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Abstract

Digital humanities increasingly use computational tools to analyze large literary
corpora, yet low-resource, right-to-left languages like Urdu remain underserved,
thereby, hindering research on culturally rich genres such as Marsiya, South Asia’s
elegiac poetry tradition. Named-entity recognition (NER) in Marsiya involves spe-
cific challenges that existing methods either ignore the genre or depend on costly
manual annotation, limiting digital humanities research in the Global South. To
address this, we present QaLLM, an end-to-end framework leveraging large lan-
guage models (LLMs) for Urdu Marsiya NER with a human-in-the-loop validation
stage. We conduct empirical analysis comparing multiple state-of-the-art LLMs and
prompting configurations, and employ an LLM-as-a-Judge strategy using independent
models to evaluate tagging quality. Results show that LLMs can serve as reliable
first-pass annotators and reviewers, enabling efficient tagging and validation. Our
contributions include — (i) the first publicly available Urdu Marsiya NER dataset,
(ii) an open, reproducible methodology for low-resource, right-to-left NER with
human and LLM-based validation, and (iii) an extensive comparative evaluation of
LLMs and prompting strategies. The framework generalizes to other low-resource,
complex-script languages, supporting reproducible digital scholarship and inclusive
computational analysis of global literary heritage.

Keywords: Named Entity Recognition, Elegies, Large Language Model, Dataset
Annotation, Digital Humanities

1 Introduction
Digital humanities scholarship has increasingly used advanced computational text-analysis
methods to extract patterns and meanings in large corpora that are prohibitively labour-
intensive and expensive to examine by hand. In computational text analysis, named-entity
recognition (NER) is a crucial task in semantic text analysis and semantic parsing [12]
that allows identifying and classifying mentions of people, places, organizations, and other
semantically salient entities. NER enables scholars to reconstruct networks of influence,
chart geographies of discourse, and surface intertextual references across vast collections.
Reliable NER pipelines have created interpretive and data-driven studies in literary his-
tory, cultural geography, and intellectual networks [8; 24]. However, most of these suc-
cesses have centered on high-resource European languages, specifically modern English,
which benefits from abundant annotated corpora, off-the-shelf tools, and community stan-
dards. As digital humanists seek to broaden the scope of inquiry and extend computation
methods to non-European literatures, low-resource languages pose a key challenge: the
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lack of labeled datasets to train computational tools. Limited data undermines tool per-
formance, while script-specific challenges, such as bidirectionality and context-sensitive to-
kenization, increase the difficulty of adapting existing pipelines to low-resource languages
with their syntactic and semantic rules.

Urdu Marsiya is elegiac poetry commemorating the tragedy of Karbala that holds a
central place in South Asian Shia devotional literature; with its rhetorical devices such as
repetition and contrast, archaic lexical choices, and dense allusions to religious and histor-
ical narratives, it functions both as a living ritual medium and a rich archive of cultural
memory. However, its unique blend of Persian and Arabic borrowings, specialized religious
terminology, and right-to-left script makes it difficult for standard NER models-trained
on modern newswire or everyday prose-to correctly recognize and classify its names and
terms. Moreover, despite Marsiya’s importance for scholars of South Asian literature,
religious studies, and performance anthropology, no publicly available, machine-readable
NER corpus exists for this genre. As a result, digital-text-analytics projects either ignore
Marsiya texts altogether or rely solely on human annotation-an approach that, while ac-
curate, is prohibitively time-consuming and difficult to scale beyond small samples. Urdu
remains in a family of low-resource languages that lack the availability of machine-readable
texts and gold-standard, annotated datasets for core NLP tasks (e.g., NER, part-of-speech
tagging). Right-to-left scripts introduce further technical barriers, such as many tokeniza-
tion libraries assume left-to-right directionality, leading to misaligned character encoding,
improper word boundaries, and degraded model performance. Even where Urdu NER cor-
pora exist, existing works have primarily focused on newswire or social-media genres [2; 3],
leaving domain-specific entities-such as sacred sites (e.g., “Imambara,” “Dargah”), histor-
ical personages (e.g., “Imam Husayn,” “Zainab bint Ali”), and ritual terms (e.g., “Majlis,”
“Noha”)-poorly represented or absent. Off-the-shelf models thus struggle to recognize
and correctly classify the full range of entities that matter for Marsiya studies. Further,
the poetic and often archaizing registers of classical Marsiya employ morphological inflec-
tions and honorifics that do not appear in contemporary corpora, increasing the OOV
(out-of-vocabulary) issues.

Though capable of high inter-annotator agreement, traditional manual annotation
workflows require extensive scholar time and domain expertise, a bottleneck for projects
aiming to assemble large-scale corpora. Conversely, fully automated pipelines promise
rapid processing but risk introducing systematic biases and errors that, unchecked, could
lead scholars astray in quantitative analyses. Neither extreme, fully manual nor fully
automated, adequately balances the crucial imperatives of scale and quality, especially
for a genre as nuanced and culturally significant as Urdu Marsiya. Therefore, our paper
proposes a hybrid approach that leverages the linguistic knowledge embedded in large
language models (LLMs) while retaining expert human oversight through an efficient
validation interface. By automatically pre-tagging entity spans, confidence scores, and
justifications for the tagged entity with an LLM and then directing human annotators’
attention to low-confidence or novel cases, we aim to reduce manual effort without sacri-
ficing annotation quality. This human-in-the-loop paradigm aims to achieve faster corpus
expansion and the consistency required for rigorous digital-humanities research. Beyond
the immediate benefits for Marsiya scholarship, our project is a blueprint for extending
DH methodologies into other low-resource, right-to-left literary domains, such as classical
Persian poetry, Ottoman archival records, or Arabic philosophical texts. By documenting
best practices for dataset curation, prompt engineering, and collaborative evaluation, we
seek to equip scholars working on under-studied traditions with the tools and workflows
necessary to bring their corpora into computational analysis pipelines.
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Concretely, in our work, we curated a representative corpus of Urdu Marsiya drawn
from the canonical 19th-century poet Mir Anees. Annotation guidelines define a schema of
six primary entity types: Person, Location, Organization, Date, Time, and Designation.
Our automated pipeline uses existing state-of-the-art LLMs from OpenAI,1 DeepSeek,2
and Anthropic Claude.3 We apply several prompting strategies from general language-
agnostic NER prompting to strategies tailored to Urdu script and Marsiya’s genre conven-
tions. Prompt templates provide a brief genre context and explicit instructions for span
extraction, followed by in-prompt examples from the annotated corpus. Output pars-
ing routines convert the LLM’s textual response into BIO-tag sequences compatible with
standard NER evaluation tools [17]. We design a lightweight web interface that visualizes
model predictions alongside NER tag confidence scores. Annotators can quickly accept
high-confidence tags, edit or delete uncertain extractions, and add missing entities. Each
correction is logged to provide feedback for iterative prompt refinement and potential
model fine-tuning. Finally, to provide an immediate validation to the human annotator,
we have incorporated the LLM-as-a-judge method where multiple LLMs independently
critique model outputs by evaluating predicted entities based on a well-defined criteria,
offering categorical judgments (Correct, Partial, Incorrect) and rationale. Aggregating
these judgments yields an alternate performance profile that we assess for alignment with
human evaluation, exploring both the promise and limitations of automated judgment.

In order to evaluate our framework, we focus on the following research questions —

[RQ1] How accurately can a state-of-the-art LLM perform NER on Urdu Marsiya relative
to expert human annotation?

[RQ2] How do different prompting strategies affect the LLMs performance?

[RQ3] How does the LLM-as-a-judge approach compare to human validation and judg-
ment?

The remainder of this paper is structured as follows: In Section 2, we elaborate on the
literature related to our work. Section 3 presents our end-to-end NER framework and all
its components. We evaluate the performance of our framework in Section 4. We discuss
our results and threats to the validity of our work in Section. 5. We conclude our paper
with future work in Section. 6. All code covering data ingestion, prompt generation,
annotation interface, and evaluation scripts is released under a permissive open-source
license.4

2 Related Work
In the following, we provide relevant literature to our work and the background that forms
the basis of our pipeline and subsequent evaluation of our framework. First, we discuss
NER in DH in general and for low-resource languages. Next, we discuss domain-specific
NER. After that, we discuss the human-in-the-loop annotation works. Then we discuss
using pretrained language models in the literature for NER. Finally, we elaborate a bit on
LLM-as-a-Judge evaluation strategies used in the literature.
1 https://chat.openai.com/
2 https://chat.deepseek.com/
3 https://claude.ai/
4 https://github.com/junaidiiith/urdu-marsiya-ner-annotator
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2.1 Named-Entity Recognition in Digital Humanities
Large-scale NER has become a fundamental tool in digital humanities for uncovering so-
cial, geographic, and intertextual linkages within literary and historical corpora. Ehrmann
et al. (2021) survey the challenges of applying NER to historical documents, evolving or-
thography, and domain-specific vocabulary, and review existing resources and approaches
in the humanities context [7]. More recently, Weijers and Bloem (2025) evaluate several
mainstream NER systems (e.g., spaCy, 5 Stanford CoreNLP 6) on 20th-century philosophi-
cal texts, demonstrating that off-the-shelf models frequently miss or misclassify specialized
entity types, thereby underscoring the need for custom annotation and modeling workflows
in DH projects [23].

2.2 NER for Low-Resource and Right-to-Left Languages
Urdu NER has progressed from feature-based statistical models to neural architectures.
Kanwal et al. [11] introduced the MK-PUCIT corpus, experimenting with Word2Vec [15],
fastText [10], and RNNs. Subsequent work integrated subword embeddings (Floret) with
BiLSTM, GRU, and CRF models [4], while attention-based BiLSTM-CRF approaches
improved entity focus [21]. UNER-II further expanded corpus coverage using contextual
augmentation [20]. In Arabic, the Wojood corpus [9] achieved high-quality nested an-
notation (micro-F1 = 0.884) using AraBERT. For Shahmukhi-script Punjabi, contextual
embeddings and transfer learning improved performance [19], and multimodal Urdu NER
benchmarks (U-MNER) aligned visual and textual cues for right-to-left languages [1].

2.3 Domain-Specific NER in Literary Studies
Domain adaptation studies highlight that genre and period profoundly influence NER
performance. Weijers and Bloem’s (2025) work on philosophical texts reveals frequent
misclassifications of specialized person and concept names-issues that likely parallel the
challenges of archaic, allusive vocabulary in Marsiya poetry [23]). Although NER for
poetry remains under-explored, studies of domain-specific NER in other literary genres
(e.g., classical Persian) suggest that tailored annotation schemas and models are essential
for capturing genre-specific entities.

2.4 Human-in-the-Loop Annotation
Interactive annotation tools combine automation with expert oversight to accelerate corpus
creation. Brat [18] supports text-bound annotations and has inspired enhanced systems
such as Markup [6], which employs active learning, and SciAnnotate [14], which integrates
weak-label sources for efficiency gains. NeuroNER [5] links annotation, model training,
and prediction, illustrating how human-in-the-loop design sustains both speed and quality
in NER workflows.

2.5 Pretrained and LLM-based NER
Transformer architectures [22] revolutionized low-resource NER through cross-lingual
transfer and few-shot prompting. Surveys such as Keraghel et al. [12] highlight how
reinforcement-learning fine-tuning and graph neural networks enhance label consistency
across heterogeneous corpora. Collectively, these studies demonstrate that pretrained
LLMs can generalize well to new domains when appropriately prompted or adapted.
5 http://spacy.io/
6 https://techfinder.stanford.edu/technology/stanford-corenlp
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Figure 1: QaLLM Framework: A High Level Overview

2.6 LLM-as-a-Judge Evaluation
LLM-based evaluators provide scalable alternatives to human assessment. Best-practice
overviews [13; 16] and industry guidelines (Evidently AI7) document design strategies,
bias risks, and reliability metrics. Recent studies [13; 16] show strong alignment between
LLM judgments and human annotations, supporting the viability of LLM-as-a-Judge for
large-scale, reproducible evaluation.

2.7 Synopsis
Based on the literature, we note a gap in the literature for supporting NER in low-
resource languages; however, substantial, promising work has been done to bridge this gap.
Pretrained language models like LLMs have shown promising results, and LLM-as-a-judge
has also proven useful in demonstrating alignment with human annotations in open-ended
benchmarks. Based on our literature review, we developed our LLM-based NER pipeline,
i.e., QaLLM, and augmented the framework with an LLM-as-a-judge evaluation package.

3 QaLLM Framework
In the following, we elaborate on the end-to-end QaLLM framework as shown in the Fig-
ure. 1. Machine Readable Corpus Generation details the extraction of Urdu Marsiya texts,
OCR processing, and normalization steps required to prepare a clean digital corpus. An-
notation Schema and Guidelines defines the entity ontology, model selection process, and
prompt engineering strategy used to fine-tune LLM-based tagging. Human-in-the-Loop
Annotation Interface describes the design of the annotation platform that enables collab-
orative expert review and justification logging. LLM-as-a-Judge Evaluation Framework
introduces the multi-LLM evaluation mechanism used to assess the correctness of entity
tags. Finally, Data Export and Tool Accessibility explains how the annotated datasets
and associated resources are serialized, versioned, and made publicly available for reuse
and extension.

3.1 Machine Readable Corpus Generation
In the following, we elaborate on the corpus generation from a dataset of Urdu elegies.
7 https://www.evidentlyai.com/llm-guide/llm-as-a-judge
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OCR Text Extraction. We began by extracting 242 Urdu Marsiya texts by the nineteenth-
century poet Mir Anees from the eMarsiya online library8. The present corpus focuses
on Mir Anees, whose canonical Marsiya corpus offers rich linguistic diversity and stable
authorship. This controlled scope facilitates consistent evaluation; however, future itera-
tions will extend the corpus to include contemporaneous poets such as Mirza Dabeer and
later revivalists to assess genre-level generalization.

Since these texts exist only as scanned images, we applied Google’s Vision API9 for
optical character recognition (OCR) to produce machine-readable UTF-8 text files.
Extraction, Manual Inspection and Preprocessing. Many scanned images did not have
horizontally aligned text, but instead diagonally written text, which caused OCR to per-
form poorly. Moreover, given the low out-of-the-box accuracy of Urdu OCR, we involved
manual inspection and correction by expert annotators over two months. This labor-
intensive step ensured high-quality input for downstream processing and highlighted the
urgent need for improved OCR techniques for low-resource, right-to-left scripts.
Preprocessing and Normalization. The corrected text then passed through a multi-stage
cleaning pipeline as follows: i) Unicode Normalization (NFC): Standardize Nastaliq script
encoding to avoid spurious character variants. ii) Diacritic and Whitespace Cleanup:
Remove extraneous Arabic–Persian diacritics and fix OCR-induced spaces or line breaks.
iii) Segmentation: Split text into verses and lines using rule-based heuristics derived
from Marsiya’s metrical patterns. iv) Punctuation Normalization: Align Arabic–Persian
punctuation marks with Urdu typographic norms and v) Sentence Boundary Detection:
Combine rule-based token patterns with a small manually annotated corpus to accurately
delineate verse-level units for annotation.

3.2 Annotation Schema and Guidelines
Once we extracted and preprocessed the data, we needed to do human annotation that
would act as ground truth for evaluation. We defined seven primary entity classes that we
aimed to extract as named entities from the Urdu text. Table 1 formalizes the ontology
with definitions, examples, and edge-case guidance.
Model Selection and Prompt Engineering. We selected four closed-source and two open-
source LLMs. In case of closed source LLMs for LLM-based NER tagging, we used GPT4o,
GPT4o-mini, GPT4.1, GPT4.1-mini, and in case of open-sourced, we selected both the
most advanced versions of DeepSeek, namely, deepseek-chat and deepseek-reasoner. We
selected different LLMs from the same provider to evaluate the effect of different LLMs
from the same provider. Next, in order to further fine-tune LLM-based NER, we crafted
four different prompt types in increasing order of Urdu Marsiya-specific context detail and
complexity—

1. General Urdu NER Prompt: “Tag all named entities in this Urdu text.”

2. Genre Context Prompt: “Marsiya poetry often includes Karbala references-tag
names, places, and dates accordingly.”

3. Urdu-Script Context Prompt:

• Remind the model that Urdu runs right-to-left.

• Recognize Urdu–Persian loanwords (e.g., , �é �Ůȧ 
όǲ î �ύĜ �Ō�όʷ (Shoaib, Yazid)) as PER-
SON when they are names.

8 https://emarsiya.com/
9 https://cloud.google.com/vision/docs/ocr
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Table 1: Entity Ontology used in QaLLM with definitions, examples, and labeling notes.
Urdu examples include English glosses.

Entity Definition Urdu Example Notes

Person Named individual or mytho-
religious figure.

�ë �Ŵ ό̭ǥ �ë �όĸà ĕƽόȵ (Husayn ibn ʿAlī), �èĠ �Ⱦόȕðç �Ŭόȶ (Hazrat ʿAbbās)
Honorifics may attach ( �èĠ �Ⱦόȕ, î �ŬόǇ); if
honorific stands without a name and
denotes rank, prefer DESIGNATION.

Location Geographical or sacred place;
shrine/maqām; battle site.

ęĎ �ύĜŕόƞ (Karbala), ýِŏόŢ ýąόĶà �ë �Ŵ ό̭ǥ (Sanctu-
ary of Imam Husayn)

Shrine compounds treated as LOCA-
TION; if an institution (e.g., semi-
nary), see ORGANIZATION.

Organization Named institution, group, or body
(religious, educational, political).

ėٔǼïîόĶ ė �ŵ �ų �όěí (Religious seminary), ė �ŵόǇç �Ŭόȶ
�ëʥ �ʣ �όňà (Abbāsīya Anjuman)

Distinguish from sacred places
(LOCATION); prefer ORG when col-
lective/institutional identity is pri-
mary.

Date Calendar dates, months, commem-
orative days.

ýŏɳό̘ (Muḥarram), ðí ýŏɳό̘ (10th of
Muḥarram)

Lunar months and named obser-
vances are DATE.

Time Times of day/periods/durations. ŔِI ʉ �όœ ýç �Ŭόǁ (period of fasting), ŏɳόȿ (dawn) Archaic or poetic temporal expres-
sions map to TIME.

Designation Honorifics, titles, or epithets denot-
ing rank/status rather than iden-
tity.

îِ �ŬόǇ àîء I̫ 
όʆ (Master of Martyrs),
�ë �Ŵ �ŬόǒũٔʦόƯàĠ �źǃà (Commander of the Faith-

ful)

If attached to a specific name (ýąόĶà
ؑ�ë �Ŵ ό̭ǥ) and functioning as part of the

name, favor PERSON; standalone
epithets are DESIGNATION.

Number Cardinals/ordinals used as quanti-
ties.

ñ �ŹόƘç �όŰ (forty), àĠĪ �Ź �όě (third) Numeric tokens that are part of
dates should be DATE; otherwise
NUMBER.

• Correctly handle zero-width non-joiners used in Urdu compound words (e.g.,ēíç̪�ƍόȶà íũ �όʠ self-confidence) to prevent erroneous character joining during tok-
enization and tagging.

4. Marsiya-Specific Context Prompt:

• Identify Battle of Karbala participants (e.g., ,ðç �Ŭόȶ �é�Ů �Ϗį �ï (Abbas, Zaynab)) as
PERSON or LOCATION.

• Tag shrine compounds (e.g., ýِŏόŢ ýąόĶà �ë �Ŵ ό̭ǥ (Sanctuary of Imam Husayn)) as
LOCATION.

• Recognize poetic epithets (e.g., îِ �ŬόǇ àîء I̫ 
όʆ (Master of Martyrs)) as PERSON when
attached to a name, else as DESIGNATION.

• Tag archaic time expressions (e.g., ŔِI ʉ �όœ ýç �Ŭόǁ (period/hour of fasting)) as TIME.

• Treat religious month references (e.g., ,ýŏɳό̘ ŏ�Ȫόǡ (Muharram, Safar)) as DATE.

Each prompt includes a single in-prompt example and requests output in our JSON
schema:

[
{

"original": "<Urdu line>",
"tagged" : "<line with <LABEL>…</LABEL> spans>",
"translation": "<English translation>"

},
…

]

We initially tested paragraph-level inputs (5-10 lines) to provide broader context, but
LLMs frequently skipped or truncated lines due to token-limit and attention-decay effects,
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especially in right-to-left Urdu text. This led to missing entities and unstable span offsets.
Line-level segmentation produced more consistent BIO alignment and reproducible out-
puts, so we adopt it as the standard granularity for QaLLM. The line-level segmentation
does use a configurable number of contextual lines to provide relevant context to the LLM
for NER.
Output Parsing and Tag Conversion. Once we have the LLM output, the LLM’s JSON
response is parsed to extract bracketed spans and map them to token-level BIO tags aligned
with the original text. In the BIO tagging scheme for named-entity recognition (NER),
each token in a sentence is labeled as either B (Beginning), I (Inside), or O (Outside) of
an entity. A B-TAG label marks the first word of a multi-word entity (e.g., “B-PERSON”
for the first word of a person’s name), while I-TAG labels mark each subsequent word
inside that same entity (e.g., “I-PERSON” for the remaining words in the name). Tokens
that do not belong to any entity receive the O label. For example, in the sentence “Mir
Anees recited Marsiya,” the tokens would be tagged as “Mir B-PERSON,” “Anees I-
PERSON,” “recited O,” “Marsiya B-WORK_OF_ART.” This convention ensures that
entity boundaries and types are unambiguously encoded, making it straightforward to
train and evaluate NER models on sequence-labeling tasks. Using the LLM output’s
“tagged” field, we can generate the dataset in standardized BIO-format. We make the
manually curated dataset in BIO-format for researchers to use publicly available10.

3.3 Human-in-the-Loop Annotation Interface
We implemented a Streamlit11-based front end to make our annotation tool accessible to
users. The interface retrieves model-generated tags, displays them inline with the Urdu
Nastaliq script and in English, and saves the reviewed entities. Annotators navigate the
text one line at a time, with entities highlighted in distinct colors per class. For each high-
lighted span, users can accept, reject, modify its class, or add a missing tag. A keyboard-
driven review mode accelerates common actions, while tooltips provide definitions and
examples for each entity type. Furthermore, a justification for each entity is provided by
default from the LLM that can support the reviewer in accepting or rejecting the NER
tag. The user can update the justification, too, in case the reviewer disagrees with the jus-
tification. Our tool supports authentication; therefore, the work of one reviewer is stored
separately. Logging reviewer justification enables a rich log of reviewer decisions and ra-
tionale that can later be used to analyze inter-reviewer agreement or issues. Changes are
committed in real time.

3.4 LLM-as-a-Judge Evaluation Framework
To evaluate NER outputs, we deploy multiple LLMs as judges. We use Anthropic’s Claude
3.7, OpenAI’s GPT-4o, and GPT-4.1-mini for LLM-as-a-judge. LLMs are given an in-
struction prompt to judge an LLM-based NER-tagged sentence and are asked to judge
the correctness of the tag. Each judge classifies each entity as correct or incorrect, and
provides a rationale. In case of incorrectness, LLM provides an alternative entity. To
make the judgment strict, all the judges must agree on the tagged sentence so that the
NER tags can be judged correctly. However, this is a configurable parameter. The user
can put a threshold indicating, out of all the LLMs, how many LLMs need to agree for
the tags in the original sentence to be considered correct.
10 https://huggingface.co/datasets/junaidiiith/marsiya-ner-dataset
11 https://streamlit.io/
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Table 2: Comparison of entity counts between the human-annotated test set and the
corpus tagged by GPT-4.1-mini

Entity Type Total Human Unique Human Total LLM Unique LLM

NUMBER 237 125 2242 595
PERSON 2128 778 30321 5588
LOCATION 378 173 3307 830
TIME 226 118 1615 584
DESIGNATION 353 210 3705 1299
ORGANIZATION 50 40 453 208
DATE 78 51 596 249

Total 3450 1495 42239 9353

3.5 Data Export and Tool Accessibility
Annotated outputs are serialized in a structured JSON schema capturing token indices,
entity labels, confidence scores, and annotator decisions. For interoperability, we provide
an export utility that transforms JSON into Excel spreadsheets with separate sheets for
each document and aggregated metadata.

4 Evaluation
In this section, we present two complementary experiments designed to evaluate the per-
formance and scalability of the QaLLM framework: (1) a direct comparison of multiple
LLMs against a gold-standard, human-annotated Urdu Marsiya NER dataset, and (2) an
evaluation of a large, automatically tagged corpus using the LLM-as-a-Judge strategy to
approximate annotation quality at scale.

4.1 Experimental Setup
We curated and manually reviewed a gold-standard dataset containing 3,450 entity men-
tions (1,495 unique) from the Mir Anees Marsiya corpus. To complement this, we gen-
erated a large-scale machine-annotated version of the corpus using the best-performing
LLM–prompt configuration (GPT-4.1-mini with Marsiya-specific context). The resulting
corpus contains 42,239 total entity tags (9,353 unique). Table 2 summarizes entity dis-
tributions across both datasets, allowing a direct comparison between human and model-
generated annotations.

To assess annotation quality at scale, the LLM-tagged corpus is evaluated using the
LLM-as-a-Judge framework (Experiment 2), where multiple models independently assess
the correctness of each entity tag.

For quantitative evaluation, we compute metrics under two matching conditions:
• Exact match: both the text span and the entity label must coincide.
• Fuzzy match: the entity label must match even if the text span differs.

Precision, Recall, and F1 scores are calculated for both conditions to provide a compre-
hensive measure of NER performance.

4.2 Results
Experiment 1: LLM-based NER Performance We show the overall performance of the
different LLMs using their best-performing prompt in Table 3, that shows fuzzy-match
Precision, Recall, and F1 for each model. We see that GPT-4.1-mini achieves the highest
F1 (0.75), balancing strong Precision (0.74) and Recall (0.76). GPT-4.1 attains high Recall
(0.71) but suffers in Precision (0.48), indicating a tendency to over-tag. Deepseek vari-
ants trade off Precision and Recall more evenly, with deepseek-chat favoring Recall and
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Figure 2: Per-Entity QaLLM Performance against manually annotated dataset

deepseek-reasoner favoring Precision. Figure 2 breaks down F1 by entity type. All models
excel on PERSON (max F1 =0.83, GPT-4.1-mini) and struggle most on ORGANIZATION
(F1 ≤0.46) and DESIGNATION (F1 ≤0.43). PERSON and LOCATION are well learned
across LLMs, likely due to their prominence in training data and genre context. In con-
trast, rarer or domain-specific labels (ORGANIZATION, DESIGNATION) remain challeng-
ing, underscoring the need for targeted schema examples or fine-tuning on Marsiya-specific
glossaries.

LLM Precision Recall F1

deepseek-chat 0.60 0.68 0.63
deepseek-reasoner 0.67 0.62 0.64
GPT-4o 0.60 0.58 0.59
GPT-4o-mini 0.59 0.63 0.60
GPT-4.1 0.48 0.71 0.57
GPT-4.1-mini 0.74 0.76 0.75

Table 3: Fuzzy-match overall Precision, Recall, and F1 against human annotations.

We show the trend of LLM performance with different prompt types and LLMs in
Fig. 3a and Fig. 3b. The figure shows that for both exact- and fuzzy-match evaluations,
adding Marsiya-specific context to prompts consistently boosts all LLMs’ recall-and often
their precision-relative to more generic prompts, and the “mini” versions of GPT-4.1 out-
perform their full–size counterparts in balanced F1 performance. In contrast, the GPT-4o
family shows more mixed trends.

Moving from a generic “Tag all named entities” prompt to one mentioning Karbala
and Marsiya conventions causes a small precision drop (2–5 points) but a larger recall drop
(5–8 points exact, 4–6 fuzzy), as models adopt a more conservative stance when reminded
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of genre nuances. By contrast, upgrading from a Marsiya-context to a Marsiya-specific
prompt-explicitly citing shrine names, poetic epithets, and archaic time expressions-yields
dramatic improvements (e.g., GPT-4.1-mini gains +12 precision and +14 recall exact,
boosting F1 from 0̃.54 to 0̃.68; deepseek-chat/reasoner see +10 recall), showing that even
black-box models benefit from detailed domain cues. Finally, appending Urdu-script tips
(zero-width joiners, RTL reminders) delivers only marginal or negative returns (precision
–2–4points, recall flat), suggesting script-level hints can introduce span-boundary ambi-
guities without uncovering many new entities. In sum, carefully crafted, genre-aware
prompts are the most effective way to improve LLM-based NER on Urdu Marsiya. At the
same time, low-level script instructions add little and may conflict with a model’s internal
tokenization.

GPT-4.1-mini consistently outperforms its full-size model by a wide margin in
precision-up to 20 points higher across prompts-while matching or slightly exceeding
GPT-4.1’s recall under Marsiya-specific prompts. This suggests that the distilled “mini”
architecture retains robust entity-extraction abilities but is less prone to over-generation,
making it especially valuable when annotation quality is crucial. In contrast, the GPT-4o
family (both standard and mini) delivers only moderate results, with precision in the
40–55 percent range and recall between 45–60 percent under exact matching; their
fuzzy-match F1 tops out around 0.63 even with the best prompts, indicating limitations
in handling right-to-left scripts and domain-specific cues. The deepseek models occupy a
middle ground: deepseek-chat favors recall (approaching 0.69 exact under Marsiya-specific
prompts), whereas deepseek-reasoner leans toward precision (around 0.67), yielding bal-
anced F1 scores of 0.61–0.64 exact (0.67–0.69 fuzzy). Overall, GPT-4.1-mini strikes the
strongest precision–recall trade-off for automated pre-annotation. At the same time,
GPT-4o’s underperformance underscores that latest LLMs are not automatically best
suited for low-resource, right-to-left genres without targeted adaptation.

Across every model and prompt variant, fuzzy-match F1 scores exceed exact-match
by roughly 5–10 points. This highlights that span-boundary disagreements are a common
challenge when tagging dense, poetic text but often benign when labels themselves are cor-
rect. Crucially, the relative ranking of models remains stable between matching modes:
GPT-4.1-mini leads, deepseek models form a middle tier, and GPT-4o variants lag. This
consistency suggests that researchers can reliably use fuzzy-match metrics for comparative
evaluation, confident that they mirror exact-match trends while forgiving minor bound-
ary offsets. Nonetheless, final corpus validation should still include exact-match checks
on a human-reviewed subset to ensure that boundary precision meets rigorous quality
standards.
Experiment 2: LLM-as-a-Judge on the Full QaLLM Corpus

To scale our evaluation beyond the hand-annotated subset, we treated the GPT-4.1-
mini–tagged corpus (42,239 entity mentions) as a pseudo-gold standard and enlisted three
judge LLMs—Anthropic Claude 3.7 Sonnet, GPT-4o-mini, and GPT-4.1—to re-label every
span. We then computed fuzzy-match F1 (agreement) between each judge and the original
GPT-4.1-mini annotations.

The combined inter-judge agreement was 64.37%, meaning that all three LLMs con-
curred on roughly two-thirds of the annotations. Interestingly, this mirrors the model’s
average F1 (≈65%) against the human-annotated gold set (see Table 3). The convergence
of these two results, i.e., human vs. model and model vs. model—suggests that LLMs
exhibit similar patterns of confidence, disagreement, and boundary error as human an-
notators. In other words, the “noise profile’’ of LLM judgments approximates human
variability, supporting their use as scalable secondary evaluators in low-resource settings.
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(a) Fuzzy-match performance across prompt strategies.

(b) Exact-match performance across prompt strategies.

Figure 3: Comparison of LLM performance under different prompt configurations for
Urdu Marsiya NER. Both fuzzy- and exact-match evaluations show that domain-specific
prompts substantially improve tagging precision and recall across all models.

When asked to critique GPT-4.1-mini’s annotations on the full corpus, GPT-4o-mini
emerged as the most consistent judge (F1 = 0.78), followed by GPT-4.1 (0.74) and Claude
3.7 (0.58). Agreement patterns by entity type further reinforce the alignment between
LLM-judge and human evaluation. Both setups show high reliability for PERSON and
LOCATION, moderate stability for DESIGNATION, and poor consistency for ORGANIZA-
TION—the same trend observed in Table 3. This near-identical ranking of entity-level
difficulty across human and LLM evaluations provides quantitative evidence that the
LLM-as-a-Judge paradigm captures the same underlying judgment dynamics as human
annotators.

Drilling down by model, GPT-4o-mini excels on LOCATION (F1 ≈ 0.90) and PER-
SON (0.81) but underperforms on TIME (0.57) and ORGANIZATION (0.53), underscoring
its strong span recognition but weaker temporal sensitivity. GPT-4.1 achieves the highest
alignment on DESIGNATION (0.86), echoing its superior human-evaluated performance on
the same category. Claude 3.7 produces more uniform but lower-precision judgments, con-
sistent with its more conservative tagging tendencies. Collectively, these parallels suggest
that LLM judges reproduce human-like selectivity and bias—over-tagging common enti-
ties, under-detecting rare ones—thus validating their utility as cost-efficient, reproducible
proxies for human adjudication in large-scale annotation pipelines.
Responses to the research questions Based on the experiments reported above, we sum-
marize our findings as follows:
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Entity GPT-4o-mini GPT-4.1 Claude 3.7

DATE 0.63 0.67 0.51
PERSON 0.81 0.71 0.53
LOCATION 0.90 0.84 0.78
TIME 0.57 0.69 0.52
ORGANIZATION 0.53 0.51 0.30
DESIGNATION 0.72 0.86 0.73

Overall F1 0.78 0.74 0.58

Table 4: LLM-as-a-Judge fuzzy-match F1 against GPT-4.1-mini annotations.

[RQ1] Large language models can perform NER on Urdu Marsiya with accuracy ap-
proaching expert human annotation, achieving up to 0.75 F1 under fuzzy matching (GPT-
4.1-mini). This demonstrates that, when properly prompted, LLMs can serve as reliable
first-pass annotators even in low-resource, right-to-left literary domains.

[RQ2] Prompt design exerts a decisive influence on model performance. Domain-
specific prompts incorporating Marsiya-specific context (e.g., Karbala participants, shrine
compounds, archaic time expressions) significantly improved both precision and recall
across all LLMs, while script-level hints alone provided marginal benefit. This highlights
that contextual grounding, not merely linguistic cues, is key to effective NER in poetic
and historical texts.

[RQ3] The LLM-as-a-Judge evaluation closely mirrors human assessment patterns,
with similar overall F1 (≈65%) and identical entity-wise difficulty rankings (PERSON, LO-
CATION > DESIGNATION > ORGANIZATION). This indicates that LLM judges capture
the similar confidence and disagreement profiles observed in human annotation, validat-
ing their use as scalable, low-cost proxies for human adjudication in large-scale corpus
creation.

5 Discussion
The evaluation demonstrates that carefully prompted and domain-informed LLMs can
significantly enhance Named Entity Recognition (NER) performance in specialized liter-
ary domains like Urdu Marsiya poetry. GPT-4.1-mini notably excels, balancing precision
and recall effectively, underscoring the value of distilled models that avoid over-generation
issues common in their larger counterparts. Furthermore, the performance gain from de-
tailed Marsiya-specific prompts highlights the importance of incorporating deep cultural
and literary context in digital humanities (DH) research. These findings reveal that al-
though modern LLMs have impressive generalization capabilities, domain specificity-such
as poetic genres, historical context, and archaic language-remains a critical factor, neces-
sitating careful prompt engineering or targeted fine-tuning for optimal outcomes.

Applying LLM-as-a-judge to scale annotation validation exemplifies an impactful
methodology for DH projects facing limitations in human annotation resources. This
approach reduces human effort and introduces a systematic, reproducible method for
annotation verification. However, the variance in model agreement-particularly for am-
biguous entities like organizations and temporal expressions-highlights ongoing challenges
in automated NER for humanities texts. Future work should focus on creating clearer
schema definitions, leveraging ensemble models for enhanced accuracy, and developing
domain-specific fine-tuning datasets. Ultimately, such advancements will further establish
scalable, reliable computational methods integral to humanities scholarship, enabling
richer analytical insights across diverse linguistic and cultural corpora. By combin-
ing these insights, QaLLM can be tuned to maximize both throughput and accuracy,
providing a robust blueprint for low-resource, RTL literary NER.
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Humanistic Applications. Beyond methodological support, QaLLM can enable new hu-
manities research avenues using the named entities data like tracing how elegies invoke
familial or geographic networks surrounding Karbala, mapping shifts in devotional vocab-
ulary across poets, and studying how sacred space and lineage structure Urdu poetics.
These illustrate how computational annotation can deepen literary-historical inquiry.
Limitations. While QaLLM demonstrates strong potential, several limitations remain.
First, the corpus currently focuses on the works of a single poet (Mir Anees) which lim-
its generalizability across the broader Marsiya tradition. Second, the LLM-as-a-Judge
evaluation primarily measures precision rather than full recall, and while its agreement
trends mirror human judgment, a formal human–LLM correlation study on a larger subset
would strengthen validation. Third, cost and API constraints restricted systematic tun-
ing of open-source baselines, and differences in LLM tokenization for right-to-left scripts
may still introduce subtle boundary errors. These constraints define directions for future
refinement rather than fundamental limitations of the framework.

6 Conclusion and Future Work
In this paper, we introduced QaLLM, an end-to-end named-entity recognition frame-
work explicitly tailored for Urdu Marsiya, addressing significant challenges posed by low-
resource, right-to-left literary texts. Our hybrid approach leverages advanced large lan-
guage models (LLMs) augmented by human-in-the-loop validation and LLM-as-a-judge
evaluation, effectively balancing annotation quality and scalability. Through comprehen-
sive empirical evaluations, we demonstrated that domain-informed prompts significantly
enhance LLM performance, with GPT-4.1-mini emerging as particularly robust due to
its optimal precision–recall balance, and employing LLMs as scalable validation judges
showed promise, though also highlighted persistent ambiguities that necessitate clearer
annotation guidelines and ensemble strategies.

Our work advances Urdu literary scholarship by lowering barriers to computational
analysis of culturally significant texts. Future directions involve refining annotation
schema specificity, developing Marsiya-specific fine-tuned models, and expanding the
human–AI collaborative workflow to encompass additional low-resource literary tradi-
tions, enabling more inclusive, equitable, and rigorous digital humanities research.
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