
1 

International Journal Research Publication Analysis                                               

Copyright@                                                                                                                   Page 1 

 

 

 

A FRAMEWORK OF IDEAL ACCOUNTING SYSTEM THOUGH 

PRESENT ANXIETY AND STRESS ANALYSIS OF IT PEOPLE AND 

HOW DEEP LEARNING INFLUENCES HUMAN ADMINISTRATION 

 

*Samir Kumar Bandyopadhyay 

 

The Bhawanipur Education Society, Kolkata 700020, India. 

 

Article Received: 16 November 2025  

Article Revised: 06 December 2025     

Published on: 26 December 2025 

 

*Corresponding Author: Samir Kumar Bandyopadhyay 

The Bhawanipur Education Society, Kolkata 700020, India. 

DOI: https://doi-doi.org/101555/ijrpa.4604   

 

ABSTRACT 

The field of Human Resource (HR) administration, traditionally characterized by labour-

intensive, repetitive, and time-consuming documentation and communication tasks, is poised 

for a transformative shift through the integration of advanced Artificial Intelligence (AI). 

Ideal Accounting system as well as modern accounting system were discussed for proper 

understanding of AI effect can help Staff from Organization from anxiety and stress. This 

paper investigates the synergistic application of Large Language Models (LLMs), 

underpinned by Deep Learning (DL) architectures, to revolutionize core HR administrative 

functions, including recruitment, employee support, performance management, and policy 

compliance. LLMs, leveraging multi-layered neural networks (the essence of deep learning), 

excel at understanding, generating, and summarizing unstructured text data—the primary 

medium of HR operations. It is  analysed how LLMs, particularly when integrated with 

techniques like Retrieval-Augmented Generation (RAG), can move beyond simple keyword 

matching to achieve semantic-level understanding, mitigating human bias and dramatically 

enhancing efficiency.2 The paper details common administrative bottlenecks in HR, proposes 

a DL-enabled LLM framework for their resolution, and presents a case study on the 

deployment of an LLM-powered HR knowledge assistant that resulted in a significant 

reduction in employee query resolution time and a measurable increase in HR team focus on 

strategic tasks. Our findings suggest that the adoption of LLMs, when coupled with robust 

data governance and bias-mitigation strategies, offers a compelling pathway for HR 

departments to evolve from operational centres to strategic business partners. 
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1. INTRODUCTION 

The 21st-century enterprise operates in an environment of unprecedented complexity and 

velocity, necessitating a commensurate evolution in its supporting functions. Human 

Resources (HR), as the custodian of an organization's most critical asset—its people—is 

central to this evolution. HR administration encompasses the transactional, yet essential, tasks 

that ensure the smooth functioning of the employee lifecycle, from hiring and onboarding to 

daily support, benefits management, and compliance documentation. These processes are 

inherently document-heavy and communication-intensive, involving the parsing of diverse 

textual data (resumes, policy manuals, performance reviews, employee emails, and chat logs) 

[1-2]. 

 

Historically, the administrative burden on HR teams has been immense, often leading to 

bottlenecks, inconsistent policy application, and a diversion of HR professionals' time away 

from strategic initiatives like talent development and organizational design. The advent of 

sophisticated AI technologies, particularly those rooted in Deep Learning (DL), now presents 

a viable solution to automate and optimize these administrative workflows. 

 

This paper focuses specifically on the role of Large Language Models (LLMs), which are 

the most advanced manifestation of contemporary DL research, in transforming HR 

administration. LLMs, such as the GPT series, PaLM, and Claude, are distinguished by their 

ability to process and generate human language with remarkable coherence, context-

awareness, and fluency. Our objective is to provide a comprehensive analysis of the 

theoretical underpinnings, practical applications, and organizational impact of integrating 

DL-enabled LLMs into the core administrative processes of HR. The subsequent sections will 

detail the technological foundation, examine the specific administrative challenges, propose a 

DL-LLM-based solution framework, and validate the concept through a practical case study 

[3-5]. 
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 The outlines an ideal accounting process, centred on the well-established accounting cycle, 

and illustrates it using a sample company dataset. The ideal process emphasizes accuracy, 

efficiency, and adherence to generally accepted accounting principles (GAAP) through 

systematic steps, leveraging modern technology for automation and robust internal controls. 

It ensures that raw financial transactions are systematically transformed into reliable and 

informative financial statements for decision-makers and external stakeholders. 

 

The accounting process, often referred to as the accounting cycle, is a mandatory, 

standardized sequence of steps that a company must follow during each accounting period 

(e.g., monthly, quarterly, or annually) to record, process, and report its financial transactions. 

An ideal process is one that is not only compliant but also highly efficient, minimizes error, 

and provides timely, actionable insights. This framework integrates the core mechanical steps 

of bookkeeping with essential elements of governance and technology. The ideal accounting 

process comprises eight essential steps, executed with a strong focus on internal controls and 

technological efficiency. The ideal accounting process is shown in figure 1. 

 

 

Figure 1 Ideal Accounting system and corresponding Accounting. Cycle. 

 

Step 1: Identify and Analyse Transactions  

The cycle begins with the occurrence of a financial event (a transaction) and the identification 

of its source document (e.g., an invoice, receipt, or bank statement). 

 

Every transaction must be supported by a document, and the financial impact (which 

accounts are affected) is immediately analysed. Transactions should be identified and 
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analysed in real-time, often automatically through integration between source systems (e.g., 

Point of Sale, Procurement) and the accounting software. 

 

Step 2: Record Transactions in a Journal (Journalizing)  

Transactions are chronologically recorded in the General Journal or specialized subsidiary 

journals (e.g., Sales Journal, Cash Receipts Journal) using the double-entry bookkeeping 

system, ensuring that total Debits always equal total Credits for every entry. It is shown in 

Table 1. 

 

Table 1 It shows double-entry bookkeeping system. 

Date Account Titles and Explanation Post. Ref. Debit Credit 

Nov 15 Accounts Receivable 120 5,000 
 

 
Service Revenue 401 

 
5,000 

 
(To record service sold on credit) 

   
 

Step 3: Post Entries to the General Ledger (GL)  

The journal entries are transferred (posted) to the respective General Ledger accounts. The 

GL is the complete record of all accounts, showing the current balance for each. 

The posting is instantaneous and automated by the accounting software, ensuring that account 

balances in the GL are always current. The GL serves as the central repository for financial 

data. 

Step 4: Determine the Unadjusted Trial Balance  

At the end of the accounting period, a Trial Balance is prepared, listing all GL accounts and 

their balances. This is a critical check to ensure the total of all Debit balances equals the total 

of all Credit balances. 

This is an automated report generation step. While balance confirms the mechanics of double 

entry, it does not guarantee all transactions were recorded correctly or that no errors of 

principle occurred. 

Step 5: Adjust Journal Entries  

Adjusting entries are recorded to adhere to the Accrual Basis of Accounting and the Matching 

Principle. These entries correct errors, record accrued or deferred items and record non-cash 

items like depreciation. 

This requires professional judgment. For instance, recording monthly Depreciation Expense.  

Step 6: Prepare the Adjusted Trial Balance and Financial Statements  
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After adjusting entries are posted, a new Adjusted Trial Balance is prepared. This final, 

verified trial balance is the source data used to generate the primary Financial Statements: 

• Income Statement: Reports profitability over a period. 

• Statement of Retained Earnings: Shows changes in equity. 

• Balance Sheet: Reports assets, liabilities, and equity at a specific point in time. 

• Cash Flow Statement: Details the inflows and outflows of cash. 

Statement generation is automated, allowing for real-time reporting and granular analysis 

(e.g., departmental reporting, variance analysis). 

 

Step 7: Close the Books  

Temporary accounts (Revenues, Expenses, and Dividends/Drawings) are zeroed out, and 

their balances are transferred to the Retained Earnings (a permanent account). This step 

prepares the books for the start of the next accounting period. 

This is a batch process executed automatically by the software at the end of the reporting 

period. 

Step 8: Post-Closing Trial Balance  

A final, Post-Closing Trial Balance is prepared. It contains only permanent accounts (Assets, 

Liabilities, and Equity) and verifies that the books are balanced and ready for the next cycle. 

The ideal accounting process is heavily reliant on a sophisticated Enterprise Resource 

Planning (ERP) system or specialized accounting software. Reduces manual intervention in 

steps 2, 3, 4, 6, 7, and 8, significantly reducing human error and increasing speed. 

 

Internal Controls: Segregation of duties, approval workflows for transactions, and password 

protections are embedded within the software to prevent fraud and error. For example, the 

person who records a cash receipt (Step 2) should not be the person who performs the bank 

reconciliation. The system must maintain a complete, immutable audit trail that links the final 

financial statements back to the original source documents (Step 1). Ideal accounting process 

is a continuous loop that ensures financial data is captured accurately, processed according to 

GAAP, and transformed into meaningful reports. By embracing automation and robust 

internal controls, a company can move beyond mere compliance to achieve financial 

reporting excellence, providing the foundation for strategic business decisions [6]. 

 

The rapid evolution and highly competitive nature of the Information Technology (IT) 

sector have placed immense, unique pressures on its workforce, leading to a significant 

increase in occupational stress. This review analyses the pervasive factors contributing to 
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stress among IT employees—a cohort characterized by high cognitive demand and an 

"always-on" work culture—and critically evaluates the essential, yet often underutilized, role 

of the psychiatrist in both the diagnosis and comprehensive remediation of stress-related 

mental health conditions [7-8]. 

 

The IT industry's operational model inherently breeds several key stressors that distinguish it 

from traditional work environments. Understanding these factors is crucial for effective 

intervention. 

 

A. Core Stressors Unique to the IT Environment 

 Pervasive Time Pressure and Deadlines (Agile Cycle): Methodologies like Agile and 

Scrum dictate short, iterative development cycles (sprints). While efficient, this system 

creates unrelenting pressure to deliver features quickly, leading to constant deadline stress 

and the perception of a perpetual crisis. 

 Technological Obsolescence and Continuous Learning: IT professionals must 

constantly update their skills to remain relevant. This pressure to master new 

programming languages, frameworks, and tools creates a feeling of qualitative workload 

stress—the demand to perform tasks that push the limits of one's current competency. 

 The "Always-On" Culture: Global operations, distributed teams, and the nature of 

critical IT infrastructure (DevOps, SRE) often necessitate 24/7 availability or on-call 

duties. This erodes the boundaries between work and personal life, leading to chronic 

fatigue and sleep deprivation, major contributors to stress and strain. 

 Role Ambiguity and Conflict: Especially within Project Management and Technical 

Lead roles, individuals frequently navigate conflicting demands from clients, senior 

management, and team members. This role conflict is a significant psychological 

stressor. 

B. The Path from Stress to Strain (The JD-R Model) 

The Job Demands-Resources (JD-R) Model offers a robust framework for 

understanding IT employee stress. It is shown in table 2. The Job demand and Job 

resources are the important factors in IT Industry, as an example. 
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Table 2 It indicates Job Demands-Resources. 

 

1. Job Demands: High workload, time pressure, emotional demands (like managing 

difficult stakeholders) lead to Health Impairment Processes, resulting in strain (e.g., 

exhaustion, burnout, anxiety). 

2. Job Resources: Autonomy, social support, feedback, and skill variety motivate 

employees. A lack of these resources not only fails to buffer the demands but also inhibits 

the Motivational Process, leading to disengagement and low performance. 

 

IT employees frequently experience high demands but often lack sufficient resources (e.g., 

insufficient staffing, lack of managerial support, limited control over project scope), creating 

a fertile ground for severe psychological strain and burnout [9-10]. 

The sustained stress inherent in the IT sector frequently progresses from transient 

psychological discomfort to clinically recognizable mental health disorders. 

 

A. Key Psychological Strain Outcomes 

 Burnout Syndrome: Characterized by three dimensions: emotional exhaustion, 

depersonalization (cynicism or indifference toward work), and a reduced sense of 

personal accomplishment. This is arguably the most common and debilitating form of 

strain in the IT sector. 

 Anxiety Disorders: The constant urgency and fear of system failure or project delay can 

manifest as Generalized Anxiety Disorder (GAD) or Panic Attacks, directly impacting 

cognitive function and decision-making. 
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 Depressive Disorders: Chronic stress and feelings of helplessness, particularly in the 

face of perceived organizational unfairness, can lead to Major Depressive Disorder, 

resulting in reduced productivity, absenteeism, and suicidal ideation in severe cases. 

 Sleep and Somatic Issues: Insomnia, gastrointestinal problems, and chronic headaches 

are common physical manifestations that often have underlying psychological drivers 

rooted in work stress. 

 

B. Limitations of Other Care Providers 

While psychologists and counsellors play a vital role in stress management (e.g., through 

CBT and counselling), they are primarily focused on behavioural and cognitive interventions. 

The psychiatrist's unique contribution stems from their medical training and ability to 

address the biological and chemical underpinnings of severe strain. Psychiatrist, as a 

medical doctor specializing in mental health, possesses the comprehensive skills necessary to 

intervene when stress-related strain crosses the threshold into clinical pathology [11-13]. 

 

A. Diagnostic Expertise and Severity Assessment 

• Differentiating Stress from Disorder: A key function is to accurately differentiate 

between general occupational stress (which can often be managed by HR and EAPs) and 

a diagnosable mental disorder (e.g., Major Depression, severe anxiety disorder). The 

psychiatrist uses the DSM-5 (Diagnostic and Statistical Manual of Mental Disorders) 

criteria for precise diagnosis. 

• Comorbidity Identification: They are trained to identify comorbid conditions, such as 

a primary anxiety disorder that is exacerbated by work stress, or the concurrent presence 

of depression and substance abuse (a common coping mechanism for chronic stress). 

 

B. Comprehensive Treatment Planning 

The psychiatrist’s remedial approach is holistic, combining medication, advanced 

psychotherapy, and coordination of care [14-15]. 

 For moderate to severe strain outcomes, psychotherapy alone may be insufficient. The 

psychiatrist is the only mental health professional authorized to prescribe medications: 

 Antidepressants (SSRIs/SNRIs): To correct neurotransmitter imbalances associated with 

chronic stress and depression. These drugs can improve mood, sleep, and energy, thereby 

enhancing the employee’s capacity to engage in therapeutic work. 

 Anxiolytics: Used judiciously to manage acute, debilitating anxiety or panic attacks that 

prevent the employee from functioning or attending work. 
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 Psychiatrists often employ or coordinate sophisticated psychotherapeutic techniques, 

including: 

 Psychodynamic Therapy: Exploring how early life experiences or relationship patterns 

contribute to maladaptive coping mechanisms in the high-stress work environment (e.g., 

perfectionism, difficulty delegating). 

 Stress Inoculation Training (SIT): Teaching employees to systematically expose 

themselves to low-level stressors while practicing coping skills, building resilience 

against future work demands. 

 

By documenting the clinical impact of the work environment, the psychiatrist can, with the 

patient’s consent, provide objective, medically backed recommendations to the organization 

(via EAPs or HR) regarding accommodations or return-to-work protocols. This bridges the 

gap between individual illness and organizational systems, advocating for changes to reduce 

systemic stressors, such as: 

 Modified Workloads: Recommendations for temporary reduction in sprint commitments 

or project responsibilities. 

 Flexible Scheduling: Mandating time off or flexible hours as part of the treatment plan. 

 

2. An Overview of Large Language Models (LLMs) 

LLMs represent a pivotal breakthrough in the field of Natural Language Processing (NLP). 

Their "large" designation refers not only to the astronomical number of parameters (often in 

the billions or trillions) that constitute their architecture but also to the massive datasets 

(terabytes of text and code) they are trained on. 

2.1. The Architecture of LLMs 

The foundational architecture enabling LLMs is the Transformer, introduced in 2017. The 

key innovation of the Transformer is the Self-Attention Mechanism, which allows the model 

to weigh the importance of different words in the input text when processing any single 

word.4 Unlike previous Recurrent Neural Networks (RNNs) that processed data sequentially, 

the Transformer processes data in parallel, which is essential for training models on such a 

vast scale. 

LLMs are essentially multi-layered stacks of these Transformer blocks, which is what 

categorizes them as a Deep Learning model. 
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2.2. Core Capabilities Relevant to HR 

1. Natural Language Understanding (NLU): The ability to parse unstructured text (e.g., 

employee feedback, open-ended survey responses, complex policy queries) and extract 

key entities, sentiments, and intent. 

2. Natural Language Generation (NLG): The ability to generate coherent, contextually 

appropriate text, such as drafting job descriptions, personalized employee 

communications, or automated offer letters. 

3. Contextual Reasoning: The ability to maintain coherence across a long conversation or 

document, crucial for handling multi-turn employee support queries or summarizing large 

policy documents. 

 

3. Short Description of Deep Learning (DL) 

Deep Learning is a subfield of Machine Learning (ML) that utilizes Artificial Neural 

Networks (ANNs) with multiple layers (hence "deep") to learn increasingly complex features 

from raw data. 

3.1. Foundation and Mechanism 

Traditional ML models often require manual feature engineering—the process of selecting 

and transforming raw data features into a format that a learning algorithm can use. DL 

models, in contrast, perform feature extraction automatically. A deep neural network 

comprises an input layer, multiple hidden layers, and an output layer. 

 

The "deep" architecture allows the network to learn a hierarchy of features. In image 

recognition, for instance, the first layers might learn edges, subsequent layers might learn 

shapes, and the final layers might combine these to recognize complex objects. In the context 

of LLMs, the early layers learn basic grammar and word relationships, while deeper layers 

learn complex semantic meaning, context, and intent. The training process uses an algorithm 

called Backpropagation and an optimization technique like Stochastic Gradient Descent 

(SGD) to iteratively adjust the weights and biases to minimize a defined loss function. 

 

Deep learning represents a sophisticated artificial intelligence (AI) method and a critical 

subset of machine learning. Its design teaches computers to process data in a manner inspired 

by the human brain, leveraging artificial neural networks. These networks comprise software 

modules, or nodes, organized into multiple layers—often hundreds or thousands—to process 

data through complex mathematical calculations. This multi-layered structure enables deep 



11 

International Journal Research Publication Analysis                                               

Copyright@                                                                                                                   Page 11 

 

learning models to recognize intricate patterns within unstructured data, such as images, text, 

and sounds, thereby yielding accurate insights and predictions. 

    

The significance of deep learning in AI is profound, as it underpins most modern AI 

applications, driving automation in both analytical and physical tasks without requiring 

human intervention. A fundamental advantage of deep learning over traditional machine 

learning lies in its capacity for automatic feature extraction from raw data, eliminating the 

need for manual feature engineering. This automation is a major advancement, particularly 

when handling complex, real-world data, as it reduces human effort and allows models to 

uncover hidden relationships and patterns that might not be discernible through manual 

methods, leading to more generalized observations. The inherent complexity and variability 

of unstructured data, which posed significant limitations for traditional machine learning 

approaches, are directly addressed by deep learning's architectural design, thereby expanding 

AI's applicability to a vast array of previously intractable problems. 

   

Convolutional Neural Networks (CNNs) are specifically engineered for processing data with 

a grid-like topology, such as images. Their core mechanism revolves around convolutional 

layers, which employ learnable filters (kernels) to scan the input, identifying specific features 

like edges or textures. These layers are typically augmented by pooling layers that non-

linearly down-sample feature maps, effectively reducing dimensionality and mitigating 

overfitting. A crucial aspect of CNNs is their local connectivity and shared weights, which 

enable the network to efficiently learn features irrespective of their precise location in the 

input, a property known as translational equivariance. The architectural choices of shared 

weights and pooling in CNNs are not merely design features; they are critical innovations that 

directly address the computational burden and overfitting challenges prevalent in earlier, fully 

connected networks when processing high-dimensional image data. This design allows for a 

reduced number of parameters and the construction of deeper network architectures, making 

CNNs scalable and practical for large image datasets and enabling their widespread success 

in computer vision. 

    

CNNs are the established standard for various computer vision tasks, including image 

recognition, object detection, facial recognition, and video analysis. Beyond visual data, they 

also find utility in natural language processing (NLP) for tasks such as semantic parsing and 

text classification, and in time series forecasting. 
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Recurrent Neural Networks (RNNs) are fundamentally designed to process sequential data by 

maintaining an internal state, or "memory," of previous inputs. This inherent characteristic 

allows them to consider context and the temporal order of data points, making them highly 

suitable for applications where such relationships are paramount. However, traditional RNNs 

face a significant challenge known as the "vanishing gradient problem," which severely limits 

their capacity to capture long-term dependencies within sequences. 

    

Long Short-Term Memory (LSTM) networks were developed as a specialized type of RNN 

specifically to overcome this vanishing gradient problem. LSTMs achieve this through a 

unique architecture featuring a "cell state" and three distinct "gates"—input, output, and 

forget gates—which meticulously regulate the flow of information. This gating mechanism 

allows LSTMs to retain and utilize information over extended periods, ensuring that gradients 

propagate effectively over long sequences. The development of LSTMs (and similar 

architectures like GRUs) represents a fundamental breakthrough, enabling the practical 

training of deep networks on long sequences and unlocking the potential for complex NLP 

and time-series applications that demand an understanding of long-range dependencies. 

    

RNNs and LSTMs are extensively applied in natural language processing (NLP) for tasks 

such as text generation, sentiment analysis, and machine translation, as well as in speech 

recognition and time series forecasting. 

    

Transformers represent a revolutionary deep learning architecture founded on the multi-head 

attention mechanism. Distinct from RNNs, Transformers operate without recurrent units, 

enabling them to process all tokens in a sequence in parallel. The attention mechanism allows 

the model to dynamically weigh the importance of different elements within a sequence 

relative to each other, thereby capturing long-distance dependencies with greater efficacy. 

Positional encoding is also incorporated to provide the model with essential information 

about word order. The absence of recurrent units and the parallel multi-head attention 

mechanism are not merely design choices; they directly address the computational bottleneck 

inherent in RNNs, which process tokens sequentially. This parallelizability, particularly on 

Graphics Processing Units (GPUs), is the causal factor that made training massive models, 

such as Large Language Models (LLMs), on enormous datasets computationally feasible, 

fundamentally altering the landscape of AI in language understanding and generation. 

    



13 

International Journal Research Publication Analysis                                               

Copyright@                                                                                                                   Page 13 

 

Initially developed for machine translation, Transformers have since revolutionized NLP, 

leading to the creation of prominent LLMs like GPT and BERT. Their applications have 

broadened significantly to include computer vision, reinforcement learning, audio processing, 

and even biological sequence analysis. 

    

Generative Adversarial Networks (GANs) are a unique class of deep learning models 

comprising two competing neural networks: a Generator and a Discriminator. The Generator 

creates synthetic data (e.g., images) from random noise, striving to make its output 

indistinguishable from real data. Simultaneously, the Discriminator, acting as a binary 

classifier, endeavours to differentiate between authentic and generated data. This dynamic 

constitutes a "zero-sum game," where the Generator attempts to "deceive" the Discriminator, 

and the Discriminator aims to "correctly distinguish". This adversarial training process drives 

both networks to continuously improve their respective capabilities. 

    

GANs are widely utilized for generating novel, realistic synthetic data, including high-

resolution images, videos, and even music. They are also applied in data augmentation, 

image-to-image translation, medical imaging, and semi-supervised learning. The ability of 

GANs to generate new output from learned input and produce high-quality synthetic data is 

particularly impactful in scenarios where labelled data is scarce or expensive. This 

unsupervised learning capability allows them to learn from vast amounts of unlabelled data, 

offering a significant advantage over purely supervised methods. This directly addresses the 

challenge of capturing the enormous varieties of context and the need for arbitrarily large 

datasets, which are often limitations in visual deep learning. By producing synthetic yet 

realistic data, GANs can effectively expand training datasets, making deep learning models 

more robust and reducing the costly and time-consuming requirement for human labelling.  

Comparison of Key Deep Learning Methods are shown in Table 3. 

 

Table 3 Comparison of Key Deep Learning Methods. 

Method 
Primary 

Data Type 

Core Mechanism 

Highlight 
Typical Applications Key Advantage 

CNN Images 
Convolution & 

Pooling 

Image Recognition, 

Object Detection 

Automated Feature 

Learning for Spatial 

Data 

RNN/LSTM 
Sequential 

Data 

Recurrence & 

Memory Gates 

NLP, Time Series 

Forecasting, Speech 

Recognition 

Handling Long-Term 

Dependencies 
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Method 
Primary 

Data Type 

Core Mechanism 

Highlight 
Typical Applications Key Advantage 

Transformer 
Sequential 

Data 

Multi-Head 

Attention 

LLMs, Machine 

Translation, 

Computer Vision 

Parallel Processing & 

Long-Range Context 

GAN 
Generated 

Data 

Generator-

Discriminator 

Adversarial Game 

Synthetic Data 

Generation, Data 

Augmentation 

High-Fidelity Data 

Synthesis, 

Unsupervised 

Learning 

 

Deep learning methods, encompassing CNNs, RNNs/LSTMs, Transformers, and GANs, 

collectively exhibit remarkable versatility in processing diverse data types and resolving 

complex problems. Each architecture offers specialized strengths, from image recognition 

and sequential data analysis to advanced language understanding and the generation of 

synthetic data.  The continuous evolution of these architectures, frequently driven by the need 

to address limitations of their predecessors (e.g., LSTMs for RNNs, Transformers for RNNs), 

has significantly propelled the field of AI forward. These methods are now integral to 

autonomous systems, personalized recommendations, and sophisticated AI agents, 

fundamentally transforming various industries and applications. The iterative nature of 

innovation in deep learning, where newer models emerge to directly address the 

shortcomings of older ones—such as the vanishing gradient problem or sequential processing 

bottlenecks—demonstrates a continuous cycle of identifying challenges and developing more 

robust and efficient solutions. This iterative improvement, coupled with the increasing 

availability of computational power, is a primary driver of the rapid progress observed in AI. 

The field continues to advance with emerging trends such as self-supervised learning, Graph 

Neural Networks (GNNs), and hybrid architectures, promising even more sophisticated AI 

capabilities in the future. 

    

3.2. DL and LLM Synergy 

The LLM is, fundamentally, a Deep Learning model. The massive scale of the training data 

and the complexity of the Transformer architecture necessitate the use of DL. The DL 

paradigm allows the model to learn the nuanced, subtle, and context-dependent rules of 

human language that govern HR documents and interactions, far beyond the capability of 

simpler machine learning techniques. 

 

 

 



15 

International Journal Research Publication Analysis                                               

Copyright@                                                                                                                   Page 15 

 

4. HR Administration Problems and Bottlenecks 

HR administration is rife with operational inefficiencies that detract from strategic focus and 

can negatively impact employee experience. 

 

4.1. The Triple Constraint of HR Admin 

1. Volume and Repetitiveness of Transactions: A large proportion of HR queries (e.g., 

"What is the policy for parental leave?", "How do I update my address?", "What is the 

holiday schedule?") are repetitive, routine, and consume significant HR staff time. This 

volume creates a transactional backlog. 

2. Inconsistent Policy Interpretation and Compliance Risk: HR policies are often 

complex, distributed across multiple documents, and subject to frequent updates. Human 

HR staff can provide inconsistent answers, leading to employee dissatisfaction and 

potential compliance risks due to misapplication of rules. 

3. Inefficiency in Unstructured Data Processing (Recruitment and Performance): 

Processes like resume screening and analysing open-ended performance review 

comments require reading and interpreting large volumes of unstructured text. Traditional 

Applicant Tracking Systems (ATS) rely on basic keyword matching, which often 

overlooks qualified candidates and perpetuates bias. Manual review is time-consuming 

and subjective. 

 

4.2. Key Problem Areas 

The key problem areas are shown in Table 4. 

Table 4 Key Comparisons HR Activity. 

HR Function Administrative Bottleneck Impact on Organization 

Recruitment 

Manual resume screening, generic job 

description drafting, candidate query 

handling. 

High time-to-hire (TTH), missed 

talent, inconsistent candidate 

experience. 

Employee 

Support 

Answering repetitive queries on 

policies, benefits, and payroll. 

Low HR-to-employee ratio 

efficiency, HR staff burnout, slow 

response times. 

Knowledge 

Management 

Dispersed policies, outdated FAQs, 

difficulty in finding definitive 

answers. 

Inconsistent rule application, 

employee frustration, compliance 

gaps. 

Performance 

Management 

Manual analysis of textual feedback, 

drafting boilerplate performance 

summaries. 

Subjectivity in reviews, lack of 

personalized development plans, 

wasted time. 
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5. LLMs Solve HR Problems via Deep Learning Mechanisms 

The LLM-DL synergy provides targeted solutions to the administrative problems by 

transforming how unstructured data is processed and utilized. 

 

5.1. Context-Aware Knowledge Retrieval (RAG) 

For solving the problem of Inconsistent Policy Interpretation, the most effective DL-LLM 

application is Retrieval-Augmented Generation (RAG). 

• Mechanism: RAG does not rely solely on the LLM's general training data to answer a 

query. Instead, it uses a deep learning-based Retriever to first search an indexed, internal 

knowledge base (e.g., the company's official policy manuals, benefits documents, HRIS 

data). The retriever uses DL-based vector embeddings to convert the employee's query 

and all internal documents into numerical vectors. It then identifies the most semantically 

relevant document chunks. These chunks are then fed to the LLM (the Generator) as 

context to formulate an accurate, non-hallucinated response. 

• HR Application: An employee asks, "Can I take bereavement leave for my uncle?" 

1. DL-Retriever: Converts the query to a vector, searches the Policy Manual vector store, 

and retrieves the exact section defining "immediate family" and bereavement leave 

duration. 

2. LLM-Generator: Uses the retrieved text to generate a precise, conversational answer: 

"According to Policy, bereavement leave is applicable for immediate family, which 

includes siblings, parents, and children, but not extended family like an uncle. However, 

you may be eligible for a personal day." 

 

This process ensures factual accuracy and compliance, directly addressing the core 

administrative risk. 

 

5.2. Semantic Matching for Talent Acquisition 

For addressing the Inefficiency in Unstructured Data Processing for recruitment, LLMs 

perform Semantic Matching. 

 Mechanism: Deep learning-trained LLMs analyse resumes and job descriptions not 

merely for keyword overlap, but for the underlying meaning and context. For example, a 

traditional ATS might miss a candidate with "developed microservices" for a job requiring 

"back-end API experience." An LLM understands the semantic relationship between the 

phrases and ranks the candidate highly. 
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 HR Application: 

DL models can be fine-tuned to detect and remove biased language in job descriptions 

(e.g., words associated with a specific gender or age group) and to evaluate candidate 

skills based on meritocratic criteria, improving diversity metrics. 

 

5.3. Content Generation and Automation 

To combat the Volume and Repetitiveness of Transactions, LLMs use their NLG capability. 

• HR Application: Automated generation of a wide array of standardized documents: 

personalized offer letters that pull data from the HRIS, performance review drafts based 

on structured feedback inputs, and initial drafts of employee-facing internal 

communications (e.g., payroll change notices). This drastically reduces the time spent on 

drafting and proofreading. 

 

6. Case Study: Deploying an LLM-Powered HR Knowledge Assistant 

This case study examines the implementation of a proprietary LLM-based HR Knowledge 

Assistant (Codename: HR-Nexus) within a mid-sized technology firm, Tech Corp, which 

struggled with overwhelming administrative queries. 

 

6.1. Background and Problem Statement 

• Organization: Tech Corp (1,500 employees across three countries). 

• Initial Problem: The 8-person HR team spent approximately 60% of their time 

answering routine, repetitive employee questions via email and internal chat, resulting in 

an average employee query resolution time of 48 hours. This hindered their ability to 

focus on critical strategic projects (e.g., succession planning). 

 

6.2. Solution and Implementation 

 The Model: A customized LLM (fine-tuned on a public-domain base model) was 

integrated with an internal knowledge base of over 500 company policy documents, 

benefits summaries, and payroll FAQs using a RAG framework (as detailed in Section 

5.1). 

 The Deep Learning Component: A custom DL model was trained to perform Intent 

Classification on incoming employee queries. This ensured the query was routed to the 

correct RAG knowledge base (e.g., a "benefits" query goes to the benefits database). 

 Deployment: HR-Nexus was deployed as a 24/7 chatbot integrated into the company's 

internal communication platform (Slack/Teams). 
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6.3. RESULTS AND METRICS 

The results were tracked over a six-month period post-deployment and it is shown Table 5. 

 

Table 5   Results of Six Months. 

Metric 
Pre-Deployment 

Baseline 

Post-Deployment (6 

Months) 
Improvement 

Routine Query Handling 

Rate (Automated) 
0% 85% N/A 

Average Query 

Resolution Time 
48 hours 

2.5 hours (for 

automated queries) 
94.8% Reduction 

HR Team Time on 

Admin Tasks 
60% 20% 

40% Redeployment to 

Strategic Work 

Employee Satisfaction 

(HR Support) 
3.2/5.0 4.6/5.0 

Significant 

Improvement 

 

6.4. Key Takeaway 

The HR-Nexus deployment successfully leveraged DL-LLM capabilities to offload the 

administrative burden. The 40% reduction in time spent on routine admin directly enabled the 

HR team to launch two major strategic initiatives: a new leadership development program 

and a global pay equity audit, demonstrating a direct conversion of operational efficiency into 

strategic organizational value. The DL-LLM system acted not merely as an automation tool 

but as a force multiplier for the HR function. 

 

7. CONCLUSION 

The convergence of Large Language Models and Deep Learning methodologies presents a 

paradigm shift for Human Resource administration. By harnessing the Transformer 

architecture's capacity for complex semantic understanding and text generation, HR 

departments can automate the most burdensome and repetitive administrative tasks. The 

application of DL techniques, particularly through advanced frameworks like RAG and Intent 

Classification, moves beyond simple automation to enable context-aware, compliant, and 

highly personalized employee interactions. Work stress in the IT sector is an endemic 

problem fuelled by high-demand methodologies, global operations, and the constant pressure 

for innovation. While organizational remedies and early intervention by counsellors are vital, 

the psychiatrist stands as the critical safeguard when the stress-strain continuum culminates in 

diagnosable mental illness. Their expertise in accurate diagnosis, pharmacological 

management, and the integration of complex psychotherapeutic strategies is indispensable for 

restoring the well-being and productivity of severely affected employees. Recognizing and 
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integrating the expertise of the psychiatrist into corporate wellness programs and Employee 

Assistance Programs is not merely a moral imperative but a strategic necessity for ensuring 

the long-term health and sustainability of the IT workforce. 

 

This paper has demonstrated that DL-enabled LLMs offer solutions across the core HR 

lifecycle: dramatically accelerating recruitment through semantic-level resume matching, 

ensuring compliance via accurate RAG-powered policy assistants, and freeing up human HR 

professionals to dedicate their expertise to strategic, high-value endeavours. The case study of 

HR-Nexus provides empirical evidence of measurable improvements in efficiency, response 

time, and, critically, employee satisfaction. 

 

However, the future is not without its challenges. The successful and ethical integration of 

this technology demands continuous effort in bias mitigation (ensuring LLMs do not 

perpetuate historical biases found in training data), data governance (protecting sensitive 

employee information), and maintaining a human-in-the-loop for complex, sensitive, or 

novel situations. Ultimately, the partnership between LLMs and HR is not one of 

replacement, but of augmentation, transforming the HR administrative function from a 

reactive cost centre into a proactive, data-driven strategic asset. 
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