International Journal of Creative and Open Research in Engineering and Management §

o BN
.“ni:
\b7

ISSN: 3108-1754 (Online)
Volume 02 Issue 05 May-2026 | Impact Factor: 3.5

Deep Learning-Based Case Priority Prediction System for Smart
Judicial Management in Indian Courts

Mr. Rakesh Verma
Assistant Professor (Guide)

Department of Artificial Intelligence and Machine Learning Indore Institute of Science & Technology, Indore,

Madhya Pradesh, India

rakesh.verma@indoreinstitute.com and

Bhuvanshi Chouhan
B.Tech Student (Author)

Department of Artificial Intelligence and Machine Learning Indore Institute of Science & Technology, Indore,

How to Cite this Article:

Chouhan, B. (2026). Deep Learning-Based Case
Priority Prediction System for Smart Judicial
Management in Indian Courts. International
Journal of Creative and Open Research in
Engineering and Management, <i>02</i>(05).
https://doi.org/10.55041/ijcope.v2i5.816
License:

This article is published under the terms of the
Creative Commons Attribution 4.0 International
License (CC BY 4.0), which permits unrestricted
use, distribution, and reproduction in any
medium, provided the original author(s) and the
source are credited.

© The Author(s). Published by International
Journal of Creative and Open Research in
Engineering and Management.

@ oren/~ access

d

https://doi.org/ 10.55041/ijcope.v2i5.816

Madhya Pradesh, India

ABSTRACT

The Indian judicial system faces a persistent and critical challenge: a
massive backlog of pending cases exceeding five crore as of 2024,
leading to prolonged delays in the dispensation of justice. This paper
presents a Deep Learning-based Case Priority Prediction System—
designated the Legal Ecosystem—that leverages Long Short-Term
Memory (LSTM) neural networks and Natural Language Processing
(NLP) to automatically classify and prioritize incoming legal cases
into High, Medium, and Low urgency categories. The proposed
system analyses structured case metadata (case type, filing date,
urgency level, petitioner profile) alongside free-text legal descriptions
to produce a priority score, which subsequently drives an intelligent
hearing-date scheduling engine. The end-to-end architecture
comprises a React/HTML frontend, a FastAPI middleware layer, a
TensorFlow/Keras LSTM inference module, and a relational
database backend. Extensive evaluation on a curated Indian legal
case dataset demonstrates a classification accuracy of 99.1%,
precision of 98.7%, recall of 99.4%, and macro F1-score of 99.0%.
A comparative analysis against Random Forest, XGBoost, and Bi-
LSTM baselines
architecture. The system is designed with direct integration
pathways to India's eCourts Phase-III infrastructure and the National

confirms the superiority of the proposed

Judicial Data Grid (NJDG), positioning it as a practical, scalable, and ethically grounded decision-support tool
for judicial officers.

Keywords: Deep Learning; LSTM; Legal Text Classification, Judicial Decision Support; NLP; Case Priority
Prediction; Indian Judiciary,; eCourts; Smart Scheduling
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I. INTRODUCTION

Justice delayed is justice denied—a maxim that resonates powerfully within the context of India's
overburdened judiciary. According to data published by the National Judicial Data Grid (NJDG) in 2024,
more than 5.02 crore cases remain pending across all levels of the Indian court system, with district courts
alone accounting for approximately 4.4 crore of those cases. The situation has been exacerbated by a chronic
shortage of judicial officers, infrastructural inadequacies, and the absence of data-driven mechanisms for case
management.

Traditional case scheduling is conducted manually by court clerks and administrative staff, relying on
subjective assessment of urgency and largely first-in-first-out (FIFO) principles. This approach disregards
critical contextual factors such as the physical condition or age of the petitioner, the social or humanitarian
urgency of the dispute, the elapsed duration since filing, or the gravity of the legal category. Consequently,
genuinely urgent matters—medical emergencies, senior citizen litigants, domestic violence cases, or long-
pending criminal trials—frequently await hearing dates for months or even years.

Recent advances in Artificial Intelligence (Al), Natural Language Processing (NLP), and Deep Learning have
opened transformative avenues for automating and augmenting judicial workflows. Transformer-based
language models such as BERT and its legal domain variant Legal-BERT have demonstrated strong
performance on legal document understanding tasks. Recurrent architectures, particularly Long Short-Term
Memory (LSTM) networks, remain highly effective for sequential text classification tasks where contextual
memory across token sequences is essential.

This paper introduces the Legal Ecosystem—a novel Al-driven case priority prediction and scheduling
platform tailored to the Indian judicial context. The principal contributions of this work are: (i) the design of a
multi-modal deep learning pipeline that jointly processes structured case metadata and unstructured textual
descriptions; (ii) a three-class priority prediction model (High, Medium, Low) achieving 99.1% classification
accuracy; (iii) an intelligent scheduling engine that maps predicted priority to optimal hearing-date allocation
using a weighted priority-queue algorithm; and (iv) a comprehensive system architecture suitable for direct
integration with India's eCourts digital infrastructure.

The remainder of this paper is structured as follows. Section II surveys related literature. Section III articulates
the research gap. Section IV describes the proposed methodology. Section V details the system architecture.
Section VI covers dataset construction and preprocessing. Section VII presents the deep learning model design.
Section VIII outlines the NLP pipeline. Section IX describes training protocols and evaluation. Section X
reports experimental results. Section XI provides comparative analysis. Sections XII-XVI discuss advantages,
limitations, ethical considerations, future scope, and conclusions respectively. References conclude the paper.

II. PROBLEM STATEMENT

The Indian judiciary confronts three interrelated and compounding inefficiencies that collectively degrade the
quality and timeliness of justice delivery.

First, the scale of the backlog is unprecedented. With over five crore cases pending as of 2024, the average
waiting period for resolution at district court level exceeds three years for civil matters and four years for
criminal cases. High Courts and the Supreme Court of India collectively hold over 60 lakh additional pending
matters.

Second, the current prioritisation mechanism is opaque and non-standardised. No uniform, data-driven criteria
govern which cases are elevated for expedited hearing. Urgent situations—such as cases involving terminally
ill petitioners, juveniles in custody, domestic violence survivors, or disputes over life-sustaining resources—
can languish unattended while procedurally simpler matters advance.
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Third, the existing digital infrastructure (eCourts Phase I and II) has successfully digitised case records and
introduced online filing, but has not introduced intelligent analytics or predictive scheduling capabilities. Date
allocation remains a manual, clerical function, susceptible to human error, bias, and potential corruption.

Formally, the problem may be stated as follows: given a set of case attributes C = {case_type, filing_date,
petitioner_age,  occupation,  medical status,  social sensitivity,  legal urgency,  case duration,
textual description}, design a predictive function f: C — {High, Medium, Low} that accurately assigns a
priority label and, subsequently, a hearing date drawn from a constrained availability calendar, in a manner
that is transparent, reproducible, and auditable.

III. LITERATURE REVIEW

The intersection of Al, NLP, and legal systems has attracted considerable scholarly attention over the past
decade. Aletras et al. [1] pioneered the application of machine learning to judicial outcome prediction,
reporting 79% accuracy in predicting judgments of the European Court of Human Rights using case-level
textual features. Their work established the viability of computational approaches to legal classification but did
not address scheduling or priority prediction within a developing-country judicial context.

Zhong et al. [2] proposed a topological multi-task learning framework for legal judgment prediction on Chinese
criminal cases, demonstrating that modelling interdependencies between prediction subtasks (charge, penalty,
applicable law) improves overall performance. This multi-task perspective informs our design of a unified
pipeline that simultaneously processes metadata and text.

In the NLP domain, Devlin et al. [3] introduced BERT, which redefined state-of-the-art benchmarks across
numerous NLP tasks. Chalkidis et al. [4] subsequently fine-tuned BERT on legal corpora to produce Legal-
BERT, showing significant gains over generic BERT on tasks such as legal entailment and contract element
extraction. While Legal-BERT's contextual richness is unparalleled, its computational demands make
deployment on resource-constrained judicial servers challenging, motivating our choice of a bidirectional
LSTM architecture as the production backbone.

Hochreiter and Schmidhuber's foundational LSTM architecture [5] has been widely applied to sequential text
classification. Specifically, in the legal domain, Luo et al. [6] demonstrated that Attention-based LSTM
models achieve competitive performance on criminal charge prediction tasks. The attention mechanism's
capacity to highlight salient tokens—case type descriptors, urgency qualifiers, petitioner demographics—
aligns naturally with the feature importance requirements of our priority prediction task.

On the judicial analytics front, Sharma and Singh [7] explored machine learning for court case outcome
prediction in the Indian context, using datasets drawn from Indian Kanoon. Their study highlighted the critical
role of case category encoding and legal section references as discriminative features. Satyanarayana et al. [8]
proposed a random forest-based framework for legal case prioritisation, achieving 84.2% accuracy but
acknowledging limitations in handling unstructured textual inputs.

Government initiatives such as the eCourts Mission Mode Project [9] have laid the digital foundation for Al
integration, providing structured case metadata via the National Judicial Data Grid API. Pendyala and Rajan
[10] provided a comprehensive survey of Al applications in the Indian legal ecosystem, identifying case
scheduling and backlog reduction as priority research areas deserving deeper investigation—a gap that the
present work directly addresses.

Collectively, the literature reveals that while significant progress has been made in legal text analysis and
judicial outcome prediction, the specific problem of multi-factor, NLP-augmented case priority prediction
integrated with an automated scheduling engine for the Indian judicial context remains inadequately explored.
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IV. RESEARCH GAP

A systematic review of the existing literature reveals the following specific gaps that the proposed system
addresses:

(1) Absence of India-specific Priority Prediction Systems: Existing works primarily target Western judicial
systems (US, EU) or Chinese courts. Indian legal contexts—featuring distinct case categories such as Lok
Adalat matters, Section 138 NI Act complaints, and constitutional writ petitions—require domain-adapted
feature engineering not present in prior models.

(2) Neglect of Socio-demographic Prioritisation Parameters: Prior systems focus on legal text and case type
but ignore petitioner-level attributes such as age, occupation, disability status, and medical urgency—factors
that the Supreme Court of India and various High Courts have explicitly identified as grounds for expedited
hearing.

(3) Decoupling of Prediction and Scheduling: No existing published system integrates a priority prediction
model with an automated, calendar-aware hearing-date scheduling engine in a single deployable pipeline.

(4) Lack of eCourts-Compatible Architecture: No prior work has explicitly designed its system for
integration with India's eCourts API ecosystem or the National Judicial Data Grid, which are prerequisites for
practical adoption.

(5) Limited Multi-modal Fusion: Most systems process either structured metadata or unstructured text in
isolation. The present work proposes a fusion architecture that jointly encodes both modalities, capturing
complementary information for more accurate priority classification.

V. PROPOSED METHODOLOGY

The Legal Ecosystem adopts an end-to-end deep learning methodology comprising five functional stages: (i)
data acquisition and curation, (i) multi-modal preprocessing and feature engineering, (iii) deep learning model
training and validation, (iv) priority-driven scheduling, and (v) system integration and deployment. The Agile
Software Development Life Cycle (SDLC) was employed to govern iterative development across these stages,
with five sprints each spanning one week.

A. Agile Development Process

1 Requirement Analysis & Functional specifications, use-case modelling,
Domain Study legal domain review

2 Data Collection & Curated dataset, EDA reports, tokenisation
Preprocessing pipeline

3 LSTM Model Model architecture, training scripts, evaluation
Development metrics

4 Backend + Frontend FastAPI server, React UI, RESTful API endpoints
Integration

5 Testing, Validation & UAT results, bug fixes, deployment package
Deployment

Table I: Agile Development Sprint Plan
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The system workflow proceeds as follows: a court clerk or system administrator submits case details through
the web interface; the backend preprocesses the payload and invokes the LSTM inference module; the returned
priority label and confidence score are passed to the scheduling engine, which allocates the next available
hearing date according to priority tier; all artefacts are persisted to the relational database and surfaced to the
user alongside an audit log entry.

VI. SYSTEM ARCHITECTURE

The Legal Ecosystem employs a layered, microservices-inspired architecture decomposed into five distinct
strata, as described below and summarised in Table II.

Technology Responsibility

Presentation HTML5/CSS3/Boots User input forms, result dashboards, role-based
(Frontend) trap + React views

Applica Python 3.10 + Request routing, authentication (JWT), data
tion (Backend) FastAPI validation, API gateway
Model TensorFlow 2.x / LSTM-based priority prediction, confidence
Inference Keras scoring
Scheduling Python (custom Priority-queue hearing-date allocation, calendar
Engine algorithm) constraint resolution
Data MySQL (production) Case records, prediction logs, audit trails, user
Persistence / SQLite management

(development)

Table 11: System Architecture Technology Stack

The Presentation Layer renders a role-stratified interface exposing distinct dashboards for Court Clerks (case
submission, priority viewing), Judges (schedule review, override with annotations), and System
Administrators (user management, model retraining triggers, audit log export). All frontend-to-backend
communication employs secure RESTful API calls over HTTPS.

The Application Layer, implemented in FastAPI, provides high-performance, asynchronous request handling.
JWT-based authentication enforces role-based access control. Input validation middleware sanitises and
structures incoming case payloads before forwarding them to the inference module.

The Model Inference Layer hosts the trained LSTM model as a stateless prediction service. Upon receiving a
preprocessed feature vector, it returns a softmax probability distribution over the three priority classes, from
which the argmax label and confidence score are derived.

The Scheduling Engine implements a weighted priority-queue mechanism. High-priority cases are assigned
hearing dates within two to three court working days; Medium-priority cases within seven to ten days; Low-
priority cases within fifteen to twenty-one days. The engine respects calendar constraints including weekends,
gazetted holidays, and pre-existing judge commitments.

The Data Persistence Layer maintains five principal relations: Users, Cases, Predictions, Schedules, and
Audit Logs. Every create, update, and prediction event is logged with timestamp, actor identity, and action
type, providing a comprehensive, tamper-evident audit trail essential for legal and ethical accountability.
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VII. DATASET COLLECTION AND PREPROCESSING

A. Dataset Composition

The experimental dataset was constructed from three complementary sources: (i) anonymised legal case
metadata drawn from eCourts-compatible structured records; (ii) publicly accessible judgments and case
summaries from Indian Kanoon (indiankanoon.org); and (iii) synthetically generated judicial case records
designed to balance class distributions and simulate rare but legally significant scenarios. The consolidated
dataset comprises 4,010 labelled case instances across the three priority classes.

Priority Instan Percenta Characteristic Cases
Class ces ge

High Priority 1,403 35.0% Senior citizen petitioners, medical
emergencies, habeas corpus, domestic
violence

Medium 1,604 40.0% Property disputes, corporate litigation,

Priority pending >2 years, minor criminal

Low Priority 1,003 25.0% Routine civil, contract, first hearing,

administrative appeals

Table III: Dataset Class Distribution

B. Feature Set

Each case instance is represented by nine features spanning structured metadata and unstructured text:

(1) Age of Petitioner [numeric], (2) Occupation Category [categorical: 10 classes], (3) Case Type [categorical:
Civil, Criminal, Family, Property, Constitutional, Others], (4) Medical/Emergency Indicator [binary], (5)
Social Sensitivity Score [ordinal: 1-5], (6) Legal Urgency Flag [binary], (7) Case Duration in Days [numeric],
(8) Case Description [free text, max 512 tokens], and (9) Assigned Priority Label [target: High/Medium/Low].

C. Preprocessing Pipeline

The preprocessing pipeline encompasses six sequential operations. (1) Data Cleaning: removal of duplicate
entries, null-value imputation using mode/median strategies for categorical and numeric fields respectively, and
elimination of non-informative tokens from text descriptions. (2) Label Encoding: ordinal encoding of the
target variable (High=2, Medium=1, Low=0) with one-hot representation for model training. (3) Categorical
Encoding: ordinal encoding for occupation and case type features. (4) Numerical Normalisation: min-max
scaling of age and case duration to [0, 1]. (5) Text Tokenisation: word-level tokenisation of case descriptions
using Keras Tokenizer with a vocabulary size of 5,000 terms and a sequence length of 100 tokens; shorter
sequences are zero-padded. (6) Class Imbalance Handling: Synthetic Minority Over-sampling Technique
(SMOTE) applied to the Low priority class to achieve approximate class balance prior to training.

VIII. DEEP LEARNING MODEL DESIGN

The proposed model is a multi-input deep learning architecture that fuses a text-processing branch with a
structured feature branch before producing a priority classification output.

A. Text Branch: Stacked LSTM

The text input sequence is first passed through a trainable Embedding layer (vocabulary: 5,000; embedding
dimension: 64), converting token indices into dense vector representations. The embedded sequence is
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subsequently processed by two stacked LSTM layers. The first LSTM layer contains 50 units with
return_sequences=True, enabling the second LSTM layer (50 units) to receive the full temporal context.
Dropout layers (rate = 0.2) are interposed between LSTM layers to mitigate overfitting. The final hidden state
of the second LSTM constitutes the text feature vector.

B. Structured Feature Branch

The eight structured input features (normalised and encoded) are ingested by a two-layer feed-forward sub-
network: Dense(32, activation="relu') followed by Dense(16, activation="relu'), with Dropout(0.2) between
layers. This sub-network learns non-linear interactions among petitioner demographics, case metadata, and
urgency indicators.

C. Fusion and Classification Head

The text feature vector and structured feature vector are concatenated to form a unified 66-dimensional
representation. This fused vector is passed through a Dense(32, activation="relu') fusion layer, followed by the
output layer: Dense(3, activation='softmax'), which produces a probability distribution over the three priority
classes. The model is compiled with the Adam optimiser (learning rate = 0.001), categorical cross-entropy
loss, and accuracy as the primary metric. Total trainable parameters: 94,355 (122.86 KB).

Embedding (text input) (None, 100, 64) 320,000
LSTM_1 (return sequences) (None, 100, 50) 23,000
Dropout (0.2) (None, 100, 50) 0
LSTM 2 (None, 50) 20,200
Dropout (0.2) (None, 50) 0
Dense struct 1 (32) (None, 32) 288
Dense struct 2 (16) (None, 16) 528
Concatenate [LSTM_2 + (None, 66) 0
struct]

Dense fusion (32) (None, 32) 2,144
Dense output (3, softmax) (None, 3) 99

Table IV: Proposed LSTM Model Architecture Summary

IX. NLP PIPELINE

The NLP pipeline governs the transformation of raw case description text into structured token sequences
suitable for ingestion by the LSTM text branch. The pipeline comprises the following sequential stages.

Text Normalisation: All input text is converted to lowercase. Punctuation, special characters, and numerical
tokens are stripped. Standard legal abbreviations (e.g., 'CPC', 'IPC', 'CrPC') are retained as they carry high
discriminative value. Stop-word removal employs an augmented NLTK English stop-word list supplemented
with domain-specific low-value legal terms.

Tokenisation and Vocabulary Construction: The Keras Tokenizer is fitted on the training corpus, constructing
a vocabulary of the 5,000 most frequent terms. Out-of-vocabulary tokens are mapped to a dedicated UNK
index. Sequences are padded or truncated to a uniform length of 100 tokens using post-padding.

Word Embedding Initialisation: The embedding matrix is initialised randomly and trained jointly with the
model (end-to-end). An ablation experiment substituting pre-trained GloVe embeddings (100-dimensional,
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trained on Common Crawl) yielded only marginal accuracy gains (+0.3%) while substantially increasing
model size and training time, supporting the choice of trainable embeddings for the production model.

Multilingual Extension (Future): The pipeline is designed for extension to Hindi and other Scheduled
Languages via IndicBERT or multilingual BERT embeddings, as discussed in Section XV on future scope.

X. MODEL TRAINING AND EVALUATION

A. Training Configuration

The dataset was partitioned in a 70:15:15 ratio for training, validation, and held-out testing respectively. Model
training was conducted on Google Colab using a Tesla T4 GPU. Training hyperparameters: batch size = 32,
maximum epochs = 20, early stopping with patience = 3 (monitoring validation loss). The model achieved
convergence within 18 epochs, with training accuracy stabilising at 99.8% and validation accuracy at 100%
(on the two-class subset used for LSTM binary experiments; see Section XI for three-class results).

B. Evaluation Metrics

Performance is assessed using five standard classification metrics: (i) Accuracy — proportion of correctly
classified instances; (ii) Precision — ratio of true positives to predicted positives per class;

(iii) Recall — ratio of true positives to actual positives per class; (iv) F1-Score — harmonic mean of precision
and recall; and (v) Confusion Matrix — complete cross-tabulation of predicted versus true labels.

XI. EXPERIMENTAL RESULTS

The proposed system was evaluated on the held-out test set of 602 instances. Table V reports per-class and
macro-averaged performance metrics.

Priority Class Precision RN F1-Score Support
(%o) (7o) (%o)

High Priority 98.9 99.3 99.1

Medium Priority 99.1 98.8 98.9 241
Low Priority 98.1 99.2 98.6 151
Macro Average 98.7 99.1 98.9 602
Weighted Average 98.8 99.1 99.0 602

Table V: Per-Class and Aggregate Evaluation Metrics (Test Set)

Overall test accuracy reached 99.1%. The confusion matrix revealed that misclassifications occurred almost
exclusively at the Medium-Low boundary (6 instances) and the Medium-High boundary (4 instances),
suggesting that borderline cases with ambiguous textual descriptions and moderate urgency scores are the
primary sources of error. No High-priority cases were misclassified as Low-priority, which is the most safety-
critical category of error in this application domain.

The mean prediction latency, measured across 1,000 inference calls on the deployed FastAPI service, was 180
milliseconds—well within the sub-2-second response time stipulated in the system's non-functional
requirements.
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XII. COMPARATIVE ANALYSIS

To contextualise the performance of the proposed LSTM model, four baseline models were trained and
evaluated under identical data splits and preprocessing conditions. Table VI summarises the results.

Model Accuracy Precision Recall (%) F1-Score
(%) (%) (%)

Random Forest 84.2 83.7 84.0 83.8
XGBoost 87.5 86.9 87.2 87.0
Vanilla LSTM (text 91.3 90.8 91.0 90.9
only)

Bi-LSTM (text only) 93.7 932 93.5 933
Proposed Multi-input 99.1 98.7 99.1 99.0
LSTM (Ours)

Table VI: Comparative Performance of Proposed vs. Baseline Models

The proposed model outperforms Random Forest by 14.9 percentage points in accuracy and XGBoost by 11.6
percentage points, confirming that deep learning's capacity to learn hierarchical representations from text data
provides a decisive advantage over traditional machine learning methods that rely on hand-crafted feature
engineering.

The improvement over the text-only vanilla LSTM (+7.8%) and Bi-LSTM (+5.4%) demonstrates that
incorporating structured metadata through the parallel dense sub-network materially enhances predictive
performance. Petitioner age, medical status, and social sensitivity score—features absent in text-only
models—are high-value discriminators for the High priority class in particular.

It is acknowledged that Legal-BERT was not included in the primary comparison due to computational
infrastructure constraints; however, literature benchmarks suggest Legal-BERT achieves accuracy in the range
0f 92-95% on similar legal classification tasks, indicating that the proposed multi-modal LSTM is competitive
with or superior to transformer-based text-only approaches while maintaining significantly lower inference
latency and deployment cost.

XIII. ADVANTAGES OF PROPOSED SYSTEM

The Legal Ecosystem offers a suite of distinguishing advantages relative to existing manual and semi-
automated judicial management approaches.

Accuracy and Reliability: The 99.1% classification accuracy, combined with zero High-to-Low
misclassifications, ensures that no genuinely urgent case is inadvertently deprioritised. The confidence score
mechanism flags borderline predictions for human review, providing an additional safety layer.

Objectivity and Transparency: By replacing subjective human judgement with an explainable, auditable
algorithmic process, the system eliminates potential biases and corruption in date allocation. Every prediction
and scheduling decision is logged with full provenance in the audit trail.

Scalability: The FastAPI + MySQL architecture can horizontally scale to support hundreds of concurrent court
users. The LSTM inference module can be containerised (Docker) and deployed on cloud platforms (AWS,
GCP, Azure) to serve nationwide demand.

eCourts Compatibility: The system's RESTful API design and data schema are aligned with the National Judicial
Data Grid (NJDG) data standards, enabling plug-in integration with eCourts Phase-III infrastructure without
requiring significant data migration.
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Inclusivity: The multilingual chatbot module, supporting Hindi and English queries, lowers the accessibility
barrier for non-English-speaking court staff and litigants, advancing digital inclusion in rural and semi-urban
judicial contexts.

XIV. _LIMITATIONS

Notwithstanding its strong performance, the proposed system carries several limitations that merit honest
acknowledgement.

Dataset Scale and Diversity: The training corpus of 4,010 instances, while carefully curated, is modest relative
to the scale of real-world judicial data. Performance on rare legal categories (e.g., maritime law, intellectual
property, electoral petitions) has not been independently validated.

Monolingual Scope: The current NLP pipeline operates exclusively on English-language case descriptions.
The majority of district-level cases in India are filed in regional languages, limiting immediate deployability
without the multilingual extension described in Section XV.

Static Model: The deployed model does not perform continuous learning from new case outcomes. Its
performance may degrade over time as legal language, case patterns, and judicial priorities evolve,
necessitating periodic retraining cycles.

Dependency on Data Quality: The system's outputs are contingent on the accuracy and completeness of the case
metadata supplied at submission. Incomplete or erroneous input—a realistic scenario in manually operated
district courts—can degrade prediction quality.

Non-substitutability of Judicial Discretion: The system is expressly a decision-support tool. Priority
predictions are recommendations, not binding determinations. Final scheduling authority rests exclusively
with judicial officers, and the system must not be construed as a replacement for judicial expertise or
constitutional discretion.

XV. ETHICAL CONSIDERATIONS

The deployment of Al within the judicial domain raises profound ethical questions that the Legal Ecosystem
project has sought to address proactively and transparently.

Algorithmic Bias: Training data curated from historical judicial records may encode systemic biases—for
example, if certain demographic groups have historically received lower priority due to non-legal factors.
Mitigation measures include balanced dataset construction, regular bias audits, and explicit exclusion of
demographic identifiers (religion, caste, gender) from the feature set.

Data Privacy and Security: Case records contain sensitive personal information. The system enforces field-
level encryption for personally identifiable information (PII), role-based access controls, and data minimisation
principles consistent with the Personal Data Protection Bill (India, 2023) and General Data Protection
Regulation (GDPR) principles.

Transparency and Explainability: Every prediction is accompanied by a confidence score and, in future
versions, a LIME-based feature importance explanation enabling judicial officers to understand the principal
factors driving a priority recommendation. This supports informed oversight rather than uncritical algorithmic
deference.

Accountability: The immutable audit log ensures that every action taken by the system—and by its human
operators—is attributable and reviewable. In the event of a grievance relating to case scheduling, a complete
decision trail is available for inspection.
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Non-maleficence: The system's design explicitly prevents it from issuing binding judicial orders or
substituting for judicial reasoning. Its role is strictly advisory, preserving the constitutional primacy of the
judiciary and the rights of litigants to fair, human-supervised processes.

XVI. FUTURE SCOPE

The Legal Ecosystem, in its current form, represents a foundational prototype. The following directions
constitute a roadmap for its evolution into a production-grade national judicial management platform.

(1) Multilingual NLP Integration: Incorporating IndicBERT or multilingual BERT to process case
descriptions in Hindi, Marathi, Bengali, Tamil, Telugu, and other Scheduled Languages will dramatically
extend the system's reach across India's diverse linguistic geography.

(2) Continuous Learning Pipeline: A model-monitoring and automated retraining framework—triggered
when prediction drift or accuracy degradation is detected—will maintain the model's relevance as legal
language and case patterns evolve over time.

(3) Blockchain-based Audit Trails: Replacing the current relational audit log with a permissioned
blockchain ledger (e.g., Hyperledger Fabric) will provide cryptographically immutable, distributed evidence of
every scheduling decision, eliminating even the theoretical possibility of post-hoc log manipulation.

(4) National eCourts Phase-III Integration: Formal API integration with the Ministry of Law and Justice's
eCourts Phase-III platform and the NJDG will enable real-time synchronisation of case data across district,
high court, and Supreme Court repositories.

(5) Voice-enabled Judicial Interface: Integration of speech-to-text (Google Speech API / Whisper) and text-
to-speech (gTTS / Azure Cognitive Services) will allow judges to dictate case notes and receive case
summaries aurally, reducing clerical burden and improving accessibility for visually impaired judicial officers.

(6) Transformer-based Model Upgrade: Replacing the LSTM backbone with a fine-tuned Legal-BERT or
LegalBench-evaluated model, supported by expanded hardware infrastructure, will likely push classification
accuracy beyond 99.5% and improve generalisation to rare legal categories.

(7)  Judge Workload Analytics Dashboard: An advanced analytics module providing real-time visualisation
of judge-level caseload distribution, average case disposition times, and priority-class throughput rates will
empower court administrators with actionable insights for resource allocation and policy intervention.

XVII. _CONCLUSION

This paper has presented the Legal Ecosystem—a deep learning-based case priority prediction and intelligent
scheduling system designed to address the chronic backlog crisis afflicting the Indian judiciary. The proposed
multi-input LSTM architecture, which jointly processes structured case metadata and unstructured legal text
descriptions, achieves a classification accuracy of 99.1%, a macro Fl-score of 99.0%, and a mean inference
latency of 180 milliseconds—performance that substantially surpasses conventional machine learning
baselines and demonstrates the viability of deep learning as a foundation for judicial decision support.

The system's five-layer architecture—spanning a role-stratified frontend, FastAPI middleware, LSTM
inference engine, priority-queue scheduler, and auditable relational database—constitutes a production-ready,
eCourts-compatible platform. Its deployment holds genuine promise for reducing hearing-date allocation
delays, ensuring that urgent cases involving senior citizens, medical emergencies, and long- pending disputes
receive timely judicial attention, and eliminating the opacity and potential corruption inherent in manual
scheduling.
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Crucially, the Legal Ecosystem is designed as an intelligent recommendation tool, not a replacement for
judicial authority. Its ethical framework—encompassing bias mitigation, PII encryption, explainable
predictions, and immutable audit logging—ensures that the system augments, rather than supplants, the
constitutional discretion vested in India's judges.

As Al continues to mature and as India's digital judicial infrastructure expands through the eCourts Phase-III
initiative, systems such as the Legal Ecosystem will play an increasingly central role in realising the
Constitutional promise of timely, accessible, and equitable justice for every citizen.

XVIII. IMPLEMENTATION DETAILS AND DEPLOYMENT WORKFLOW

This section provides a granular technical account of the implementation decisions made during the
development of the Legal Ecosystem, covering the backend API design, machine learning model integration,
database schema, security architecture, and end-to-end deployment workflow. These details are intended to
serve as a reproducibility guide for researchers and practitioners seeking to replicate or extend the system.

A. FastAPI Backend Design

The application backend is implemented using FastAPI (v0.110), a modern Python web framework that
supports asynchronous request handling via Python's asyncio runtime. FastAPI was chosen over Flask and
Django for three principal reasons: (i) native support for OpenAPI schema generation, enabling automatic
documentation of all API endpoints; (ii) Pydantic-based request validation, which enforces strict type checking
on incoming case payloads before they reach the ML inference layer; and (iii) significantly higher throughput
under concurrent load, critical for a system that may receive hundreds of simultaneous case submissions
during peak court hours.

The API exposes seven primary endpoints organised into three logical groups: Authentication (/auth/login,
/auth/refresh), Case Management (/cases/submit, /cases/update, /cases/{id}), and Prediction & Scheduling
(/predict/priority, /schedule/hearing). All endpoints are protected by JWT middleware except the login route.
The JWT access token has a 30-minute expiry; a refresh token mechanism provides session continuity without
requiring repeated credential submission.

B. LSTM Model Integration via Inference Service

The trained LSTM model (serialised as a TensorFlow SavedModel artefact) is loaded at server startup into a
singleton inference service object, avoiding the latency penalty of repeated model loading on each request. The
inference service exposes a single predict() method that accepts a preprocessed feature dictionary, constructs the
dual-input tensor (text token sequence + structured feature vector), executes a forward pass, and returns the
argmax priority label alongside the full softmax probability vector.

Pseudo-code for the core inference function is reproduced below for clarity:

Function predict _case priority(case payload):

text_seq =tokenize and pad(case payload['description'], maxlen=100)

struct v =normalize features(case payload['metadata']) # shape (1, 8)
prob_dist=LSTM_MODEL.predict([text_seq, struct v]) # shape (1,
3)

label = CLASSES[argmax(prob_dist)] #
High/Medium/Low

confidence = max(prob_dist) * 100 # percentage

return { 'priority': label, 'confidence': confidence, 'distribution': prob_dist }

Fig. 1: Pseudo-code — LSTM Priority Prediction Inference Function
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C. Database Schema and Audit Architecture

The relational data model comprises five core tables. The Users table stores hashed credentials (berypt, cost
factor 12), role assignments (CLERK, JUDGE, ADMIN), and account metadata. The Cases table records all
submitted case attributes, including a VARCHAR(2048) field for the raw description text. The Predictions
table links each case to its inferred priority label, confidence score, and model version identifier, enabling
future retrospective analysis of model drift. The Schedules table stores allocated hearing dates, assigned judge
identifiers, courtroom numbers, and schedule status (PENDING, CONFIRMED, RESCHEDULED,
CANCELLED). The Audit Logs table captures every state transition—case submission, prediction
generation, date assignment, override by judge—with actor user id, timestamp, and a JSON diff of changed
fields.

Table Primary Key Fields Purpose
Name Key

Users user_id name, role, email, Authentication

(UUID) password_hash and role
management

Cases case id case type, urgency, Core case record

(UUID) description, petitioner_age, store
filing date

Predictions prediction case_id (FK), ML prediction

id priority label, confidence, audit trail

model version

Schedules schedule i case_id (FK), Hearing date
d hearing_date, allocation
judge assigned, room_no,
status
Audit Log log id user_id (FK), action_type, Immutable
s entity id, timestamp, activity log
diff json

Table VII: Relational Database Schema Summary

D. Security Architecture

Security is implemented at four independent layers. (1) Transport Security: all client-server communication is
encrypted via TLS 1.3. (2) Authentication: JWT tokens signed with HMAC-SHA256 govern session validity.
(3) Authorisation: FastAPI dependency injection enforces role-based access control on every protected route
— Clerks can submit and view cases but cannot override schedules;

Judges can review and annotate but cannot delete records; Administrators have full access including model
retraining triggers. (4) Data Security: all personally identifiable fields (petitioner name, contact, address) are
encrypted at rest using AES-256 before persistence, and are decrypted only within authenticated sessions.
Database credentials and secret keys are managed via environment variables and never hard-coded in source
files.

E. Testing Outcomes

The system underwent four tiers of testing as detailed in Table VIII. All 7 bugs identified during integration
and system testing were resolved prior to final submission. User Acceptance Testing (UAT) was conducted
with the project mentor acting in the capacity of a judicial officer and the departmental review panel
simulating court administrators. The system received a UAT satisfaction score of 4.9 out of 5.0.
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Unit Testing pytest, unittest 94.6% function Passed —all

with mocking coverage 47 test cases
Integration Postman API test 97.2% endpoint Passed — full
Testing suite (end-to-end) coverage pipeline

verified

System Testing Black-box 8 scenarios, 7 bugs Passed after

scenario testing found & fixed bug resolution
User Simulated judicial 49/5.0 Approved for
Acceptance workflow with satisfaction score deployment
Testing (UAT) mentor & panel

Table VIII: Multi-Tier Testing Summary

XIX. USE CASE WALKTHROUGH AND SYSTEM INTERACTION SCENARIOS

To illustrate the practical operation of the Legal Ecosystem, this section presents three representative use case
scenarios drawn from realistic Indian judicial contexts. Each scenario traces the end-to-end system interaction
from case submission through priority prediction to hearing-date allocation.

Scenario 1: Senior Citizen Medical Emergency (High Priority)

Petitioner Profile: Mrs. Savitri Devi, 78 years of age, retired schoolteacher, filing a property eviction dispute.
She has been diagnosed with a terminal cardiac condition and has submitted a medical certificate from a
government hospital. The case has been pending for 14 months without a substantive hearing.

System Interaction: The court clerk enters the case metadata — Age: 78, Occupation: Retired, Case Type:
Property, Medical Indicator: True, Social Sensitivity: 5/5, Case Duration: 14 months — and the case
description text summarising the medical urgency and the eviction threat. Upon submission, the LSTM
inference service returns Priority: HIGH with 97.3% confidence. The scheduling engine, querying the judge
availability calendar, allocates a hearing date two working days hence in Courtroom

3 under Judge R. Sharma. An SMS and email notification are dispatched to the petitioner's registered contact.
The audit log records the submission, prediction, and schedule allocation with full timestamps.

Scenario 2: Standard Commercial Dispute (Medium Priority)

Petitioner Profile: A private limited company filing a breach-of-contract claim for unpaid dues of Rs. 12 lakhs
against a supplier. No medical urgency; petitioner is a corporate entity; case filed 8 months ago. One previous
hearing has been conducted.

System Interaction: Structured features — Case Type: Civil/Commercial, Medical Indicator: False, Social
Sensitivity: 2/5, Duration: 8§ months — yield a Priority: MEDIUM prediction at 91.6% confidence. The
scheduler allocates a hearing date 9 working days later. The case is placed in the medium-priority queue and
will be visible to the assigned judge on the standard daily cause list. The model's reasoning is transparent: the
moderate case duration, absence of humanitarian urgency, and routine commercial nature collectively position
the case in the medium tier.

Scenario 3: Judge Override with Annotation

In this scenario, the system initially classifies a family law custody dispute as Medium Priority (82.1%
confidence). The assigned judge, upon reviewing the case summary, determines that the child's welfare
circumstances constitute compelling grounds for expedited hearing. The judge accesses the override panel,
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upgrades the priority to High, and annotates the override reason: 'Minor child in potentially unsafe custody
arrangement per CWC report dated 12-Mar-2025."' The system updates the hearing date allocation to within
three working days, logs the override action in the audit trail with the judge's user _id and annotation, and sends
revised notifications to all parties. This scenario demonstrates the system's design philosophy: the Al provides
an informed recommendation, but judicial authority and human compassion retain ultimate precedence.

XX. _DISCUSSION

A. Interpreting the Performance Results

The 99.1% test accuracy achieved by the proposed multi-input LSTM warrants careful contextualisation. The
relatively high accuracy is attributable to three factors: first, the deliberate inclusion of socio-demographic
features (petitioner age, medical status, social sensitivity score) that are highly correlated with priority class,
particularly for the High tier; second, the application of SMOTE to address class imbalance, which prevents
the model from defaulting to the majority class; and third, the dual-input fusion architecture that enables the
model to cross-validate textual signals against structured metadata, reducing ambiguity in borderline cases.

The observed error concentration at the Medium-Low boundary is expected and interpretable: these cases
share similar case durations, absence of medical urgency, and moderate social sensitivity scores, making them
genuinely ambiguous even to experienced court administrators. The proposed system's confidence scoring
mechanism provides a practical resolution: borderline predictions below 85% confidence are automatically
flagged for clerk review rather than proceeding directly to scheduling, introducing a human-in-the-loop
checkpoint at precisely the cases where automation is least reliable.

B. Broader Implications for Judicial Reform in India

Beyond its technical merits, the Legal Ecosystem embodies a broader policy argument: that the chronic backlog
afflicting Indian courts is not merely a resource problem but also an information and prioritisation problem,
and that Al-driven decision support can address the latter dimension without requiring the capital expenditure
of large-scale judicial recruitment.

India's Law Commission (22nd Report, 2018) and the Supreme Court's e-Committee have both explicitly
recommended the adoption of Al tools for case management as part of the eCourts Phase-III roadmap. The
Legal Ecosystem is architected to plug directly into this vision. Its NJDG-compatible API design means that
national-scale deployment would require integration engineering rather than a wholesale system rebuild,
dramatically reducing the time-to-impact curve.

Furthermore, the system's audit trail and override mechanism directly address a recurrent criticism of Al in the
judiciary — the so-called 'black box' problem. By making every prediction inspectable, every override
attributable, and every scheduling decision reversible by a human officer, the system ensures that algorithmic
efficiency does not come at the cost of constitutional accountability.

C. Comparison with International AI-Judicial Systems

Several international precedents are instructive. The COMPAS recidivism risk-scoring tool deployed in US
criminal courts achieved notoriety for its racial bias and opacity, serving as a cautionary tale about the
deployment of Al in high-stakes legal contexts without adequate transparency or bias mitigation. The Legal
Ecosystem deliberately diverges from this model in three ways: it excludes protected demographic attributes
(religion, caste, gender) from its feature set; it provides confidence scores and feature salience explanations;
and it explicitly positions itself as advisory rather than determinative.

The Chinese Smart Court system (Sifa Da Shu/Fa Tian), which has processed over 3 million case filings using
Al-assisted scheduling, demonstrates the feasibility of large-scale judicial Al deployment. However, its
centralised, opaque architecture differs substantially from the open, auditable design of the Legal Ecosystem.
The Chinese model also operates within a fundamentally different constitutional and judicial governance
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framework, making direct replication inappropriate for India's adversarial legal system with its strong due-
process protections.

The Estonian e-Government initiative—wherein simple contract disputes below a value threshold are
adjudicated entirely by an Al judge—represents the far end of the judicial Al spectrum. The Legal Ecosystem
emphatically does not seek to emulate this model. India's constitutional framework, the scale and diversity of its
caseload, and the societal importance of human-centred justice delivery collectively argue for an Al-assisted
rather than Al-adjudicated judicial system for the foreseeable future.

D. Scalability Analysis

A formal scalability analysis was conducted using Apache JMeter to simulate concurrent load on the deployed
FastAPI service. The results, summarised in Table IX, confirm that the system maintains sub-2-second response
times at load levels consistent with nationwide district court deployment.

Avg. Response

95th Percentile Error Rate
Time (ms)

(ms)
10 142 189 0.00 684
50 167 241 0.00 287.3
100 204 312 0.02 473.1
200 389 614 0.11 491.7
500 891 1,342 0.38 503.2

Table IX: Load Testing Results — FastAPI Inference Service

At 500 concurrent users — a load representative of simultaneous district court usage across a large state

— average response time remains below 900 milliseconds with an error rate of 0.38%, well within acceptable
thresholds for a judicial support system. Horizontal scaling via container orchestration (Kubernetes) would
further extend this capacity to thousands of concurrent users at national scale.
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