent with current practices in computational
humanities research and large-scale data modeling approaches
[33]. The study demonstrated that an identical and measurable
performance pattern existed throughout all five evaluation
criteria described in the research design for the systematic
review of the output provided with annotations. The empirical
results clearly indicated that the LLM, operating within the
strict constraints of a text-based environment, demonstrated a
strong ability to process language and structure, and to
maintain coherence as well as stylistic precision, but showed
more modest ability in higher-order interpretive reasoning. In
addition to providing a comprehensive understanding of the
model's reliability, both quantitatively and qualitatively, the
results also clarified the boundaries of the model's interpretive
abilities.

8. Results and Analysis

This section will provide a thorough evaluation of the
model’s analytical capabilities under the limitations of the
prior-stated ground conditions. A first step in evaluating the
model is the presentation of quantifiable scores of all five of
the reliability metrics to show overall trends of these metrics.
In addition to the quantitative analysis, a qualitative evaluation
will be made to highlight strengths, weaknesses, and common
error types of the model. Overall, the results of this section
will provide a comprehensive view of the model's ability to
create valid interpretations of literature from text.

8.1. Quantitative Performance Profile

In order to provide a global evaluation of the model’s
performance with respect to each element of the rubric, Table
3 presents the aggregated evaluative scores from the rubric in
terms of mean, standard deviation, and score range. The data
indicate that the model demonstrates consistent performance
levels for almost all elements of the rubric. These results are
indicative of the observed performance profile of the
ChatGPT-5.2 model when evaluated using the Grounded-
Evidence Protocol.

Table 3. Aggregate performance scores across reliability dimensions

Dimension Mean SD Min | Max
Textual Fidelity 4.30 042 | 3.40 | 4.90
Accuracy 4.10 051 | 3.20 | 4.80
Analytical Depth 3.95 047 | 3.10 | 4.60
Coherence 4.50 0.36 | 3.80 | 4.90
Linguistic Quality 4.58 0.30 | 4.00 | 4.90
Overall Score 4.19 — — —
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8.2. Dimension-wise Interpretation of Results

Quantitative results demonstrated that the model
performed well overall when using the Grounded-Evidence
protocol. However, the distribution of quantitative results
across each of the five dimensions reveals significant
differences in both the models' interpretive strengths and
limitations. Textual fidelity (Grounding). Overall, the model
had a high textual fidelity with an average of 4.30. This
indicates that most of the model's interpretative claims are
related to the actual quotes from the novel, and the evidence
linking requirement has successfully constrained the model's
tendency to produce un-traceable interpretation. However,
some decreases in textual fidelity were noted when the
narrative was written in metaphors or ambiguous words.

Overall accuracy. The model's overall accuracy score was
4.10, which represents a general correctness in identifying
events, situational contexts, and relationships among
characters; errors occurred mostly because of slight
interpretations from the passages, which made the quotations
relevant to the passage, but not sufficient to support the level
of the claim. Therefore, this type of grounding has been shown
to be effective in reducing the occurrence of factual
hallucinations; it is still possible for the model to make overly
generalized inferences.

Analytical Depth. Analytical Depth had the lowest mean
rating (3.95) and indicates that the model’s ability to produce
rich interpretations of the input material was average relative
to the model's overall strengths. The model demonstrated a
consistent ability to generate coherent and contextually
grounded descriptions; however, the model did not
demonstrate the same level of consistency when producing
deeper symbolic, thematic, or culturally embedded
interpretations of the input material. This limitation is
consistent with the general trend of LLMs to favor fluency and
structural coherence over abstract conceptual synthesis.
Coherence. Coherence demonstrated the best overall mean
score (4.50) as it was evident The model produced a consistent
flow of argument with good organization to each response.
Although many responses did include some unsupported
claims as to their interpretation, they still provided a logical
sequence of thought for the most part. In addition to being able
to produce academically-styled writing, this ability to create
well-structured explanatory writing is also another example of
the model's ability to create long-form writing. Linguistic
Quality. High Linguistic Quality was found to be the highest
average score (4.58). The data indicates that this model is
capable of producing well-written, coherent texts with a
formal tone, which is consistent with previous research that
identifies this as a major area of strength for the model.
Although high-quality language can create the impression of
a good interpretation, it does not guarantee that the
interpretation is correct. Therefore, it is just as important to
evaluate how well the evidence aligns with the interpretation,
along with how fluent the language is.
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8.3. Interpretation of Quantitative Findings

Numerical results demonstrate that Coherence and
Linguistic Quality have the greatest mean value, as these are
two key components in assessing the models' ability to
understand how academic articles use Rhetorical Structure
and academic writing styles. These results suggest that the
model is able to consistently produce well-formatted
responses and responses written in an appropriate style for a
particular discipline, in addition to being highly fluent in
language, as it has been trained on large-scale corpora.

Similarly, Textual Fidelity and Accuracy show an equally
good quality of answer, which indicates the effectiveness of
the grounding protocol in keeping the model's interpretative
claims grounded to the actual textual evidence. However,
although there are only small gaps between these two
measurements, there are also instances when the model would
use quotes that relate to but do not completely support the
model's interpretative claims.

In contrast to this finding, Analytical Depth was found to
have a significantly lower score than the other dimensions,
indicating that the model has inherent limitations in areas such

as abstract reasoning, symbolic reading, and thematic
synthesis. The model is exceptional at descriptive analysis and
at using structural analysis to support its descriptions;
however, it does not go beyond the middle-level of conceptual
interpretation, as has been reported by recent research
concerning the relationship between fluency and interpretative
richness.

Ultimately, the model is identified as an exceptionally
linguistically competent system that is capable of generating
well-supported, coherent literary analyses that are clearly
grounded. However, it is also clear from these results that the
model has a defined limit in terms of its ability for deeper
interpretive reasoning.

8.4. Visualization of Reliability Dimensions

In order to provide a clear view of how well the model
performed on the five evaluation criteria, linguistic, structural,
and interpretive a graphical illustration of how the model
performed on each of these evaluation criteria can be seen in
Figure 1. Figure 1 shows how well the model has done on each
of the three categories of analytical ability as compared to
others.

Textual Fidelity
4.6

44
&7
4
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3.

Linguistic Quality

/
Coherence

Accuracy
/

Analytical Depth

Fig. 1 Average scores across reliability dimensions

Figure 1 shows that the model had the most stable scores
in both Coherence and Linguistic Quality, as it has
consistently demonstrated a high level of rhetorical clarity and
stylistic control.

The model's Textual Fidelity and accuracy are at middle
range levels of stability, while the Analytical Depth dimension
had the least amount of stable variance and indicates that the
model is less capable of producing a high degree of conceptual
richness/abstraction in the interpretation of texts.

In general, this figure illustrates a strong linguistic
fluency combined with an interpretive capacity of moderate
levels.
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8.5. Distribution of Error Types

Incorrect or weakly supported output was examined to
identify four types of recurrent errors: unsupported
interpretative statements, insufficient quotes, hallucinations of
symbolic reading, and incoherent structure. These error
patterns were used to interpret low-scoring outputs and
explain variance across rubric dimensions. The relative
distribution of these errors is illustrated by Figure 2. Figure 2
shows the proportionate amounts for the most frequent
recurrent errors for four error types: unsupported claims
(38%), missing quotation (27%), hallucinations of symbolism
(22%), and structural issues (13%). The numbers are
representative of how much each one has contributed to the
total number of errors in the reliability report.
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= Unsupported Claims

Hallucinated Symbolism

= Missing Quotations

Structural Issues

Fig. 2 Distribution of error types in model outputs

8.6. Qualitative Error Patterns

A qualitative review of low-scoring outputs reveals that
errors were not random but clustered around a small set of
recurrent patterns. These patterns reflect points where
interpretive demands exceeded what could be reliably
supported through direct textual grounding.

Unsupported interpretive claims. In some cases, the
model produced interpretive statements that were plausible
but not verifiable through the quotations provided. This
typically occurred when the narrative context was emotionally
suggestive but did not explicitly state the thematic conclusion
drawn by the model.

Missing or insufficient quotation support. A second
frequent pattern was the use of quotations that were related to
the passage but too general to support the specific interpretive
claim. This indicates that the model can select relevant text but
does not always establish a precise evidence-to-claim

mapping.

The Model's tendency to create Symbolic interpretations
of passages rich in metaphors that are outside the limits of the
passage, as well as its tendency to generate readings that lack
textual evidence to support the symbolic interpretation of such
passages, is an example of hallucinated symbolic
interpretation.

Although structural incoherence was observed in only a
few instances, it occurred with greater frequency when the
model was asked to synthesize multiple narrative layers which
resulted in an output that lacked logical order and had become
more descriptive rather than analytical in nature.
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8.7. Qualitative Characteristics of Interpretive Output

The ability of the model to provide an interpretive
assessment of narrative may also be demonstrated by a
detailed examination of how the model interprets the narrative
from generated responses. When the model has available
cueing for narrative, it consistently provides coherent and
detailed interpretations of those cues. It is possible that this
occurs as a result of the cues in the input providing the model
with clearly definable textual signals upon which it can base
its analysis. Furthermore, based on responses where there is a
cohesive rhetorical structure, the use of specific terms in
response, and proper use of formal academic language, the
model demonstrates a strong level of consistency in its
performance in the areas of both linguistic and organizational
skills.

However, the model loses its consistency of output in
sections where the model requires symbolic inference,
abstract interpretation, or cultural interpretation of symbols
within a text. The model usually produces responses that
reflect superficial depth, rather than conceptual depth.
Furthermore, the model will sometimes extend the
interpretation of the text beyond the narrative support
available, generating responses that are coherent in their
structure but are ungrounded in the original text in terms of
content.

8.8. Application of the Reliability Framework to Model
Outputs

A representative passage from "iiaall dala ™ was
selected for a detailed analysis to show how the model works
in action. The micro-analysis also demonstrates the
connection between the model's analytical behavior and the
quantitative results provided above.
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8.8.1. Selected Passage
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This example is a useful test of how well the model can
represent the complexity of this passage, where there are
expressions of emotional compression, of inner tension, and
of symbolic juxtaposition between a person's silent or outer
expression and their internal eruptions. This passage makes an
excellent test case to assess the model's interpretive capacity.

8.8.2. Model-Generated Interpretation
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ory el (84558 A ) alihy 2o liali Laiy catlia gliad ) oo lal)
O L i) e iy Jals i ) el o 1 LI G
" Al Al 8 adalall () 3l sl AiLia

8.8.3. Evaluation of the Output

The answer has a strong similarity to the textual cues provided
in the prompt, therefore, indicating strong faithfulness to the cues
along with a correct identification of the overall narrative tone/mood.
The answer also presents a well-organized answer and possesses a
high level of linguistic quality that is consistent with the best features
of the model. The answer is primarily descriptive in nature and does
not demonstrate deep analysis of concepts; this represents the mid-
range analysis demonstrated by the model. While the answer was
reasonable and contextually appropriate, it did not extend beyond
simple symbolic or psychological theoretical interpretations; these
are representative of the models' general tendency to interpret.

8.9. Consolidated Assessment

The combination of the qualitative and quantitative data
from the study above demonstrates that this model possesses
several positive characteristics as an analytical tool. The
model is able to clearly articulate its thoughts through
language, maintain a coherent structure and organizational
framework to support its assertions, and utilize empirical
evidence to substantiate what it states.

The model produces output that is almost always
supported by evidence, written well, and in an appropriate
style, making it a useful tool for developing initial comments
about literature. However, the model's inability to develop
deeper connections between symbols and theories for higher-
level interpretations of literature further demonstrates the need
for human critical thinking in interpreting literature at the
highest levels.

A reliability rating of 4.19/5 illustrates this duality of a
tool that performs well within established boundaries and
limitations defined explicitly through written boundaries;
however, it does so without the ability to provide sophisticated
interpretations of data. These research findings further
enhance the growing body of literature regarding the use of
LLMs as analytical tools versus replacement tools for human
literary judgment, particularly in culturally rich symbolic
environments that have complex narrative structures.
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9. Discussion

This study offers a deeper understanding of a current large
language model's reaction to the interpretive demands of
Arabic literature presented in a narrative structure when it
operates exclusively as a text-based entity. The study
demonstrates through both quantitative and qualitative
assessment methods the analytical tendencies, the structural
strengths

Moreover, limitations of the model, this data will be
useful for a broader scholarly discourse on the reliability of
large language models, how well they are grounded in texts,
and whether or not they can interpret literary works through
computational means.

9.1. Reliability and Grounded Reasoning Under Textual
Constraints

The strongest evidence from this evaluation is that the
model has demonstrated an excellent ability to stay grounded
in its textual data. The high scores for both textual fidelity and
accuracy show that the model was able to follow the pathways
it was allowed in the Grounded-Evidence Protocol, which
significantly limited the model's ability to produce
unsubstantiated claims. This is vastly different than many
documented examples of the tendency for models to
hallucinate when generating content without boundaries or
constraints on their inferential processes. Although the narrow
difference between fidelity and accuracy indicates that there
are still elements of interpretive drift present even after the
model was strictly grounded in the text, it also shows that
textual grounding will not eliminate all forms of interpretive
drift. In some instances, the model chose quotes that were
relevant in the context, and these represent a larger trend seen
in recent literature: LLMs are very capable of finding
contextualized linguistic information; however, they continue
to have difficulty establishing direct logical relationships
between evidence and argument.

9.2. The Linguistic Advantage: Fluency Without Depth

While the high scores for both Coherence and Linguistic
Quality suggest that the model's ability to organize its
responses in a way that appears to be coherent, as well as its
grammatically correct writing skills, are extremely strong, this
linguistic proficiency provides it with the ability to present
very complex-sounding analyses, which may actually be
lacking in depth.

A fundamental aspect of understanding the nature of the
model's analysis, therefore, is the tension between its
articulate presentation and its often superficially developed
content. In spite of being highly fluent in presenting its views,
the model has been shown to have difficulty delving into the
deeper symbolic, thematic, or cultural aspects of material. The
results here provide evidence of an increasingly accepted view
among researchers that many LLMs demonstrate analytical
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mimicry, producing highly polished language and structure
while at the same time providing a limited basis for developing
abstract theoretical frameworks.

9.3. Interpretive Ceiling in Tasks Requiring Conceptual
Abstraction

Analytical Depth is a low score for the model, which
shows how much interpretative there is for the model. The
majority of literary criticism involves more than just
describing the literal content of a work, as it involves
discovering metaphoric relationships, ideological undertones,
and psychological complexities that are found below the
surface level of what was literally written. Therefore, this type
of interpretation will require some form of conceptual
synthesis as opposed to simply extracting from the text.

While the model performed very well in identifying
explicit aspects of a story's narrative, its performance drops
off significantly when identifying and interpreting those parts
of a story that are unclear, symbolic, and allusively based. As
such, the model seems to be inclined to generalize and to make
too wide an interpretation of a passage, lacking a specific
theory-based understanding. The limitations of this
interpretation are based on the well-known limits of ChatGPT-
5.2's architecture as a tool for cognition, namely, in using
symbolic abstraction to reason culturally. Similar to many
other high-cognitive areas of knowledge, LLMs do very well
at performing recognition-type tasks; however, they tend to
perform poorly at abstracting and synthesizing information.

9.4. Error Patterns as Indicators of Interpretive Stress

The four most common kinds of errors, including
unsupported claims, quotes that do not support a claim well
enough, hallucinations involving symbolism, and structural
incoherence, provide an important way to identify the points
where the model's reasoning is becoming strained. The first
two categories reflect a struggle by the model to perform
deeper analysis when the model has little in terms of textual
cues. The third category reflects the tension created for the
model between producing fluent text and faithfully
interpreting the source material. The fourth category, although
the least frequently occurring, represents instances where the
model attempts to synthesize a coherent narrative from
conflicting or opaque narrative cues. Together, these four
categories illustrate that the model's interpretive limitations do
not occur randomly; rather, they occur systematically as the
cognitive demands of abstracting far exceed the model's
ability to process them reliably.

9.5. Implications for Computational Literary Analysis

This study disputes the idea that LLMs are capable of doing
independent literary interpretation at a high level. The study
finds that the LLM can complete many tasks that are
structurally explicit and also has an advantage because of its
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ability to use formal, academic writing; however, the study
found that there is a clear limit to how well the model can
perform when completing tasks that require original thought,
cultural understanding, and symbolic reasoning.

Nonetheless, this does not reduce the model's usefulness
in educational settings for supporting student learning with
preliminary analysis, thematic mapping, or simply by
providing students with comments about a piece of literature
that are grounded in the text itself. However, relying on this
model for making claims about the meanings of texts remains
too early to consider.

From a baseline perspective, while this study does not
position the LLM as a replacement for expert literary
criticism, the rubric dimensions provide an implicit reference
to human baseline expectations. In particular, expert human
analysis would be expected to achieve near-ceiling
performance in analytical depth and cultural interpretation,
while LLM outputs are primarily evaluated for evidence-
grounded reliability and coherence. Therefore, the benchmark
is designed to measure consistency and faithfulness under
constraints rather than outperforming human interpretive
judgment.

9.6. Positioning the Model Within Broader LLM Evaluation
Practices

While the performance of this model aligns with many
other LLMs across domains, the pattern observed across all
domains is a robust linguistic structure; however, the model
lacks the depth needed in reasoning-based tasks. The
reliability score of 4.19/5 demonstrates this model to be an
effective interpreter under constraint, but still bound by the
inference constraints seen in models of this generation.

Additionally, the grounding protocol demonstrates its
significance in controlling hallucinations and maintaining the
quality of outputs, thus showing the need for a controlled
environment for reliable interpretive performance.

9.7. Overall Synthesis

The data as a whole demonstrates that LLMs are able to
perform well-structured literary analysis, which is linked to
textual information, but also shows an ability for the LLMs to
do this with a significant degree of coherence, linguistic
precision, and adherence to evidence; however, the inability
of LLMs to understand abstract ideas, to symbolize concepts,
and to place cultural context within the framework of analysis
demonstrates the ongoing necessity of human interpretative
judgments. Ultimately, the research supports a model of
collaboration between humans and computers: while LLMs
produce high-quality, coherent, linguistically precise, and
rhetorically grounded analyses, they cannot provide the depth
of knowledge or the contextualized conceptualizations that are
characteristic of professional literary interpreters.
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10. Conclusion interpretations and/or superficial interpretations. Overall,
This study presents a SystematiC, empirica”y grounded these results Support the notion that LLMs can be used for
evaluation of a contemporary Large Language Model’s ability ~ Dasic literary analytical functions but that they should not
to conduct text-bound literary analysis of an Arabic narrative. ~ replace expert human interpretation in more complex,
Using a controlled grounding protocol and a multi- advanced forms of literary interpretation. The study
dimensional reliability rubric, it offers one of the earliest ~ emphasizes the need for rigorous methodology and critical
structured assessments of LLM interpretive behavior in  oversight of Al- assisted humanities research, and suggests
Arabic literary criticism. The results showed that the use of ~ that future research on the use of LLMs in analyzing Arabic
explicit textual signals was effective in supporting high levels literature could include comparative and genre-based analyses
of linguistic fluency, structural coherence, and evidence-based ~ Of how LLMs engage with various aspects of the complexity
reasoning; however, the grounding protocol was effective in ~ Of Arabic literature.
controlling the frequency of hallucinatory responses. In
contrast, the tasks that were designed to assess symbolic ~ Conflicts of Interest
inference, cultural contextualization, and theoretical The authors declare that there is no conflict of interest
abstraction consistently yielded a limited number of  regarding the publication of this paper.
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