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Abstract

Legal judgments contain rich structured information, but the content is typically embedded inside
long, formal narrative text. Named Entity Recognition (NER) is therefore a practical building
block for legal search, analytics, and document understanding. In Pakistan, however, there is
limited comparative evidence showing how well current large language model (LLM) services
extract judicial entities from Lahore High Court (LHC) judgments under consistent experimental
conditions.

This thesis benchmarks four LLM families, ChatGPT, Gemini, Grok, and DeepSeek, for prompt-
only judicial NER on a corpus of 500 LHC judgments. A 22-type entity schema is defined to
reflect common information needs in case law, including parties, judges, citations, acts, sections,
and dates. Gold labels are produced as token-level IOB tags and then converted into a gold JSON
representation with reconstructed entity spans and offsets. For model inference, a batch API
application submits a unified prompt template to each model and converts responses into a
standardized prediction JSON format. A separate evaluation application matches prediction JSON
against the gold JSON using strict span-level exact match rules and reports micro-averaged
precision, recall, and F1, supported by qualitative error analysis.

Results show that the top three models perform closely under strict scoring, with Grok achieving
the highest micro F1 (0.6854), followed by Gemini (0.6820) and ChatGPT (0.6783), while
DeepSeek scores lower (0.5790). ChatGPT produces the highest precision (0.7366), whereas Grok
and Gemini achieve higher recall (0.6628 and 0.6534), indicating different operating points that
matter for deployment. The error analysis highlights recurring legal-specific challenges,
particularly span boundary drift, citation formatting variability, and confusions among closely
related legal labels.

Overall, the thesis provides a reproducible, schema-driven benchmarking pipeline for Pakistani
legal NLP and offers practical guidance on selecting and integrating LLM-based extraction into
legal information systems where precision, recall, and auditability must be balanced.

Keywords: legal NLP, judicial named entity recognition, Lahore High Court, large language
models, IOB tagging, prompt-based information extraction, evaluation pipeline

Introduction

Courts produce long-form legal narratives that contain many structured facts, such as party names,
judges, dates, case numbers, statutory provisions, and cited precedents. When these facts remain
inside plain text, legal search and analysis becomes slower because users must manually scan
documents to locate the details they need. This is a practical problem for lawyers, researchers,
students, and institutions that work with large judgment collections.

In Pakistan, reported Lahore High Court (LHC) decisions are publicly accessible through official
web portals [1]. While this improves access to justice, it does not automatically provide structured
metadata for information retrieval. To support advanced search, citation linking, and analytics,
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legal technology systems need tools that can convert judgment text into structured fields in a
consistent way.

Named Entity Recognition (NER) is one of the most useful NLP tasks for this purpose. NER
identifies spans in text that refer to meaningful categories, for example judges, parties, courts,
case identifiers, dates, acts, law sections, and citations. In legal pipelines, NER is often a
foundational component that supports downstream tasks such as relation extraction,
summarization, and knowledge-based construction.

Legal NER differs from general-domain NER because judgments are long, formal, and contain
citations and statute references with highly variable formatting. For this reason, legal NLP
research has emphasized domain adaptation and legal-domain resources. LEGAL-BERT provides
legal-domain pretrained transformer models and shows that domain-specific pretraining and fine-
tuning decisions can affect legal task performance [2]. LexGLUE highlights that evaluation in
legal language should cover multiple tasks and datasets because models do not always generalize
across legal subdomains and document types [3].

Dataset work also shows that legal entities tend to be more fine-grained than the common news
entities. In Legal NER, for example, introduces an annotated corpus of court judgments and uses
legal-specific entity types beyond standard PERSON, ORGANIZATION, and LOCATION
categories [4]. These directions matter for Pakistani case law because LHC judgments contain
entity patterns that are uncommon in general corpora, such as compound case titles, multiple
citation formats, and references to acts and sections that require careful span boundaries. However,
results from widely studied jurisdictions do not automatically transfer to Pakistan. Pakistani
judgments often include local naming conventions, region-specific organizations and locations,
and citation patterns that differ from US and EU corpora. Earlier work on Lahore High Court
decisions demonstrates that information mining from Pakistani judgments is feasible and useful,
but also confirms that local patterns and document structure affect extraction quality [5, 6]. In
addition, Pakistan has low-resource language realities: even though this thesis focuses on English
judgments, the broader ecosystem includes Urdu and mixed-language legal text, and Urdu NER
research has shown that language and resource constraints influence extraction performance and
dataset design [7].

Traditional legal NER systems typically frame the task as sequence labelling and rely on
supervised training over annotated corpora. While these methods can achieve strong accuracy
when enough labeled data exists, building a high-quality legal NER corpus is expensive because
annotation requires clear guidelines and domain knowledge. In addition, changes in document
layout or entity definitions can require re-annotation and model retraining.

Large Language Models (LLMs) offer an alternative workflow. Instead of training a task-specific
model, an LLM can be prompted to perform extraction and return structured output. Recent
surveys describe a growing trend in treating information extraction as a generative task, where
models output structured representations under prompt constraints and are then validated by
parsers or lightweight rules [8]. For NER specifically, prompt-based methods such as Prompt NER
show that providing entity definitions and using structured prompting can improve cross-domain
extraction performance [9]. These findings motivate evaluating LLMs for judicial NER in
Pakistan where domain shift and formatting variation are common.

At the same time, legal NER places strict requirements on span boundaries and label consistency.
Small boundary shifts, for example missing part of a case citation or truncating a statute title, can
break citation linking and downstream indexing. LLM services also differ in training, alignment,
and context handling, which can influence how they treat long legal spans and semi-structured
headings. This thesis therefore evaluates four widely used LLM families, ChatGPT, Gemini, Grok,
and DeepSeek, under a fixed entity schema and strict span-level scoring, using consistent prompt
constraints so that comparisons are meaningful.
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Although LLMs are widely used for text generation, there is limited publicly documented
evidence about how current LLM services perform on Pakistani judicial entity extraction when
evaluated against human-annotated references. Without careful evaluation, it is difficult for
practitioners to decide which model is appropriate for legal search, citation linking, and analytics
in Pakistan.

Comparative results are also often hard to reproduce because studies use different prompts, entity
schemes, and scoring rules. This thesis addresses these issues by evaluating four widely used LLM
families, ChatGPT, Gemini, Grok, and DeepSeek, using the same entity taxonomy, the same
prompt constraints, and the same strict evaluation protocol. The goal is to quantify trade-offs
between precision and recall, and to analyses error patterns that matter for real legal workflows.
This study evaluates prompt-only judicial Named Entity Recognition on Lahore High Court
judgments by comparing ChatGPT, Gemini, Grok, and DeepSeek under a shared entity schema
and a strict evaluation protocol. A domain-specific taxonomy of 22 judicial entity types is defined,
a manually annotated reference dataset is prepared using IOB tagging, and a prompt-and-parse
pipeline is designed to enforce consistent, machine-readable outputs. Model performance is
assessed using strict span-level precision, recall, and F1 scores, complemented by category-level
analysis and error examination to identify common failure patterns and improve reliability. The
scope is limited to English-language LHC judgments and focuses solely on entity extraction,
contributing practical insights for legal NLP applications such as precedent retrieval, citation
analysis, and judicial metadata indexing

The structure of this synopsis is as follows: Chapter 2 reviews related work in NER, legal NLP,
and LLM-based information extraction, with emphasis on how domain and jurisdiction affect
extraction quality. Chapter 3 describes the dataset, annotation guidelines, entity schema,
prompting strategy, post-processing, and evaluation metrics. Chapter 4 reports experimental
results and provides detailed error analysis across entity types and models. Chapter 5 concludes
the thesis and outlines future directions, including hybrid pipelines that combine prompting with
rule-based checks, and broader evaluation across other Pakistani courts and document formats.
Literature Review

Named entity recognition is typically formulated as a sequence labeling problem where each token
in a sentence (or document) is assigned a label indicating whether it begins, continues, or lies
outside an entity mention. Early shared tasks in information extraction standardized entity
categories (for example, person, organization, and location) and provided evaluation protocols
that shaped later work in both general-domain and specialized-domain NER. The Message
Understanding Conferences (MUC) helped formalize the named entity task definition, while
CoNLL shared tasks popularized comparable corpora and micro-averaged precision, recall, and
F1 for span-level evaluation under exact-match criteria. [14], [15]

In the legal domain, the same high-level formulation applies, but texts introduce additional
complexity: frequent citations, section and clause references, nested entities (for example, a
statute name containing a year), long-range dependencies across paragraphs, and jurisdiction-
specific terminology. These factors motivate domain-adapted models, curated entity schemas, and
careful annotation guidelines. Recent surveys of NLP and law emphasize the rapid expansion of
tasks, datasets, and languages, but also note uneven coverage across jurisdictions and limited
resources for many legal systems outside North America and Europe. [37], [36]

Named Entity Recognition: Task Definitions and Evaluation

NER aims to locate entity mentions in text and assign each mention a semantic type. In classic
formulations, the set of types is fixed and small, while later work expanded to fine-grained or
hierarchical taxonomies. In MUC-7, named entities were defined as proper names and numeric
expressions of interest, with guidelines describing what should be annotated and how boundaries
should be marked. [14]
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Most modern NER datasets adopt token-level tagging schemes such as IOB or BIO, in which the
first token of an entity is tagged as B-TYPE and subsequent tokens are tagged as I-TYPE, while
non-entity tokens are tagged as O. CoNLL-2003 established a widely reused benchmark and
scoring practice based on exact span match, which remains common for evaluating entity
extraction systems. [15]

Evaluation is usually reported using precision, recall, and F1 at the entity-span level. Exact-match
scoring provides a strict view of system quality because a predicted entity must match both the
label and boundary of the gold entity. In practical deployments, partial matches and near-miss
errors can still be useful, so many applied studies complement strict F1 with qualitative error
analysis or task-specific utility measures. [15], [36]

A major early direction in NER treated the task as structured prediction over label sequences.
Conditional Random Fields (CRFs) became a standard approach because they model
dependencies between neighboring labels while incorporating a rich set of hand-crafted features
derived from tokens, orthography, and context windows. [16]

Neural approaches reduced reliance on manual features by learning representations directly from
data. BILSTM-CRF models combined contextual token encodings from bidirectional recurrent
networks with a CRF output layer, improving accuracy on standard benchmarks while remaining
compatible with BIO labeling constraints. [17]

Transformers shifted sequence modeling to attention mechanisms that can connect tokens over
long ranges. The Transformer architecture introduced self-attention as the central operation for
representing sequences, enabling parallel computation and richer contextual interactions. [18]
BERT extended this idea through large-scale pretraining with masked language modeling and
next-sentence objectives, producing contextual representations that transfer effectively to NER
after task-specific fine-tuning. For many domains, BERT-style encoders became strong baselines,
and later work explored domain-adaptive pretraining to reduce the mismatch between pretraining
corpora and target text. [19]

Legal NLP and Legal Named Entity Recognition

Legal texts differ from news or web data in both structure and purpose. Judicial opinions and
judgments include legal reasoning, citations to statutes and precedents, formal party roles,
procedural timelines, and jurisdiction-specific abbreviations. These properties create extraction
targets that do not always align with general NER categories. As a result, legal NER often defines
entity types such as case name, citation, statute, provision, judge, lawyer, and court. [37], [23]
Research in legal NLP has expanded across tasks including retrieval, classification,
summarization, outcome prediction, and information extraction. Surveys emphasize that progress
depends heavily on dataset availability and annotation choices, and they document a growing
number of public benchmarks designed to standardize evaluation. [37], [36].

Resource Text type Main task(s) Why it matters for
this thesis
LexGLUE Mixed (EU/US Benchmark suite for | Provides task diversity
legal) legal language and encourages
understanding standardized
evaluation [21]
Legal-BERT corpora | Legal corpora Domain-adaptive Shows benefits of
(EU/US) pretraining resources | legal-domain
pretraining for
downstream tasks [20]
CUAD Contracts (EDGAR) | Clause and span Highlights long-
extraction document extraction
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challenges and expert
annotation costs [24]

LEDGAR Contracts (EDGAR) | Provision Illustrates large label
classification (multi- | spaces and noisy real-
label) world legal text [25]
E-NER Corporate filings Legal NER corpus Demonstrates
(EDGAR) degradation when

general NER models
are applied to legal

text [26]
German Legal NER | Court decisions Fine-grained legal Shows multi-role legal
dataset (Lynx) (DE) NER entities and fine-
grained classes [27]
InLegalNER Indian court Legal NER Demonstrates legal
judgments NER in a South Asian
common-law context
[28]

Table 0-1: Representative Datasets and benchmarks used in legal NLP and extraction research

Domain-adaptive pretraining is a widely used strategy for handling legal language. Legal-BERT
demonstrated that pretraining transformer encoders on large collections of legal text can improve
performance on legal downstream tasks compared to general-purpose encoders. LexGLUE further
promoted comparability by aggregating multiple legal tasks into a single benchmark suite. [20],
[21].Practical legal NLP systems often rely on open-source pipelines that encode domain
knowledge. LexNLP provides utilities for segmenting legal documents, extracting structured
attributes such as dates and money, and performing legal-domain NER and other analyses.
Blackstone offers a spaCy-based pipeline for English case law that includes NER labels tailored
to legal documents, such as case names, citations, instruments, and provisions. These toolkits
illustrate how legal information extraction typically combines learned models with rule-based
normalization and post-processing. [22], [23]

LLMs for Information Extraction and NER

In the last few years, instruction-tuned LLMs have enabled a complementary approach to
extraction: instead of training a dedicated token classifier, the model is prompted to return entities
in a specified format (for example, a JSON list of spans). This reframes NER as a generation or
structured prediction problem. The approach is attractive in low-resource settings because it can
leverage general capabilities learned during pretraining and instruction tuning. [34], [10]
Prompt-based extraction can be organized in several ways. One line of work designs prompts that
include entity definitions and a few examples, encouraging the model to follow a labeling scheme
or output a structured list. Prompt NER is an example of a method that targets few-shot and cross-
domain NER by carefully formatting the prompt and using entity definitions to guide extraction.
[9]

Another line of work treats extraction as an interactive process. ChatlE demonstrates a multi-turn
prompting strategy that decomposes information extraction into a conversation where the model
is asked for different fields and then refined, allowing correction of earlier steps and improving
controllability. [29]

A practical challenge in LLM-based extraction is output reliability. Free-form generation can
produce invalid formats or hallucinated entities, especially when the prompt is underspecified or
when the document is long. Recent research on constrained decoding and schema-based
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generation suggests that enforcing structure during decoding can improve compliance with
expected formats and reduce post-processing failures. [32]

Surveys of legal information extraction highlight that LLMs can reduce annotation effort, but they
also warn that legal settings require careful validation due to high stakes and sensitivity to errors.
In particular, entity boundaries, role labels (for example, petitioner vs respondent), and citation
extraction often require domain rules and normalization beyond what a general model learns from

broad web text. [36]

Error source

Common
manifestation in
legal judgments

Mitigation idea

Example technique

Boundary drift

Entity spans include
extra words or miss

Explicit span rules;
post-process spans

Exact-match
validation with BIO

respondent) or actors
(judge, lawyer)

examples in prompts

parts conversion
Role confusion Mixing party roles Provide role Few-shot prompting
(petitioner, definitions and with definitions [9]

Citation variability

Multiple citation
styles and
abbreviations

Normalize via regex
and legal citation
rules

Hybrid pipeline with
rule-based
normalization [22],
[23]

Hallucination

Generating entities
not present in text

Restrict outputs to
extracted spans;
verification step

Multi-turn
confirmation [29]

Long-context loss

Missing entities
mentioned far apart

Chunking and
overlap; retrieval of

Chunked prompting
with aggregation

relevant parts
Constrained
decoding; schema
checks

Table 0-2: Typical error sources in LLM-based legal NER and mitigation strategies

Model Families Considered in This Thesis

This thesis compares four widely discussed LLM families: ChatGPT (OpenAl), Gemini (Google),
DeepSeek (DeepSeek-Al), and Grok (xAl). These model lines differ in training data mixtures,
alignment approaches, availability (open-weight vs API access), and optimization priorities.
Because public reporting varies across providers, empirical evaluation on a fixed dataset is an
important complement to specification-level descriptions. [10], [11], [13], [35]

The GPT-4 technical report documents strong reasoning and instruction-following performance
and has influenced how subsequent work positions LLMs as general-purpose engines for
downstream tasks via prompting and tool use. Gemini introduced a family of multimodal models
aimed at strong performance across text and other modalities. DeepSeek-V2 reported an efficient
mixture-of-experts design intended to reduce training and inference costs while maintaining
strong capability. Grok-1 was later released in an open-weight form, increasing accessibility for
controlled experimentation. [10], [11], [13], [35]

For judicial NER, these differences matter because extraction tasks stress both language
understanding and disciplined output formatting. In addition, legal judgments can be lengthy,
which can amplify differences in context handling strategies (for example, chunking policies,
summarization, or retrieval-assisted prompting) used in an evaluation pipeline.

Invalid JSON or
inconsistent labeling

Format non-
compliance

Schema-guided
generation [32]
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Judicial Text Mining in Pakistan and the Lahore High Court Context
Research on automated analysis of Pakistani judicial text is comparatively limited, despite
growing public availability of judgments. The Lahore High Court publishes judgments and case
information through its online portal, enabling the creation of corpora for research and
development. [40]
Within Pakistan-specific work, Iftikhar and colleagues proposed information mining from
criminal judgments of the Lahore High Court, highlighting the value of extracting structured fields
from unstructured decisions for search and analytics. Related studies have explored data mining
for smart legal systems and emphasized the need for indigenous datasets and tools tailored to local
drafting styles. These works motivate continued investment in annotation guidelines, entity
taxonomies, and evaluation resources for Pakistani case law. [38], [39]
A further complication for the Pakistani context is multilinguality. Even when judgments are
primarily in English, they often include Urdu names, transliterations, and local terminology. Work
on Urdu NER datasets and models demonstrates both progress and ongoing challenges in
tokenization, orthographic variation, and limited labeled resources, which can indirectly affect
legal-domain extraction when multilingual names appear in the text. [41], [42].
Summary of Research Gaps
The literature reviewed above highlights several gaps that motivate this thesis. First, most public
legal NER resources target jurisdictions and document types outside Pakistan, so performance
transfer to Pakistani judgments is uncertain and requires empirical validation. Second, even within
legal NLP, many benchmarks focus on classification or contract clause extraction rather than role-
sensitive judicial entity schemas common in court rulings. Third, while LLM prompting has
emerged as a label-efficient alternative to supervised tagging, comparatively fewer studies
evaluate multiple modern LLM families side by side on a consistent judicial dataset and a
consistent evaluation protocol, especially for South Asian case law. Finally, practical legal
extraction requires reliable output structure and low hallucination rates, suggesting that careful
prompt design, post-processing, and verification should be evaluated together with core extraction
accuracy. [36], [37]
Based on these gaps, the next chapter presents the thesis methodology, including dataset
construction for LHC judgments, the entity schema and annotation guidelines, and the
experimental design used to compare ChatGPT, Gemini, DeepSeek, and Grok under a common
evaluation framework.
Materials and Methods
Materials: Data Source and Corpus Construction
The corpus used in this thesis consists of English-language Lahore High Court (LHC) judgments
that are publicly available through official LHC reporting portals. LHC judgments are typically
semi-structured: they contain headings, coram and bench information, party names and counsel
listings, followed by narrative reasoning and references to statutes, case law, and procedural
history. This mixture of semi-structured and free-form segments creates realistic challenges for
entity boundary detection and legal citation extraction.
Document acquisition and selection criteria
Judgments were collected from the LHC reporting portal(s). To keep the dataset consistent and
suitable for judicial NER, the following inclusion criteria were applied:

A. The document is a judgment PDF (not a notice, cause list, or administrative circular).

B. The judgment is primarily in English (short Urdu names or transliterations may still

appear).
C. The judgment contains standard judicial metadata patterns (for example case number,
parties, dates, or cited provisions)
D. The extracted text is readable and not severely corrupted by formatting issues.
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Exclusion criteria included documents with incomplete text, duplicated entries, and items where
the content could not be reliably tokenized due to heavy layout artifacts.

Corpus characteristics and dataset splits

The annotated dataset is treated as a gold standard for evaluation. Because this work does not fine-
tune models, a classical train-test split is not required for learning.

Text extraction and preprocessing

Preprocessing aims to preserve the legal content while reducing noise that harms tagging
consistency. The pipeline applies the following steps:

A. Convert judgment content into plain text while preserving paragraph boundaries where

possible.
Normalize whitespace, line breaks, and repeated headers or footers.

Standardize quotation marks and remove control characters.

Tokenize text into sequences suitable for BIO or IOB tagging.

For long judgments, split into chunks with overlap to reduce context loss at chunk
boundaries.
All preprocessing is deterministic to ensure repeatability across models.
Entity Schema and Annotation Methodology
A domain-specific entity taxonomy was defined to reflect judicial information needs for Pakistani
case law. The schema targets entities that support search, filtering, citation linking, and structured
legal analytics. Entities are annotated using an IOB tagging format at token level, with tags B-
TYPE, I-TYPE, and O.

The entity schema contains 22 types. These include judicial metadata (case number, case name,
court, judge), procedural and participant roles (petitioner, respondent, advocate), and legal
references (act, law section, citation, precedent case), along with supporting types such as
organization, location, and money where relevant.
Annotation guidelines and span rules
Annotation guidelines define what should be marked as an entity and how boundaries are selected.
Key span rules include:

A. Exact span selection: only tokens that belong to the entity are included, excluding trailing
punctuation unless it is part of the formal reference.

B. Long-form legal references: statute titles and provisions are captured as separate spans
when the text supports both (for example ACT as the full statute name and AW_SECTION
as section identifiers).

C. Citations and precedent cases: citations are marked based on explicit citation markers or
reporter formats, while precedent case names are marked when the case title is present.

D. Party roles: petitioner and respondent spans are assigned using contextual cues from
headings and the narrative.

E. These rules are designed to support strict span-level evaluation.

mo 0w

Annotation workflow and quality control

Annotation was carried out using an annotation utility that presents judgment text and allows span
marking with the predefined label set. To reduce inconsistency, annotation proceeded in iterative
passes:

A. Pilot annotation on a small subset to refine label definitions and span rules.

B. Full annotation using the locked schema and guidelines.

C. Consistency review to detect common errors such as missing B-tags, label drift, and

inconsistent boundary selection.
D. Final conversion into token-level IOB tags for evaluation.
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& Form1 - X
Files 10B  Excel
Form No : HCJD/C -121 ORDER SHEET IN THE LAHORE HIGH COURT LAHORE JUDICIAL DEPARTMENT Case No : W.P. No. 8966/2010 Yo T =
(Ghulam Murtaza Versus ,etc. . S.No.of order / Pmceedmg ate of ordef / Proceedings Order with signature of
of pames of counsel , where necessary . 2. 10.6.2010 . Mr. Was taz Malil , Advocate for the petitioner . Mr Lawyer L Alowed

Riaz Ha . Advocate for respondent No. 1 . Brief facts are that the petitioner filed e_]ectmen( petition against respondent No. 1 on Patitioner P Wihdraw

. After ncnce respondent No. 1 tendered appearance before the learned Rent Tribunal on 9.2.2010 when the case was posted for

On the said date respondent No. 1 failed to file leave to contest . Finally , respondent No. 1 filed leave to contest on 2010 after Disposed
25 days of the appearance ofthe respondent before the learned Rent Tribunal . 2. The contention of the petitioner is that leave to contest filed M. Name M NP
by the respondent could not have been entertained after the statutory period of 10 days from the date of the first appearance of respondent No. 1
before the learned Rent Tribunal as mandated under . 3. Learned counsel for the Hear DteH [ Diamissed
respondent did not address the question of late filing of the leave to contest but submitted that he was not a tenant and also that a suit for Date
specific performance is pending between the parties . When asked whether a leave to contest could have been entertained after 10 days from the

Govt Org G
date of appearance under , the cuunskl had no answer . 4. Arguments heard . Record perused. 5.
is reproduced here for ready reference:- " 22 . Leave to contest . -- ( 1 ) A Rent Tribunal shall not allow a respondent to defend the application

unless he obtains leave to contest. ( 2) Subject to this Act, a respondent shall file an application for leave to contest within ten days of his first
appearance in the Rent Tribunal . ( 3 ) An application for leave to contest shall be in the form of a written reply stating grounds on which the
leave is sought and shall be accompanied by an affidavit of the respondent , copy of all relevant documents in his possession and , if desired , Case No
affidavits of not more than two witnesses . (4 ) The Rent Tribunal shall not allow leave to contest to a respondent unless the application discloses
sufficient grounds for production of oral evidence . ( 5 ) The Rent Tribunal shall decide the application for leave to contest within a period of
fifteen days from the date of its filing . ( 6 ) If the leave to contest is refused or the respondent has failed to file application for leave to contest
within the stipulated time , the Rent Tribunal shall pass the final order. " | Emphasis supplied ) . 6 . The above provision clearly provides that
leave to contest has to be filed within 10 days of the first appearance before the learned Rent Tribunal . Subsection 6 above provides that in case
the said leave to contest is not filed within the stipulated time , the learned Rent Tribunal shall pass the final order. 7 . In the present case ,
respondent No. 1 tendered appearance through his counsel before the learned Rent Tribunal on 9.2.2010 but filed the leave to contest before the
said Tribunal on ©.5.2010 after a delay of 15 days ( excluding the 10 day statutory period ) . No explanation has been given regarding the said
delay in the application for leave to contest or even today by the counsel for respondent No. 1. This aspect of the matter has not been discussed
by the learned Rent Tribunal in impugned order dated 5.4.2010 . 8 . Even otherwise the impugned order does not give any reason whatsoever
for allowing the application for leave to contest . The impugned order simply states : - " In the above said facts , circumstances and reasons
thereof the application [ for | leave to defend is hereby accepted "9 is a mandatory provision as

provides for the passing of a final order in case the leave to contest is not filed in time . Leave to contest of the petitioner is , therefore
, time barred and can not be entertained . The impugned order dated 5.4.2010 is , therefore , set aside . The learned Rent Tribunal , Gujranwala
is directed to decide the ejectment petition of the petitioner in terms of by passing a final order . 10 . This writ petition
is allowed in the above terms . ( Syed Mansoor Ali Shah ) Judge S. Zahid Approved for reporting

Bench

Other

Figure 0-1 Annotation utility

Where multiple annotators are available, inter-annotator agreement can be calculated on a shared
subset to quantify guideline clarity. If a single annotator is used, a second-pass review, spot checks,
and rule-based validation help reduce systematic mistakes.

1OB file generation and gold JSON construction

After annotation, each judgment is transformed into a token-level IOB representation that serves
as the gold reference for evaluation. The IOB scheme follows the widely used BIO/IOB
convention adopted in benchmark NER datasets [15]. Each token is assigned exactly one tag: B-
TYPE for the first token of an entity span, I-TYPE for subsequent tokens inside the same span,
and O for tokens outside any entity.

The gold IOB output is stored as a plain text file per document, where each line contains a token
and its gold label (and optional sentence boundary markers). This format is intentionally simple
because it supports repeatable processing and reduces ambiguity when reconstructing entity spans
during scoring.

For scoring and auditability, the gold IOB files are also converted into a structured gold JSON
representation. The conversion step reconstructs entity spans by grouping contiguous B/I labels
of the same type and then records: (i) entity type, (ii) start and end token indices, (iii) start and
end character offsets in the cleaned text, and (iv) the exact extracted surface form. Character
offsets are preserved so that evaluation can be performed deterministically even when models
operate over chunked inputs.

Entity type Definition (summary) Example (illustrative)
CASE_NUMBER Case or petition identifier Civil Revision No. 364-24
(including type and number)
CASE_NAME Short case title (party v Muhammad Akram vs
party) Sarfraz
COURT Court name or bench Lahore High Court
JUDGE Judge or bench member Mr. Justice [Judge Name]
DATE Date reference (judgment 12-03-2024
date, hearing date)
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PARTY_PETITIONER

Petitioner/appellant name
span

Muhammad Akram

PARTY_RESPONDENT

Respondent/defendant name
span

Sarfraz

ADVOCATE Counsel name span Learned counsel for [Party]
ACT Statute or act name Pakistan Penal Code, 1860
LAW_SECTION Section, clause, article Section 302

references
CITATION Law report citation string PLD 2019 SC 123

PRECEDENT_CASE

Name of cited case

Ghulam Hussain v Bahadar

ORGANIZATION

Institution or organization
name

State Bank of Pakistan

explicitly stated

LOCATION Place names in case context | Lahore
MONEY Monetary amounts Rs. 500,000
CRIME_OFFENCE Offence label when Murder

FIR_NUMBER

FIR identifier when present

FIR No. 12/2020

POLICE_STATION

Police station reference

PS Model Town

where separable

PROCEDURAL_TERM Procedural items where used | writ petition
as entities
LAWYER_ROLE Role markers for counsel Deputy Attorney General

GOV_ENTITY

Government department
bodies

Punjab Police

DOCUMENT_TYPE

Judgment, order, petition,
etc

Judgment

Table 0-3: Entity schema used for judicial NER in this thesis (22 types)

B-per |-per
4 &
Waiid Al

Respondents by:

JUDICIAL DEPARTMENT

Wajid Ali

JUDGMENT =
Date of hearing 14.06.2010
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0
Lahore High Court Lahore

Case No: W.P. No.B8%93 of 2010

Versus BRent Registrar, etc.

B-per l-per I-p
RS
Mr. Azmatullah Chaudhry

Detitioner by Mr. Azmatullah Chaudhry, Advocate.

respondent No.Z2.

Syed Mansoor 2li Shah, J:-—

Ch. Muhammad Igbal, Advocate for

Brief facts of the case are that respondent No.Z {(land lord) moved an

application under section 5 of the Rented Premises Bet, 2008 (Rct) praying

B-ref
o

section 5 of

I-ref I-ref I-ref I-ref
¢ 8 g

the Rented Premise=s Lct,

I- ref I-ref  I-ref

&
2005

Figure 0-2 Judgment IOB

3.3 LLM Systems Under Evaluation
Four LLM families are evaluated. Each model is accessed through its publicly available interface
(web application or API), and each is instructed using the same prompt and output specification.

for registration of a proposed rent
agyeement between the said respondent and the
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Because providers update models over time, the experiment logs the model name, access method,
and the date of execution for reproducibility.
ChatGPT (OpenAl)
ChatGPT represents OpenAl's instruction-following LLM family. The evaluation treats ChatGPT
as a black-box service and focuses on extraction behavior under strict formatting constraints. The
GPT-4 technical report is used as a primary reference for the underlying model family capabilities
and alignment objectives.
Gemini (Google)
Gemini is Google's family of multimodal and text-capable LLMs. This thesis evaluates Gemini
for its ability to follow extraction instructions and produce consistent token-level tags when faced
with judicial citations and long-form judgment text.
Grok (xAl)
Grok is an LLM product line developed by xAl This thesis evaluates Grok for judicial NER under
the same prompting interface as other models. Public documentation about Grok-1 and its open
release provides background on model scale and training configuration.
DeepSeek (DeepSeek-Al)
DeepSeck is a family of language models developed by DeepSeek-Al. DeepSeek-V2 is described
as a mixture-of-experts model optimized for efficient inference. This thesis evaluates DeepSeek
for judicial NER using the shared prompt and the shared evaluation protocol.
Prompt Design and Inference Protocol
To ensure fair comparison, a single prompt template is used across models. The prompt defines
the entity label set, provides concise definitions, and specifies strict IOB constraints: one tag per
token, valid labels only, and no hallucinated entities. The models are instructed to preserve token
order and to avoid introducing new tokens.
Because output variability can affect structured extraction, decoding settings are chosen to be as
deterministic as the interface allows (for example low temperature or equivalent). When
deterministic settings are not exposed, multiple runs can be performed and majority voting can be
used, but the primary protocol aims to minimize randomness.
Handling long judgments: chunking and aggregation
Judgments can exceed practical context limits or can degrade model performance due to long-
range distractions. The pipeline therefore chunks each judgment into overlapping segments. For
each chunk, the model returns IOB tags. Chunks are then merged using an overlap-resolution rule
that prioritizes consistent spans and reduces boundary loss at chunk edges.
Chunk size and overlap are treated as controlled parameters and are fixed during evaluation after
development tuning.
Output validation and post-processing
Model outputs are validated to ensure they can be scored. Validation includes:

A. Enforcing that every token has exactly one tag.

B. Mapping invalid or unknown tags to O.

C. Repairing illegal IOB transitions (for example an [-TYPE tag that starts an entity without

a preceding B-TYPE is converted to B-TYPE).
D. Reconstructing entity spans from token tags for span-level scoring.
E. Post-processing does not add entities. It only normalizes outputs to a consistent
representation for evaluation.

Controlled factor Control strategy
Input texts Same LHC judgments and same
preprocessing pipeline are used for all
models.
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Entity schema Same 22-type schema and same definitions
across models.

Output format Strict token-level 10B tags with one label
per token.

Prompt Same prompt template and constraints,
fixed before final evaluation.

Chunking Same chunk size and overlap, fixed during
test runs.

Scoring Same strict span-level micro precision,
recall, and F1 for all outputs.

Logging Model name, access method, execution
date, and prompt version recorded.

Table 0-4: Experimental controls used to ensure comparability across models

Batch inference application and standardized JSON output
To run inference at scale, a dedicated batch inference application was used to call each provider
API with the same prompt template and the same preprocessing pipeline. The application loads
the cleaned text of each judgment, applies the selected chunking strategy for long documents, and
then submits requests to the model endpoint. In this study, the batch runner processed 500

judgment files end-to-end, producing outputs in a consistent structure for every model.

The batch runner enforces a single JSON schema for all model outputs. Each model response is
parsed and converted into JSON records that mirror the gold JSON format. At minimum, each
record stores: document id, model name, chunk id (if chunking is used), entity type, start/end
character offsets, and extracted text. Storing offsets and text together supports both strict scoring
and manual inspection of failures. The application also logs execution metadata (run date, prompt

version, and preprocessing parameters) to support reproducibility and regression testing.

End-to-end judicial NER workflow used in this thesis

LHC judgments (raw HTML/PDF sources)

v

Text extraction and cleaning (layout normalization, Unicode fixes)

v

Tokenization and annotation (22-type schema)

v

Gold |0B file generation (B-TYPE / I-TYPE / O) [15]

v

Gold JSON construction (spans + offsets)

v

Batch LLM inference via APl (500 judgments, unified prompt template)

v

Model |[SON normalization (same schema across providers)

Automated matching engine (strict span-level exact match)

v

Metrics + error analysis (micro P/R/F1, qualitative review)

Figure 0-3 End-to-end workflow from judgments to evaluation outputs
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Automated evaluation subsystem: gold conversion and |[SON matching

Gold 10B (token-level labels) -> span reconstruction [15]

Gold JSON (document_id, entity_type, start/end offsets, text)

LLM API runner (prompt + chunking) -> raw model output

Parser + validator -> Model JSON (same fields as gold)

Matcher (exact match on type + boundaries; overlap diagnostics)

Score aggregation (per-label and micro averages) + reports

Figure 0-4: Evaluation subsystem: gold 10B conversion and JSON matching

Evaluation Methodology
Evaluation follows the standard NER practice of computing precision, recall, and F1 at the entity-
span level. A predicted entity is counted as correct only if its type and span boundaries exactly
match the gold annotation. Micro-averaging is used to aggregate counts across all entity types and
documents, which is appropriate when entity frequency is imbalanced.
In addition to overall micro scores, the study reports per-entity-type performance to identify which
legal entities are most difficult. A confusion analysis highlights label confusions (for example
CITATION versus PRECEDENT CASE, or ACT versus LAW_SECTION).
Metric definitions
Let TP be the number of correctly predicted entity spans, FP be the number of predicted spans that
are incorrect, and FN be the number of gold spans missed by the model. Precision, recall, and F1
are computed as:
Precision = TP / (TP + FP)
Recall = TP/ (TP + FN)
F1 =2 * Precision * Recall / (Precision + Recall)
These metrics are reported for the full dataset and for individual entity types.
Error analysis protocol
Quantitative scores are complemented with qualitative error analysis. Errors are categorized into:
A. Boundary errors: predicted span is close to the gold span but includes extra tokens or
misses tokens.
B. Type confusions: correct span but incorrect label, or label swaps between related
categories.
C. Missed entities: entity present in gold but not predicted, often due to long-context effects
or uncommon formatting.
Spurious entities: predicted entities not present in gold, often linked to over-generalization.
A sample of errors is inspected for each model to identify recurring patterns and to propose
mitigation strategies.

m O
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Automated JSON matching and scoring application

A separate evaluation application performs automated matching between the model JSON output
and the gold JSON derived from the IOB files. The evaluator reconstructs entity spans for both
sides and compares them under strict span-level exact match rules. A prediction is counted as
correct only if (i) the entity type matches and (ii) the predicted span boundaries match the gold
boundaries exactly, using character offsets to avoid ambiguity when chunking is applied.

The matching stage produces true positives, false positives, and false negatives at the entity level,
then aggregates these counts to compute precision, recall, and F1. In addition to strict scoring, the
evaluator logs diagnostic categories such as partial overlap, boundary drift, and type confusion.
These logs support the qualitative error analysis reported later in the thesis and allow targeted
improvement of prompts, validation rules, or segmentation strategy.

Validity, Reliability, and Reproducibility

Internal validity is addressed by holding constant the input data, preprocessing, prompt template,
chunking strategy, and scoring rules. Construct validity is supported by using a judicially
motivated entity schema and strict span-level scoring aligned with real indexing and citation-
linking needs.

Reliability is improved through deterministic preprocessing, output validation, and complete
experiment logging. Because model services can change, the thesis records the evaluation date
and model identifiers and recommends re-running the benchmark when major provider updates
occur.

Ethical Considerations and Data Management

The judgments used in this thesis are publicly available documents, which reduces privacy risk.
Nevertheless, data handling follows responsible research practice. The dataset is used only for
academic evaluation, and the thesis avoids unnecessary exposure of sensitive personal information
beyond what appears in publicly reported judgments.

Annotated data, prompts, and evaluation scripts are stored with version control to support
reproducibility. If the dataset is redistributed, licensing and portal terms should be checked and
citations should be preserved to maintain attribution to the original sources.

Summary

This chapter presented the research design and methods used to compare four LLM families for
judicial NER on LHC judgments. The next chapter reports the experimental results using strict
span-level metrics and provides detailed error analysis across entity types and models.

Findings (Results)

For clarity, the key experimental conditions are summarized here. All four models received the
same prompt template, the same label set (22 entity types), and the same output format
requirements (token-level IOB tags). Inputs were produced using the same preprocessing and
chunking strategy. Outputs were normalized using the same validation rules, and then scored using
strict span-level exact match, where an entity counts as correct only if both its type and boundaries
match the gold reference exactly.

Because the models were not fine-tuned, results should be interpreted as prompt-only extraction
performance. This is important for practical adoption, since organizations often begin with
prompt-based approaches before investing in supervised training or domain adaptation.

Overall Model Performance

Table 5 reports strict span-level micro-averaged precision, recall, and F1 for each model. Micro-
averaging aggregates true positives, false positives, and false negatives across the entire
evaluation set, which is appropriate when some entity types appear more frequently than others.
Across the four models, Grok achieves the highest F1 (0.6854), followed closely by Gemini
(0.6820) and ChatGPT (0.6783). DeepSeek shows lower overall performance (0.5790). The
results suggest that, under this protocol, Grok and Gemini provide slightly stronger overall
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balance between precision and recall, while ChatGPT is the most conservative model (highest

precision).
Model Precision Recall F1-score
ChatGPT 0.7366 0.6286 0.6783
Gemini 0.7131 0.6534 0.6820
Grok 0.7097 0.6628 0.6854
DeepSeek 0.5975 0.5617 0.5790

Table 0-5: Overall strict span-level micro-averaged results for judicial NER

Ranking and differences in operating style

Although the top three models are close in overall F1, their operating styles differ in a way that
matters for deployment. ChatGPT produces the highest precision (0.7366), meaning it tends to
generate fewer false positives. This behavior is beneficial when extracted entities feed directly
into a legal index or a citation graph, because false positives can introduce noisy links or
misleading metadata.

Grok and Gemini achieve higher recall than ChatGPT, which increases coverage of entity
mentions and improves overall F1. This can be preferable when missing entities is costly, for
example when the goal is comprehensive retrieval of cited cases or statutory sections. DeepSeek,
in this evaluation, produces both lower precision and lower recall, indicating that it both misses
more entities and introduces more incorrect spans relative to the other systems.

Precision-Recall Trade-offs and Practical Interpretation

In judicial information extraction, the cost of an error depends on the use case. In a legal search
engine, precision errors can degrade trust, because users may click into incorrect results caused
by spurious entities. In contrast, in exploratory legal research, recall errors can be more damaging,
because missing citations or parties can hide relevant decisions.

The findings suggest a practical interpretation:

A. Ifthe primary goal is clean structured metadata for indexing and linking, ChatGPT's higher
precision may reduce downstream cleaning effort.

B. If the primary goal is broader coverage of entities with fewer misses, Grok or Gemini may
be preferable due to higher recall.

C. For production systems, a hybrid design can be considered, for example using a higher-
recall model for candidate extraction and a high-precision model or rule-based validator
for confirmation.

This thesis does not claim that one model is universally best. Instead, it shows measurable trade-
offs that can guide model selection based on operational requirements.

Qualitative Error Analysis

Strict span-level evaluation highlights errors that are especially important in legal pipelines,
because legal entities often have long spans and specialized formats. Across models, the most
common error families are summarized below. The categories are consistent with the error
analysis protocol defined in Chapter 3.

Boundary drift on long legal spans

Boundary drift occurs when a predicted entity overlaps with the correct entity but does not match
the exact start and end positions. This error is frequent for multi-token party names, long statute
titles, and citations that include reporter abbreviations, years, and page numbers. Even small
boundary mistakes can break citation linking, because downstream systems typically require exact
string matches or normalized patterns.

Boundary errors were observed in all models, but they have different causes. Some boundary
errors appear to be caused by line-break artifacts in judgment headings, while others arise when
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the model includes role words (for example, "petitioner") inside the entity span even when
guidelines treat the role word as outside the name span.

Type confusion among closely related legal labels

Type confusion refers to predicting the correct span but assigning the wrong entity type. In judicial
text, several labels are naturally close:

A. CITATION versus PRECEDENT CASE: citations may appear alone (reporter strings) or
beside case titles, and models may not consistently separate the two.

B. ACT versus LAW_ SECTION: a provision reference may include both a statute title and a
section number; models sometimes label the entire string as a single type.

C. PARTY roles: party names may be tagged correctly but mapped to the wrong role label
(petitioner versus respondent) when headings are ambiguous or when the narrative refers
to parties by description rather than by explicit role blocks.

These confusions indicate that prompt definitions and annotation guidelines must be tightly
aligned, and that adding short role-specific examples in prompts can help reduce label swapping.
Missed entities due to long-context effects

Missed entities (false negatives) occur when entities present in the gold reference are not
predicted. In long judgments, important entities may occur in earlier headings and then later
reappear in reasoning sections. When a model focuses heavily on a local paragraph, it may miss
entities mentioned earlier or later, especially if the evaluation pipeline uses chunking and the entity
appears near a chunk boundary.

A practical mitigation is to use overlapping chunks and to merge predictions conservatively.
Another mitigation is to run a lightweight rule-based pass for highly structured patterns, such as
case number formats or section references, and then reconcile with model predictions.

Spurious entities and hallucination risk

Spurious entities (false positives) occur when the model labels a span that should be O under the
annotation guidelines. In legal text, this can happen when the model generalizes from common
judicial templates and labels a word as an entity even if the entity is not explicitly present as a
named span. This issue is especially concerning in legal settings because it can create incorrect
records in an index.

ChatGPT's higher precision suggests fewer spurious entities overall in this evaluation. However,
no model is immune to hallucination risk, especially when prompts are permissive or when the
text is noisy. Therefore, output validation and simple cross-checking rules are recommended for
deployment.

Summary of Findings

This chapter presented the comparative results of prompt-only judicial NER across ChatGPT,
Gemini, Grok, and DeepSeek. Grok achieved the highest overall F1, with Gemini and ChatGPT
close behind, while DeepSeek performed lower under the same protocol. The qualitative analysis
highlighted that most errors are driven by boundary drift on long legal spans, confusion among
closely related legal labels, misses caused by long-context effects, and occasional spurious
predictions

Discussion

The core empirical result is that the three leading systems are closely clustered in strict micro F1,
with Grok slightly ahead, Gemini and ChatGPT close behind, and DeepSeek lower under the same
protocol. Because legal extraction pipelines often have different tolerance for false positives and
false negatives, the practical significance of these differences depends on the intended
downstream use (indexing, citation linking, or exploratory search).
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Discussion of RQ1: Comparative Accuracy Across LLMs

RQI1 asked how accurately ChatGPT, Gemini, Grok, and DeepSeek identify judicial entities in
LHC judgments under strict span-level evaluation. The results show the following ordering by
F1: Grok (0.6854), Gemini (0.6820), ChatGPT (0.6783), and DeepSeek (0.5790). While the top
three are close, their precision and recall profiles differ in a meaningful way for deployment.
ChatGPT achieved the highest precision (0.7366) but lower recall (0.6286). This pattern is
consistent with a conservative extraction style, where the model produces fewer predicted entities
and therefore fewer false positives, but also misses a higher share of gold spans. Gemini and Grok
showed higher recall (0.6534 and 0.6628), indicating broader coverage of entities at the cost of
slightly lower precision. DeepSeek produced both lower precision and recall in this evaluation,
suggesting that, under the same prompt and formatting constraints, it was less reliable both in
finding entities and in labeling them accurately.

These outcomes align with a general observation in legal NER research: extraction quality
depends not only on language understanding, but also on disciplined boundary control and stable
label selection. Legal texts include long, irregular spans such as statute titles and citations, and
strict evaluation penalizes even small deviations. Prior legal-domain studies show that models
trained on general-domain NER can degrade substantially when applied to legal text, which
supports the need for domain-specific evaluation rather than relying on general claims of
capability. [26], [15]

What the precision and recall patterns imply in practice

The measured precision and recall differences can be interpreted as different operating points. For
indexing and citation linking, false positives can be expensive because they create incorrect
metadata or invalid links. Under such conditions, ChatGPT's higher precision may reduce
downstream cleaning workload, even if recall is slightly lower. For exploratory search and
evidence discovery tasks, recall is often more valuable because missing a citation or a key party
can hide relevant judgments. In that setting, Grok and Gemini may be preferable due to higher
coverage.

A practical strategy for production systems is to treat these models as complementary. For
example, a higher-recall model can generate candidate entities, then a validation step (rule-based
normalization for citations, or a second model pass) can confirm or reject uncertain outputs. This
approach is consistent with how legal NLP toolkits often combine statistical extraction with rule-
based normalization. [22], [45]

Discussion of RQ2: Difficult Entity Types and Error Patterns

RQ?2 asked which entity categories are most difficult across models and what patterns explain the
difficulty. While this thesis reports headline micro scores, error inspection indicates that most
failures cluster around four recurring challenges: boundary drift, label confusion among closely
related legal types, context loss in long judgments, and spurious predictions due to template
generalization. These error families are widely reported in legal IE and prompt-based extraction
literature, especially when texts are long and semi-structured. [13], [10]

Boundary drift remains a primary bottleneck under strict scoring

Boundary drift was frequently observed for multi-token party names, statute titles, and citation
strings. Under strict exact-match scoring, even a single extra token (for example adding a role
term such as petitioner) or missing punctuation in a citation span causes a full error. This is
particularly impactful in legal NER because many entities are long and include format markers,
such as reporter abbreviations and years.

The literature helps explain why boundary control is hard. In legal datasets, entity taxonomies are
often fine-grained and include overlapping expressions (for example, a provision reference
includes both a statute and a section). Without explicit instruction on span segmentation, models
may choose plausible but non-compliant boundaries. Dataset efforts in legal NER emphasize the
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importance of detailed annotation guidelines and consistent span rules, which supports the
methodology used in this thesis. [4], [11]

Label confusion occurs when legal surface forms overlap

A second major error source is type confusion among closely related labels, particularly: (i)
CITATION versus PRECEDENT CASE, and (ii) ACT versus LAW_SECTION. The surface
form of a citation may appear adjacent to a case name, and a provision reference may include both
a statute title and section number. When the prompt does not illustrate separation rules, models
may label the combined string as a single type or swap labels.

This confusion mirrors what is seen in legal-domain toolkits and benchmarks, where legal labels
are often defined to support downstream linking and normalization. For instance, benchmarks
such as LexGLUE highlight that legal language understanding is not a single task, and that
domain-adapted evaluation must consider the precise target output required by an application.
[21]

Long-context effects and chunk boundaries contribute to misses

Missed entities were often linked to long judgments and chunk boundaries. Even with overlap,
entities that begin near the end of a chunk or depend on context from a prior heading can be
missed. This is consistent with the view that legal extraction requires careful handling of document
structure and segmentation, not only a powerful model. Tools such as LexNLP and Blackstone
emphasize segmentation and normalization as key components of legal text processing, which
supports the thesis decision to use deterministic preprocessing and validation. [22], [45]
Spurious predictions and the risk of hallucination

Spurious predictions remain a critical concern in judicial pipelines. In legal settings, hallucinated
entities can create incorrect records, undermine trust, and mislead users. The higher precision
observed for ChatGPT suggests fewer spurious entities under this prompt, but all models can still
produce false positives when judgment layouts resemble common templates. In the generative IE
literature, this risk is one reason researchers advocate schema-based constraints, verification steps,
and stricter output interfaces rather than free-form generation. [13], [31]

Model Observed profilein | When it is a good Main risk to
this study fit manage
ChatGPT Highest precision, Clean indexing, More missed
lower recall citation graphs, entities; improve
metadata extraction | recall via chunk
where false positives | overlap or a second
are costly extraction pass
Gemini Balanced, higher Search and analytics | Boundary drift on
recall than ChatGPT | where coverage long spans; require
matters, and normalization and
moderate noise is validation
acceptable
Grok Highest F1, highest | Broad coverage Spurious entities and
recall among top extraction for label confusion; add
group discovery and verification and
retrieval tasks schema checks
DeepSeek Lower precision and | Exploratory baseline | Higher error rates;
recall in this comparisons or stronger post-
evaluation when cost processing and
constraints dominate | human review
needed

Volume 3, No. 4

Oct - Dec, 2025



849

Table 0-6: Model selection guidance based on observed precision and recall profiles
Discussion of RQ3: Role of Prompts, Constraints, and Validation

RQ3 asked how prompt constraints and output validation influence reliability and what practices
improve reproducibility. This thesis used a prompt-only approach and enforced token-level IOB
tagging with a fixed label set. Two conclusions follow from the results and the observed error
patterns.

First, structure matters. Prompt-based NER can be flexible, but reliability depends on how tightly
the output is constrained. Methods such as PromptNER highlight that providing explicit entity
definitions and a precise output format can improve extraction in few-shot settings. Similarly,
ChatIE shows that multi-turn prompting can decompose extraction and improve control, although
at a higher interaction cost. These ideas support the thesis emphasis on strict output interfaces and
deterministic preprocessing. [9], [43]

Second, validation is not optional for legal extraction. The study's post-processing did not add
entities, but it repaired invalid IOB transitions and enforced one-tag-per-token, which is necessary
to score and to integrate outputs into downstream systems. The generative IE literature supports
the broader principle that schema enforcement and constrained generation reduce format errors
and improve usability. In practical deployments, a validation layer can also reject outputs that
contain spans not present in the source text, which helps limit hallucination. [13]
Reproducibility challenges for provider models

A key reproducibility issue for commercial LLMs is model drift: providers update models and
system behaviors over time. Even when the same prompt is used, performance may shift due to
changes in alignment policies, training data, or decoding defaults. For this reason, a comparative
thesis should report evaluation dates and model identifiers, and should preserve prompt versions
and preprocessing scripts. This recommendation aligns with broader best practices in
benchmarking large models, where experimental context is necessary for interpretation. [12], [1]
Positioning the Findings Within Legal NLP and Pakistani Judicial Text Mining

The findings contribute evidence for a jurisdiction that is underrepresented in public legal NLP
benchmarks. LHC judgments are publicly accessible through the court's reporting portals, but they
are not accompanied by standardized structured metadata suitable for large-scale analytics. [46]
Earlier work on LHC criminal judgments demonstrated that extracting structured information
from Pakistani judgments is feasible and useful for information access. This thesis extends that
direction by evaluating modern instruction-tuned LLMs under a strict judicial NER protocol and
by focusing on cross-model comparison. The results support two broader points. First, even strong
general-purpose models still face boundary and label challenges on legal text, reinforcing the
continued importance of domain-specific resources and careful schema design. Second, prompt-
only extraction can produce competitive performance without supervised fine-tuning, which is
valuable when labeled data is limited and annotation is expensive. [5]

Implications for Deployment and System Design

The results suggest several design implications for practical legal systems in Pakistan:

A. Use-case driven model selection: choose a higher-precision model for clean metadata
pipelines, and a higher-recall model for discovery workflows.

B. Build a hybrid pipeline: combine an LLM with deterministic normalization for citations
and provisions (for example regex-based canonicalization and case-insensitive matching)
to reduce boundary sensitivity.

C. Treat headings as high-value signals: party roles and bench information are often
concentrated in the preamble; extracting the preamble separately can improve role
accuracy.

Volume 3, No. 4 Oct - Dec, 2025



850

D. Add verification steps: confirm that each predicted span is a contiguous substring of the
source text and that each citation matches expected reporter patterns before persisting to
an index.

E. Preserve auditability: store the extracted span, its character offsets, and the surrounding
context to support later review and correction.

Error family Why it matters in legal Mitigation step(s)
workflows
Boundary drift Breaks citation linking and | Character-offset extraction,
exact search matches stricter span rules in

prompts, normalization rules
for citations and sections
Type confusion Mislabels can mislead Add short label-specific
filtering and analytics examples, separate ACT
from LAW_SECTION,
separate CITATION from
PRECEDENT_ CASE

Chunk boundary misses Entities near boundaries are | Overlapping chunks,
missed, reducing recall preamble-first extraction,
aggregation with overlap
resolution
Spurious entities Creates incorrect metadata | Span verification (must
and harms trust appear in text), conservative

thresholds, second-pass
confirmation
Format non-compliance Blocks scoring and Schema validation, 10B
downstream ingestion repair, reject invalid outputs
rather than guessing
Table 0-7: Observed error families and practical mitigation steps for LHC judicial NER
Threats to Validity and Study Limitations
Several limitations should be considered when interpreting the discussion.
First, the evaluation is prompt-only and does not include fine-tuning or retrieval-augmented
strategies. It therefore measures a particular, practical scenario, but it does not represent the
maximum possible performance of any model. Second, strict span-level scoring is demanding and
may understate usefulness in applications where partial matches can be normalized. Third, the
dataset is limited to LHC judgments in English; results may differ for other Pakistani courts, for
Urdu judgments, or for documents with heavier OCR noise.
Fourth, provider models can change over time. Even with the same protocol, later evaluations
may produce different outcomes. For transparency, the evaluation date and model identifiers
should be recorded alongside the reported scores. Finally, qualitative error analysis depends on
the inspected sample and may not capture all rare failure modes. It is best interpreted as a targeted
explanation of common patterns observed in the evaluated outputs.
Recommendations and Future Work
This thesis motivates several future research directions.
Entity-type level benchmarking: report per-label precision, recall, and F1 to identify which of the
22 categories drive most errors.

A. Normalization-aware scoring: complement strict exact-match F1 with a second metric that

accounts for normalized citations and sections, to reflect downstream use.
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B. Hybrid extraction: combine a legal-domain tagger (for example a domain-adapted
transformer) with an LLM that resolves ambiguous roles and cross-paragraph references,
leveraging the strengths of both approaches. Legal-domain pretraining results in the
literature suggest that domain adaptation can improve performance on legal tasks.

C. Multi-turn verification prompting: explore interactive pipelines similar to ChatlE to
improve reliability on long documents and reduce hallucinations, while measuring added
cost. [43]
Expansion to multilingual legal text: extend the schema and pipeline to handle Urdu names
and mixed-language segments that appear within Pakistani judgments.

Summary

This chapter discussed why the evaluated LLMs behave differently under strict judicial NER
scoring and how the observed precision and recall profiles translate into practical choices for legal
systems. It also explained common error families and linked them to known challenges in legal
information extraction. The next chapter concludes the thesis by summarizing contributions,
answering the research questions succinctly, and outlining an actionable roadmap for future
improvements.

Conclusion And Future Directions

Judicial entity schema of 22 types aligned with the information needs of LHC judgments and
prepared a gold-standard dataset using token-level IOB tagging. A prompt-and-parse pipeline was
designed to enforce a consistent output interface across different model providers. All models
were evaluated on the same texts under the same prompts, chunking strategy, validation rules, and
strict span-level exact match scoring. Results were reported with micro-averaged precision, recall,
and F1, and were complemented with qualitative error analysis that summarized recurring
boundary errors, label confusions, missing entities, and spurious predictions.

The central comparative finding is that Grok achieved the highest overall micro F1 (0.6854),
followed closely by Gemini (0.6820) and ChatGPT (0.6783), while DeepSeek performed lower
(0.5790) under the same protocol. The top three models were close in F1 but differed in precision
and recall behavior. ChatGPT achieved the highest precision (0.7366), while Grok and Gemini
provided higher recall (0.6628 and 0.6534). These differences translate into different deployment
choices depending on whether the system prioritizes clean indexing with minimal noise or
prioritizes high coverage for discovery and retrieval.

Theoretical Contributions

First, it reinforces that judicial NER should be treated as a jurisdiction-specific problem. Entity
taxonomies, formatting conventions, and citation patterns vary by legal system, so performance
should be measured on local data rather than assumed transfer from foreign benchmarks.
Second, it contributes to the understanding that prompt-based NER is partly an interface design
problem. In legal settings, boundary rules and label definitions embedded in prompts and
guidelines strongly influence extraction quality because strict scoring and downstream systems
depend on consistent spans and stable label selection.

Third, it provides comparative evidence across four modern LLM families under a controlled
protocol, clarifying how different LLM services behave on long legal documents when required
to generate structured outputs.

Practical Contributions

This thesis provides practical contributions that can support legal technology work in Pakistan.

A. A 22-type judicial entity schema with span rules aligned to LHC judgment structure.
A gold-standard annotated dataset in token-level IOB format for repeatable evaluation.

B. A prompt-and-parse protocol that enables fair comparison across different LLM providers
without fine-tuning.
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C. Deployment guidance based on precision and recall profiles, including recommendations
for chunking and output validation.
D. An error taxonomy that can guide quality assurance, targeted mitigation, and regression

testing.
Contribution What it provides Value for research and
deployment
Entity schema and span 22-type schema aligned with | Defines consistent
rules LHC judgments extraction targets and
evaluation scope
Gold annotation in 10B Token-level labeled judicial | Enables repeatable
text benchmarking and later
supervised training
Prompt-and-parse protocol | Standard prompt plus Supports cross-model
validation rules comparison and robust
ingestion
Error taxonomy Structured categories of Guides targeted mitigation
failures and quality assurance
Model trade-off insight Precision and recall profiles | Informs model selection for
indexing versus discovery
tasks

Table 0-8: Summary of contributions and their practical value

Limitations
First, the evaluation is prompt-only and does not include fine-tuning, retrieval-augmented
prompting, or domain-adaptive pretraining. Therefore, results reflect a practical baseline rather
than the maximum achievable performance.
Second, strict span-level exact match scoring is intentionally demanding. It can understate
usefulness in settings where citations and provisions are normalized downstream or where partial
matches can still support search. A second normalized scoring view could better represent
application utility.
Third, the dataset focuses on English-language LHC judgments. Results may differ for other
Pakistani courts, other legal document types, and Urdu or mixed-language judgments. The schema
may also need extension for national coverage.
Fourth, provider models can change over time, which can affect reproducibility. Logging model
identifiers, evaluation dates, prompt versions, and preprocessing rules reduces this risk but cannot
remove it entirely.
Fifth, qualitative error analysis depends on inspected samples and may not capture rare failure
modes. A larger dataset and per-entity performance reporting would strengthen conclusions about
the most difficult labels.
Future Directions
Methodological improvements
Future work can improve methodology in several ways:

A. Per-entity evaluation: report precision, recall, and F1 per label and group labels into

difficulty bands.
B. Normalization-aware metrics: complement strict F1 with a metric that canonicalizes
citations, case numbers, and section references before matching.
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C. Hybrid extraction: combine rule-based recognizers for highly structured patterns (case
numbers, dates, sections) with LLM prompting for role-sensitive and cross-paragraph
entities.

D. Verification and self-consistency: use multi-pass extraction where the model proposes
candidates and then verifies each candidate against text evidence, rejecting unsupported
spans.

E. Long-document strategies: test heading-aware segmentation, preamble-first extraction,
and overlap rules that reduce boundary loss at chunk edges.

Data and resource expansion
Future work can expand resources for Pakistani legal NLP:
A. Broader court coverage: include other Pakistani courts and tribunals to test generalization
across drafting styles.
B. Multilingual legal NER: extend the pipeline to Urdu and mixed-language segments,
focusing on transliteration, spelling variation, and localized legal terminology.
C. Annotation scaling: add inter-annotator agreement on a shared subset, refine guidelines
from disagreements, and increase dataset size to enable supervised baselines.

Practical deployment directions
Several applied directions can translate these findings into usable systems:
A. Search enhancement: expose extracted entities as structured filters (judge, act, section,
case number) for faster legal retrieval.
B. Citation linking and networks: build citation graphs from extracted precedent cases and
citations to support navigation and analytics.
C. Workflow integration: embed extraction into document intake with an audit trail that stores
extracted spans and character offsets for review.
D. Risk controls: treat LLM outputs as suggestions and verify before committing to official
records, especially in high-stakes workflows.

Closing Remarks

This thesis provided a controlled, dataset-driven comparison of four modern LLM families for
judicial NER on Lahore High Court judgments. It demonstrated that prompt-only extraction can
deliver usable performance, while also revealing recurring legal-specific errors that must be
managed for reliable deployment. The results emphasize that successful legal extraction requires
careful schema design, strict structured outputs, and robust validation.

With expanded datasets, normalization-aware evaluation, and hybrid pipelines that combine
deterministic legal pattern matching with LLM flexibility, judicial NER for Pakistani case law can
become a reliable component of legal information systems. This can support faster legal research,
improved retrieval, and more transparent analysis of precedent and statutory usage.
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