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Abstract 

Screening applications for jobs, education, and grants is often slow, subjective, and inefficient. To 

address these challenges, the Hybrid AI Platform for Streamlining Evaluation (HAIPSE) integrates 

expert rule-based reasoning with NLP and computer-vision techniques, offering a structured 

alternative to traditional tracking systems. Its heuristic scoring module, powered by spaCy, extracts 

key details and grades responses against predefined criteria. To reduce workload and capture 

context, HAIPSE employs large language models, Meta Llama 3-8B and Mistral 8×7B, to generate 

concise essay summaries. Group-fairness metrics and built-in debiasing ensure transparency while 

embedding fairness checks directly into the pipeline. Trained on both sample IDs and 2,000+ 

applications from the NIB Trust Fund (Canada), HAIPSE improves efficiency and reduces bias 

compared with manual reviews. A collaborative audit interface bridges AI automation with expert 

judgment, reinforcing responsible AI that is scalable, interpretable, and equitable. 

 

 

 

 



  
 

iii 

Acknowledgements 

First and foremost, I would like to express my deepest gratitude to Prof. Peter Khaiter for his 

exceptional supervision, insightful guidance, and unwavering support throughout my Master’s 

studies. His expert advice and constructive feedback have been invaluable to both my academic 

development and the successful completion of this thesis. I would also like to express my gratitude 

towards the members of my examination committee, Prof. Ling Jiang and Prof. Jennifer Pybus for 

their time and expertise. Lastly, I would like to thank my family and friends for their continuous 

support that allowed me to complete this milestone successfully. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



  
 

iv 

                               Table of Contents 

 

Abstract……………………………………………………………………………………… ii 

Acknowledgements..................................................................................................................iii 

Table of Contents……………………………………………………………………………. iv 

List of Tables………………………………………………………………………………....vii 

List of Figures………………………………………………………………………………..viii 

Chapter 1: Introduction…………………………………………………………………….….1 

Chapter 2: Literature Review and Bibliometric Analysis……………………………………..6 

 2.1 Definition of Natural Language processing…………………………………………........7 

       2.1.1 Use Cases of NLP…………………………………………………………………..7 

       2.1.2 NLP Applications in Automated Application Review Systems (AARSs)……….....8 

       2.1.3 NLP Applications in Information Retrieval………………………………………...9 

       2.1.4 NLP Applications in Financial Services…………………………………………...10 

       2.1.5 NLP Applications in Healthcare…………………………………………………....11 

 2.2 NLP Capabilities for Knowledge Discovery and Decision Making……………………..12 

       2.2.1 Summarization and Topic Abstraction……………………………………………..13 

       2.2.2 Semantic Knowledge Extraction, Retrieval, and Q&A Systems…………………..16 

       2.2.3 Dialogue Systems and Chatbots…………………………………………………....17 

2.3 NLP with Decision Support Systems……………………………………………………..19 

2.4 Integration of NLP with Expert Systems………………………………………………....20 

2.5 Bibliometric Analysis and Methods……………………………………………………....23 

      2.5.1 Approach…………………………………………………………………………....24 

      2.5.2 Defining Research Questions……………………………………………………….26 

      2.5.3 Year-By-Year Trend of Publishing………………………………………………….26 

      2.5.4 Key Research Areas………………………………………………………………...29  

      2.5.5 The Network of Keywords………………………………………………………….29  



  
 

v 

     2.5.6 Most Impactful Publications……………………………………………………….....31 

     2.5.7 Leading Authors in the Field of NLP………………………………………………...33 

2.6 Manual Analysis to Determine Research Trend and Novelty……………………………..34 

2.7 Research Gaps…………………………………………………………………………......35 

Chapter 3: Methodology…………………………………………………………………….....36 

      3.1 Research Design and Data Collection………………………………………………....36 

            3.1.1 Data Source……………………………………………………………………...36 

            3.1.2 Data Extraction and Processing……………………………………………….....38 

            3.1.3 Ethical and Compliance Considerations………………………………………....40 

     3.2 HAIPSE Framework: Modules and Methods …………………………….....................41  

          3.2.1 User Interface Module………………………………………………………….....43 

                 3.2.1.1 Applicant Authentication and Document Validation…………………….....43 

                 3.2.1.2 Applicant Submission…………………………………………....................45 

          3.2.2 Computer Vision Module…………………………………………………............47 

          3.2.3 Natural Language Processing Module....................................................................50 

                 3.2.3.1 Tokenization and Parsing…………………………………………………..50 

      3.2.3.2 Domain Adaptation………………………………………………………...51 

                 3.2.3.3 Keyword Extraction………………………………………………………..52 

          3.2.4 Expert System Component.....……………………………………….................... 53 

          3.2.5 Heuristic Scoring Module…......……………………………………….................54 

          3.2.6 Cohort Fairness Score Module…………………………………………………....57 

          3.2.7 Large Language Models Based Summarization Module……………....................59 

      3.2.7.1 Experiments and Model Selection………………………………………....60 

                 3.2.7.2 Custom Fine Tuning and Summarization Outputs………………………....61 

      3.2.7.3 LLM Summary Score……………………………………………………....63 

          3.2.8 Human Feedback Module…………………………………………………….......64 

                 3.2.8.1 Assignment to Program Administrators…………………………………....64 



  
 

vi 

      3.2.8.2 Screening by Program Officer…………………………………………......65 

      3.2.8.3 Detailed Evaluator Review and Final Decision…………………………....65 

        3.2.9  Adaptive Knowledge Base and Model Fine-Tuning ………………………...........66  

        3.2.10 Maintenance……………………………………………………………................67 

Chapter 4: Results…………………………………………………………………………......68 

      4.1 Performance of the YOLOV11 Model in ID Detection…………………………….....68 

      4.2 Cohort Fairness Score………………………………………………............................76 

      4.3 Large Language Models Summarization………………………………………….......79 

      4.4 HAIPSE Implementation……………………………………………….......................84 

      4.5 Integration of HAIPSE with the NIB Trust Portal.........................................................88 

Chapter 5: Conclusion and Future Work…………………………………………………........90 

References…………………………………………………………………………………......94 

 

 

 

 

 

 

 

   

 

 

 

 

 

 



  
 

vii 

    List of Tables 

Table 1 Bibliometric Analysis Questions and Methods…………………………..........................26 

Table 2 Top Ten Most Cited Publications in the Domain of NLP with Decision Support Systems, 

Expert Systems and Fairness………………………………………………………......................33 

Table 3 Manual Analysis of Research Trend and Novelty in the Domain of NLP, Decision Support 

Systems, Expert Systems and Fairness…………………………………….……..........................35 

Table 4 Potential Research Gaps……………………………………………………………........35 

Table 5 Categories of HAIPSE Users and their Primary Roles......................................................44 

Table 6 YOLOV11 Key Performance Metrics and their Descriptions...........................................73 

Table 7 Evaluation of Summarization Performance of Different LLMs………............................81 

Table 8 Qualitative Evaluation of Various LLMs in Summarization…….....................................82 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 



  
 

viii 

    List of Figures 

Figure 1 Roadmap for the Literature Review …………………………………...............................6 

Figure 2 Workflow of the Bibliometric Analysis……………………………………………........24 

Figure 3 Annual publication Trends for NLP applications in Decision Support Systems, Expert 

Systems, and Fairness……………………………………………………………………….........27 

Figure 4 Annual citation trends for NLP applications in Decision Support Systems, Expert 

Systems, and Fairness……………………………………………………………………….........28 

Figure 5 Applications of NLP in Different Domains of the Research Areas with the Number of 

Publications....................................................................................…………………………........29 

Figure 6  A Network of Keywords in NLP…………………………………………………........29 

Figure 7 The Network of Keywords in Overlay Projection………………………………….......31 

Figure 8 Impact Factor of Top Journals in the Fields of NLP and Expert Systems………….......32 

Figure 9 Top Ten Prolific Authors…………………………………………………………..........34 

Figure 10 Workflow for Extracting and Analyzing Applications from the NIB Trust 

Database.........................................................................................................................................37 

Figure 11 High-Level Flowchart for Secure Data Handling from the User Interface of the NIB 

Trust Portal……………………………….....................................................................................38 

Figure 12 Architecture of the HAIPSE Core Modules...................................................................42 

Figure 13 A high-level workflow of the HAIPSE Framework………………………...................42 

Figure 14 Online Applicant Registration Form………………………..........................................45 

Figure 15 Sample Multiple Choice Questions (MCQs) and Open-Ended Responses on the NIB     

Trust Portal.....................................................................................................................................46 

Figure 16 Sample Essay Response on the NIB Trust portal…………………...............................46 

Figure 17 Architecture of the YOLO V11…………………………………………………..........48 

Figure 18 YOLOV11 Model ID Validation Pipeline…………………………………………......49 

Figure 19 Natural Language Processing Module Workflow..........................................................50 

Figure 20  Workflow of the Domain Adaptation……………………………………………........51 

Figure 21 Interaction of the Heuristic Scoring Module with the Expert System Component.......54 

Figure 22 Working of the LLM Summarization Module…………………………………….......59 



  
 

ix 

Figure 23 Architecture of Meta-Llama Transformer Model…………………………………....60 

Figure 24 Summaries Generated by an AI Model Subject to Human Verification…………......62 

Figure 24 Human-AI Collaborative Application Evaluation Workflow…………......................64 

Figure 26 Program Administrator Sample Feedback on an Application………….....................65 

Figure 27 Sample ID for YOLOV11 Model Image Recognition Pipeline..................................68 

Figure 28 Average Precision Measure By Class……………………………………………......72 

Figure 29 Training (A) and Validation (B) Graphs for ID Detection..........................................74 

Figure 30  (A) mAP and mAP@50:95 progression improved model accuracy over training epochs. 

(B) Box Loss, Class Loss, and Object losses showing effective convergence of the YOLOV11 

model during training...................................................................................................................75 

Figure 31 Heuristic Scoring and Cohort Fairness Score of  Applications...................................77 

Figure 32 Mean value of Cohort Fairness Score across Applications Cohorts Over Time..........78 

Figure 33 The Variance of  Fairness Scores within each Cohort..................................................79 

Figure 34  Comparison of LLMs Based on Evaluation Criteria……………...............................83 

Figure 35 Deviation of LLM Generated Summary Scores From the Mean Value (Bias 

Detection).................................................................................................................................... 84 

Figure 36 A Screenshot of the Code to detect Bias in an LLM Generated Summary.................85 

Figure 37 A Screenshot of the Code implementing the Cohort Fairness Score..........................86 

Figure 38 A Screenshot of the Code to Execute an End-to-End Evaluation Pipeline for a 

Roboflow-Trained YOLOV11 Model.........................................................................................87 

Figure 39 Survey Monkey Apply Integrations dashboard within the NIB Trust Portal showing the 

available connectors....................................................................................................................88 

Figure 40 Integration of HAIPSE with the NIB Trust Portal via Survey Monkey API.............89 

 



  
 

1 

Chapter 1:  Introduction 

 

Evaluating applications for grants, scholarships, and employment is traditionally a time-

consuming and subjective process, often vulnerable to implicit bias and inconsistency. In 

particular, verifying the authenticity of identification documents and supporting IDs typically 

requires manual inspection.  Such visual checks are time-consuming, susceptible to human errors, 

and difficult to standardise across reviewers, thereby compromising both efficiency and 

consistency. Demographic identifiers, or institution names can often subconsciously influence 

evaluators, leading to unequal treatment of applicants from different groups.  Without explicit bias-

detection mechanisms, such disparities may persist undetected. Existing applicant-tracking 

platforms were not developed for a large-scale application submission.  As application numbers 

grow, performance degradation (e.g., slower query times, batch-processing delays) can jeopardise 

user experience and overall process integrity. Organizations following a traditional rule-based 

scoring framework to evaluate applications often struggle to adapt to evolving priorities (e.g., new 

diversity goals) or emerging evaluation criteria, necessitating frequent — and often massive — 

manual recalibration. Modern funding and scholarship, routinely attract thousands of applications, 

whereas the reviewing staff often consists of only a handful of program evaluators.  This volume–

capacity mismatch produces prolonged evaluation cycles, substantial backlogs, and scheduling 

bottlenecks that can delay time-critical funding or hiring decisions.  

These challenges are particularly profound in the case of the NIB Trust Fund Canada 

(https://fgfoundation.smapply.io), our partner organization, which annually receives thousands of 

individual and group applications aimed at supporting educational and healing initiatives by 

providing scholarships to the First Nations communities impacted by the Indian Residential School 

system. Despite its critical mission, the NIB relies on a limited team of 4–7 program officers, 

making the evaluation process resource-intensive and time-consuming, often taking up to six 

months to complete the cycle. 

To address these issues and limitations, the thesis introduces HAIPSE (Hybrid AI Platform 

for Streamlining Evaluation), a comprehensive AI-driven framework designed to transform the 

application review process. The HAIPSE integrates multiple specialized modules, including a User 



  
 

2 

Interface, Natural Language Processing (NLP), Expert System, Computer Vision, Cohort Fairness 

Scoring, Large Language Models (LLMs), and Human Feedback. Together, these components 

work to enhance transparency, efficiency, and fairness in decision-making, while reducing the 

burden on human reviewers (Dwork et al., 2012; Friedler et al., 2019). 

Central to the HAIPSE is the Expert System Module, which houses a knowledge base of 

domain-specific heuristic rules derived from human experts (Feigenbaum, 1982; Jackson, 1999).  

An inference engine of the Expert System applies these rules by matching keywords and facts from 

the application documents, determining eligibility of the applicants and the scoring outcome of 

their applications (Waterman, 1986). This process is supported by a Heuristic Scoring Module and 

fuzzy logic, allowing the system to assign partial credits for applicants’ qualifications that nearly 

meet the set up thresholds, thus avoiding rigid binary judgments and improving fairness 

(Zimmermann, 2001; Mehrabi et al., 2021). 

Another key innovation of the HAIPSE is the Total Score measure, which combines 

structured evaluations derived from expert rules and NLP with scores from the Cohort Fairness 

Module and LLM-generated summaries (Bansal et al., 2021). Features extracted from application 

essays and forms are converted into point values using domain-specific logic, and program 

administrators can fine-tune scoring parameters based on evolving priorities. 

To verify the authenticity of identification documents, HAIPSE employs a state-of-the-art 

Computer Vision module based on the YOLOV11 model, known for its real-time object detection 

accuracy. This ensures that blurry, tampered, or incomplete IDs are flagged early in the evaluation 

process (Redmon et al., 2016). 

Fairness in HAIPSE means evaluating every applicant with equal dignity and opportunity, 

ensuring decisions are transparent, unbiased and inclusive, it is not treated as an afterthought but 

is instead embedded as a core feature of the system (Dwork et al., 2012). The Cohort Fairness 

Score module assigns the score value consistency across application batches (Friedler et al., 2019). 

High variance of the scores alerts administrators about potential bias or inconsistencies, prompting 

retraining or adjustments of the underlying algorithms (Hardt et al., 2016; Raji et al., 2020). As 

the system learns from human feedback and overrides patterns, its evaluations become more 

accurate and equitable over time (Holstein et al., 2019). 
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HAIPSE’s evolving hybrid architecture adapts to emerging biases through continuous 

updates, mainly by the humans who are responsible for the end decision on the applications. 

Drawing from critique of static AI systems (Crawford and Paglen, 2021), the HAIPSE refines its 

rules and retrains its models using real-world feedback, such as disparities in cohort evaluations. 

By grouping applications into batches of 30, it applies comparative fairness principles (Friedler et 

al., 2019) to minimize contextual biases like reviewer fatigue (Dwork et al., 2012). This continuous 

refinement ensures that the platform dynamically aligns with evolving societal standards, 

transitioning from temporary adjustments (Zemel et al., 2013) to a sustainable, adaptive 

framework.  

A fine-tuned NLP pipeline, powered by leading LLMs like Meta LLaMA 3-8B (Meta AI, 

2020) and Tiiuae Falcon 7B (Almazrouei et al., 2023), condenses multi-page essays into 

summaries that are both precise and context-aware (Liu & Lapata, 2019; Celikyilmaz et al., 2020). 

These generated summaries significantly reduce inter-reviewer variability, allowing evaluators to 

make faster and more consistent decisions (Bhandari et al., 2020; Fabbri et al., 2021). Standardized 

outputs ensure that all applications are reviewed through a consistent lens, minimizing subjective 

bias (Maynez et al., 2020; Zhang et al., 2023). 

Importantly, the HAIPSE does not replace human judgment but augments it (Amershi et al., 

2019). Reviewers remain embedded in the loop, particularly for complex or ambiguous cases. 

Overrides and feedback mechanisms are logged and used to continuously refine the system 

(Holstein et al., 2019; Raji et al., 2020). This collaborative approach enhances both decision quality 

and trust (Binns et al., 2018). The HAIPSE also operationalizes algorithmic accountability: every 

automated decision can be traced, and justifications for overrides are documented (Kroll et al., 

2017). The framework and its modules are validated using over 2,000 real-world applications from 

the NIB Trust Fund, demonstrating its scalability and practical impact. The specific features of the 

HAIPSE can be summarized as follows: 

1. The HAIPSE presents a hybrid application evaluation framework that uniquely combines 

rule-based Expert System, NLP, Large Language Models, and Computer Vision based on 

the YOLOV11 model. 
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2. It ensures transparent and structured scoring by integrating group fairness metrics and 

LLM-generated summaries that capture nuanced application context. 

3. It pioneers in bias mitigation through proactive fairness checks and real-time debiasing 

mechanisms. 

4. It promotes a human-AI partnership, bridging automation and judgment through a 

collaborative auditing process. 

Historically, manual screening processes allowed for nuanced human judgment but also 

introduced inconsistencies and inefficiencies (Cappelli, 2019). As application volumes increase, 

reviewer fatigue and uneven evaluations become more common (Van Esch et al., 2019). The 

HAIPSE, grounded in the principles of responsible AI (Barocas & Selbst, 2016), offers a way 

forward, one that enhances equity, transparency, and efficiency in high-stakes decisions. 

The corresponding research contributions are as follows: 

RC1: The HAIPSE platform is proposed implementing a hybrid AI methodology that unifies NLP 

extraction, rule-based reasoning, generative-AI summarisation, and human oversight for fair 

application evaluation. 

RC2:  A transparent, adjustable heuristic-plus-fuzzy scoring engine is designed that assigns audit-

ready point values and can be retuned instantly as programme priorities evolve. 

RC3: YOLOV11 model-based computer vision ID verification is integrated, eliminating manual 

document checks while preserving security and data integrity. 

RC4: A sophisticated NLP pipeline is implemented that converts free-form essays into structured, 

bias-aware features. 

RC5:  A human-AI collaboration workflow is formalized that delegates routine analysis to AI 

while retaining human authority for overrides, boosting speed without sacrificing contextual 

judgment. 

RC6: Seven LLMs for summarising applications are benchmarked whereby Meta-Llama-3-8B 

and Falcon-7B demonstrated better performance in reducing inter-reviewer variance. 
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RC7: The Cohort Fairness Score, a variance-based metric is proposed that automatically detects 

batch-level bias and triggers retraining or rule refinement. 

The key research questions addressed in this study are:  

[RQ1] How to integrate Natural Language Processing (NLP), rule-based Expert System, 

Computer Vision, Large Language Models (LLMs) and Cohort Fairness scoring within a 

comprehensive AI-driven framework to enhance the transparency and precision of application 

evaluations?  

[RQ2] What is the best Large Language Model, generating concise essay summaries, to fit the 

specific tasks of the HAIPSE?  

[RQ3] Which scoring methods are to be applied within the HAIPSE evaluation pipeline to ensure 

debiasing features, proactive fairness and greater transparency in real time application processing 

cycle? 

[RQ4] How does the HAIPSE’s adaptive learning loop improve the accuracy and equity of scoring 

across successive evaluation cohorts? 

[RQ5] How does the human-AI collaborative model implemented in the HAIPSE contribute to 

more trustworthy, explainable, and context-sensitive decision-making? 

The subsequent chapters are organized as follows. Chapter 2 presents a literature review 

and bibliometric analysis to identify potential gaps in the area of research. Chapter 3 details the 

methodology we adapted and applied in the HAIPSE development. Chapter 4 describes the 

experimental results and offers their analysis. Finally, Chapter 5 provides conclusions and outlines 

directions for future work. 
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    Chapter 2: Literature Review and Bibliometric Analysis 

 

The objectives of this chapter are to define key terms for the research and to provide an overview 

of the current state-of-the-art within the problem domain in the form of literature review and 

bibliometric analysis. 

  The integration of Natural Language Processing (NLP) with Expert Systems presents a 

significant advancement in the field of information systems and artificial intelligence (AI). This 

convergence aims to enhance decision-making processes by leveraging the power of language 

understanding and generation.  

The review aims at assessing the required NLP techniques that can automatically extract 

relevant information from vast amounts of structured text data, helping to organize and process 

large amounts of data to facilitate decision support systems in different practical applications. The 

primary goal of the review is to identify the research gap and provide a summary of the findings 

from the bibliometric analysis and literature review. Figure 1 shows the roadmap of the conducted 

literature review. 

 

Figure 1. Roadmap for the Literature Review. 
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2.1 Definition of Natural Language Processing 

We start with providing necessary definitions and outlining the roles of natural language 

processing (NLP). NLP is generally an area within AI and computer science that tends to the 

connection between computers and human languages (Reshamwala et al., 2013; Agarwal, 2019; 

Mishra and Kumar, 2020). It is generally focused on making it possible for computers to 

understand, interpret, and generate natural languages in ways that are meaningful. NLP involves a 

variety of approaches and tactics for the analysis and manipulation of text and speech. It has many 

applications in machine translation, text summarization, speech recognition, sentiment analysis, 

and information retrieval. What made this field possible was combining techniques from different 

areas: linguistics, statistics, and machine learning (ML). 

 2.1.1 Use Cases of NLP 

NLP has a broad range of real-world applications across various sectors, each offering unique 

opportunities and challenges. In the logistics sector, NLP can significantly enhance supply chain 

management by automating and optimizing processes, such as inventory tracking, demand 

forecasting, and supplier communication. However, the implementation of NLP in this field is not 

without difficulties. Issues, such as data integration, system compatibility, and the need for high-

quality, domain-specific language models, remain challenges that must be addressed for effective 

deployment (Garg et al., 2021). 

In the education sector, NLP applications are increasingly being used to support teacher 

training and development. These applications include voice emotion analysis, which helps in 

understanding and responding to students' emotional states; assistive technology, which provides 

support for diverse learning needs; language learning tools that aid in teaching and learning new 

languages; and intelligent analysis for educational content. These NLP tools have the potential to 

greatly enhance the quality of education by providing personalized feedback, improving teaching 

methods, and supporting professional development for educators (Zhu, 2023). 

NLP also plays a valuable role in software development, particularly in textual use case 

analysis. By automating the analysis of requirements and aiding in the design phase, NLP can save 

significant time and effort. Despite these benefits, the effectiveness of NLP in this domain heavily 
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depends on selecting the appropriate processing methods and pipelines tailored to the specific use 

cases. The variability in use cases across different domains means that the choice of NLP 

techniques must be carefully considered to achieve optimal results. Evaluations of syntactic and 

semantic pipelines at theoretical and practical levels have shown promising outcomes, suggesting 

that further exploration and refinement of task-specific NLP pipelines could enhance their 

effectiveness (Kulkarni et al., 2012). 

NLP offers transformative potential across logistics, education, and software development, 

having regarded that each sector faces unique implementation challenges. The success of NLP 

applications in these areas depends on overcoming these challenges and leveraging the right 

techniques and tools tailored to specific needs. Continued research and practical evaluations will 

be crucial in realizing the full benefits of NLP in these diverse domains. 

2.1.2 NLP Applications in Automated Application Review Systems (AARSs) 

NLP has become a crucial technology for automating various facets of application review systems, 

streamlining tasks that were traditionally manual and time-consuming. Recent research highlights 

the effectiveness of NLP in several areas, such as analyzing safety occurrence reports, screening 

resumes, and automating resume parsing and ranking processes (Sinha et al., 2021). By leveraging 

NLP techniques, organizations can efficiently extract valuable information from unstructured text, 

including skills, qualifications, and work experience, which is vital for making informed decisions 

in recruitment and safety management. 

ML models, especially deep learning approaches like Bidirectional Transformers, have 

significantly advanced text classification and entity extraction tasks (Devlin et al., 2019). These 

models demonstrate high accuracy in parsing and interpreting complex text data, which enhances 

the ability to identify relevant information quickly and accurately (Ricketts et al., 2023). In the 

context of resume evaluation, NLP-powered systems can automate the extraction of critical details 

and rank candidates based on predefined criteria, thus optimizing the recruitment process. Such 

systems can be seamlessly integrated with existing Applicant Tracking Systems (ATS), providing 

real-time insights and improving the efficiency of the recruitment pipeline (Nimbekar et al., 2019). 
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The integration of NLP into automated resume evaluation systems represents a significant 

step forward in recruitment technology. These systems can handle large volumes of applications 

by parsing resumes, extracting pertinent information, and ranking candidates with 

greater speed and accuracy than traditional methods. However, while computational accuracy is 

crucial, it is also important to conduct real-world trials to evaluate the practical effectiveness of 

these NLP applications. Such trials help in assessing how well these systems perform in diverse 

and dynamic real-world environments, ensuring that they provide meaningful and reliable support 

in application review processes (Ricketts et al., 2023). 

2.1.3 NLP Applications in Information Retrieval 

NLP has shown considerable promise in enhancing Information Retrieval (IR) systems, though its 

impact has varied across different techniques and applications. Historically, simpler NLP 

techniques, such as stop word removal, which filters out common, less meaningful words, and 

stemming, which reduces words to their root forms, have led to significant improvements in IR 

systems (Brants, 2003). These methods have helped refine the search queries and improve the 

relevance of retrieved documents by addressing common linguistic variations and redundancies. 

However, more advanced NLP methods, such as parsing, which involves analyzing the 

grammatical structure of sentences, and word sense disambiguation, which resolves the meaning 

of words based on context, have had more limited success in enhancing IR systems (Brants, 2003).   

While these techniques offer deeper linguistic insights, their practical benefits in improving 

search results have not always met expectations, often due to their complexity and computational 

resources required. The application of NLP in IR has evolved significantly from the early reliance 

on straightforward keyword matching to the adoption of sophisticated ML and deep learning 

approaches (Wang, 2020 ).  

ML models, particularly those utilizing large-scale neural networks, have improved the 

ability to understand and retrieve relevant documents by capturing complex patterns and 

relationships in textual data. This evolution has been instrumental in various domains, including 

academic research, medical information retrieval, and e-commerce, where nuanced and context-

aware search capabilities are crucial. In the quest to enhance IR systems, some researchers have 
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focused on leveraging NLP resources like WordNet, a lexical database that organizes words into 

synonym sets and captures semantic relationships (Smeaton, 1999).  

By utilizing these resources, researchers aim to improve IR tasks by enriching the 

understanding of word meanings and relationships beyond mere keyword matching. Other 

approaches have proposed frameworks that optimize the retrieval process by employing specific 

NLP techniques. For example, some models consider only nouns and verbs in the Vector Space 

Model, a technique used to represent text documents as vectors in a multi-dimensional space 

(Subhashini & Kumar, 2010). This approach aims to increase retrieval effectiveness by focusing 

on the most semantically significant parts of the text, thereby enhancing the relevance of search 

results. 

Despite these advancements, challenges remain in the field of IR. The integration of NLP 

techniques continues to face obstacles, such as the complexity of semantic understanding and the 

need for personalized retrieval that accurately reflects individual user preferences and contexts 

(Wang, 2020). Nevertheless, ongoing progress in semantic understanding and personalized 

retrieval mechanisms holds the promise of more sophisticated and accurate search technologies. 

2.1.4 NLP Applications in Financial Services 

NLP has been evolved as a pivotal technology in financial services, revolutionizing the sector with 

its wide array of applications. Traditionally, financial analysis and decision-making relied heavily 

on structured data, but NLP has expanded the horizon by enabling the processing and analysis of 

unstructured text data. This transition has been marked by a shift from early rule-based systems, 

which followed predefined patterns and heuristics, to sophisticated deep learning models capable 

of understanding and generating human-like text (Du et al., 2025). Such advancements have 

significantly enhanced the ability to predict financial trends, evaluate financial statements, and 

gauge market sentiments (Gupta et al., 2020). 

In the Financial Technology (FinTech) sector, NLP plays a crucial role in several critical 

processes. For instance, Know Your Customer (KYC) and Know Your Product (KYP) procedures 

benefit from NLP's ability to analyze vast amounts of textual data, such as customer reviews, social 

media posts, and regulatory documents. This analysis helps firms gain deeper insights into their 



  
 

11 

customers and the products they offer, facilitating more informed decision-making (Gupta et al., 

2020).  

Similarly, the Sentiment Analysis and Customer (SYC) processes leverage NLP to assess 

customer feedback and market opinions, which can influence product development and marketing 

strategies. Moreover, NLP has given rise to a specialized field known as Natural Language 

Financial Forecasting (NLFF). This field focuses on applying NLP techniques to predict financial 

markets and stock prices by analyzing textual data from news articles, financial reports, and social 

media (Du et al., 2025). Despite its potential, NLFF faces challenges such as data scarcity, where 

limited availability of high-quality textual data can hinder model performance, and adversarial 

examples, where misleading or manipulative text can distort predictions (Gupta et al., 2020). 

2.1.5 NLP Applications in Healthcare 

NLP has emerged as a transformative tool in healthcare, offering significant applications and 

benefits by analyzing unstructured medical data. NLP techniques can effectively process and 

interpret patient records, clinical notes, and other forms of medical text to extract valuable insights 

that support clinical decision-making and improve patient care (Sánchez et al., 2024). By 

converting free-text data into structured information, NLP helps in managing and utilizing medical 

data more efficiently, which can enhance various healthcare functions, including clinical practice, 

hospital management, personal care, public health, and drug development (Schopow et al., 2023). 

One of the key advantages of NLP in healthcare is its ability to handle vast amounts of 

medical literature and research findings. This capability aids healthcare practitioners in staying up 

to date with the latest developments, making informed decisions about diagnosis, treatment plans, 

and patient care strategies (Rekha, 2023). The growing adoption of NLP technologies in the 

healthcare sector is reflected in the projected expansion of the global market for NLP solutions, 

underscoring the increasing importance of these technologies in improving healthcare outcomes 

(Sánchez et al., 2024). 

Despite the promising potential of NLP, there are notable challenges in its implementation 

within healthcare settings. The complexity and heterogeneity of medical data present significant 

hurdles, as integrating and standardizing diverse data sources can be difficult (Sánchez et al., 
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2024). Addressing these challenges is crucial for leveraging NLP's full potential to enhance patient 

care and advance medical research. NLP plays a crucial role in transforming unstructured text data 

from electronic health records (EHRs) into actionable insights, improving the usability and 

effectiveness of EHR systems (Friedman et al., 2013). 

In addition to the technical challenges, there is a need for collaborative efforts to advance 

NLP applications in healthcare. Developing and improving usability in healthcare applications 

requires open-source software components and infrastructure that support the sharing of annotated 

data and tools. Collaborative initiatives can accelerate the development of NLP technologies by 

providing the resources and data needed for continuous improvement and innovation (Ohno-

Machado, 2014). 

NLP is set to revolutionize healthcare by improving the management and utilization of 

medical data, aiding in clinical decision-making, and enhancing patient care. While there are 

challenges related to data complexity and integration, ongoing research and collaborative efforts 

are essential to overcome these obstacles and fully realize the benefits of NLP in the healthcare 

sector. The continued advancement of NLP technologies will play a vital role in shaping the future 

of medical practice and health information management. 

2.2 NLP Capabilities for Knowledge Discovery and Decision Making 

In healthcare, NLP can structure narrative information from medical reports and case notes, 

making it more accessible for decision-making (Iroju & Olaleke, 2015). NLP supports information 

retrieval and knowledge discovery by processing text at multiple linguistic levels, extracting 

meaning in a human-like manner (Liddy, 1998). This capability enhances the potential for 

adaptive, intelligent agents to support or even automate decision-making processes (Liddy, 1999). 

By leveraging NLP technologies, organizations can gain a competitive advantage through 

improved knowledge discovery and decision support systems, ultimately focusing more on 

analysis and prediction tasks.  

NLP has emerged as a powerful tool in various fields, including clinical decision support 

and management research. In healthcare, NLP aids in providing accessible health information at 

the point of need, leveraging clinical narratives, and representing knowledge in standardized 
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formats (Demner-Fushman et al., 2009). The technology faces challenges in handling distinct 

sublanguages and user groups, but recent advancements have renewed interest in developing 

fundamental NLP methods for clinical decision support. NLP's ability to analyze large volumes of 

text efficiently makes it valuable for knowledge discovery and dissemination (Chowdhury, 2005). 

It encompasses various components, including probabilistic parsing, ambiguity resolution, 

and information extraction. In management research, NLP is gaining traction for its capacity to 

automatically analyze and comprehend human language (Kang et al., 2020). As the field continues 

to evolve, NLP applications are expanding across multiple domains, demonstrating its versatility 

and potential for future developments. Text mining, which is a part of NLP, focuses on extracting 

valuable information from unstructured text data (Rajman & Besançon, 1998). NLP techniques 

improve how we extract information by enabling processes like finding associations between 

different pieces of information and extracting key documents that are most representative (Rajman 

& Besançon, 1998). However, the field faces some challenges, such as understanding the structure 

of sentences, resolving ambiguities, and analyzing how different parts of a text relate to each other 

(Chowdhury, 2005).  

Nevertheless, NLP has made considerable progress and has a wide range of practical 

applications. For instance, question-answering systems use NLP to understand and respond to user 

queries by extracting relevant information from large text corpora. Commonsense interfaces 

leverage NLP to simulate human-like understanding and reasoning, providing more intuitive 

interactions with technology (Chowdhury, 2005).  

As the volume of natural language text continues to grow exponentially, NLP's role 

becomes increasingly critical. Efficiently discovering and interpreting valuable information from 

this vast amount of data within limited time constraints is essential for businesses, researchers, and 

other stakeholders. The ongoing development and refinement of NLP techniques are vital for 

improving information retrieval, enhancing decision-making processes, and leveraging textual 

data to gain insights and knowledge (Chowdhury, 2005). 

2.2.1 Summarization and Topic Abstraction 

Automatic text summarization has become an essential tool for handling the vast amounts of 

information we encounter daily. Researchers are working on different approaches to summarize 
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text effectively. These approaches can be broadly categorized into two types: knowledge-poor and 

knowledge-rich methods (Hahn & Mani, 2000). Knowledge-poor methods rely on basic algorithms 

and statistical techniques to condense text, while knowledge-rich methods incorporate deeper 

understanding and domain-specific knowledge. 

One major challenge in summarization is achieving a high level of text compression while 

keeping the summarized content relevant and informative. This means finding a balance between 

shortening the text and retaining its essential information. In specialized fields like biomedicine, 

semantic abstraction techniques are used to create summaries that capture the conceptual essence 

of the text. For example, prediction-based methods can process and condense complex biomedical 

information into more manageable summaries (Fiszman et al., 2005). There are also advanced 

summarization techniques known as fully abstractive approaches. These methods not only extract 

key pieces of information but also generate new sentences to create a coherent and informative 

summary. This approach combines various processes, including information extraction, content 

selection, and natural language generation, to produce summaries that are both accurate and 

readable (Genest & Lapalme, 2012).  

For technical texts, which often require a detailed understanding of concepts and topics, 

summarization methods that focus on identifying key concepts, extracting relevant topics, and 

regenerating text have shown promise. These methods aim to produce summaries that are both 

indicative of the original content and informative (Saggion & Lapalme, 2000). Evaluating the 

effectiveness of summarization systems is crucial because users need to trust that the summaries 

they receive accurately reflect the most important information from the original text (Hahn & 

Mani, 2000).  

Ensuring that summaries are both accurate and useful remains a key focus in the 

development of summarization technologies. Abstractive summarization is a method that creates 

summaries by understanding and rephrasing the original content, making it more meaningful and 

coherent. This approach is often seen as more advanced compared to extractive summarization, 

which simply pulls out key sentences from the original text (Munot & Govilkar, 2015). By 

generating summaries in a more human-like way, abstractive methods can provide a clearer and 

more concise representation of the text. However, abstractive summarization comes with its own 



  
 

15 

set of challenges. It requires sophisticated natural language processing and a deep understanding 

of the text’s meaning, which can be difficult to achieve (Munot & Govilkar, 2015). For instance, 

researchers have developed semantic abstraction techniques that help in creating summaries by 

focusing on essential concepts and relationships. In the biomedical field, techniques like using 

predications (statements that express relationships between entities) and conceptual condensates 

(summaries that capture key ideas) are employed to handle complex medical information (Fiszman 

et al., 2005). 

Recent advancements in large language models (LLMs) have significantly enhanced 

automated text summarization capabilities, particularly with the introduction of models such as 

Meta's Llama series, Mistral 8x7B Instruct, Falcon-7B-Instruct, and SmoLM2. The Llama series, 

notably Llama 2 and the more recent Llama 3, have markedly improved summarization tasks by 

increasing parameters up to 405 billion and extending context lengths, resulting in coherent and 

contextually detailed summaries (Brown, 2020). Mistral 8x7B Instruct, utilizing grouped-query 

attention (GQA) and sliding window attention (SWA), has proven highly efficient and capable, 

frequently outperforming larger models like Llama 2 13B in summarization benchmarks 

(Hyscaler, 2024).  

Falcon-7B-Instruct also emerges as a robust model for summarization, known for 

generating concise yet comprehensive summaries, while maintaining accuracy and strong 

contextual understanding, making it suitable for various natural language tasks (Almazrouei et al., 

2023). Additionally, the introduction of SmoLM2 has further enriched the landscape, achieving 

competitive results validated through traditional evaluation metrics such as Bilingual Evaluation 

Understudy (BLEU; Papineni et al., 2002) and Recall-Oriented Understudy for Gisting Evaluation 

(ROUGE; Lin et al., 2004). These innovations collectively highlight the rapidly advancing field of 

LLM-driven summarization, demonstrating increased reliability, efficiency, and adaptability for 

diverse real-world applications. 

In addition to these techniques, fully abstractive approaches have been explored, which 

aim to guide the summarization process by combining various methods. These approaches 

integrate information extraction (identifying important information), content selection (choosing 

relevant parts of the text), and natural language generation (creating readable summaries) (Genest 

& Lapalme, 2012). This combination helps in producing summaries that are not only accurate but 
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also more fluent and natural sounding. Despite these advancements, there are still significant 

challenges to overcome. One major issue is achieving high levels of text reduction while 

maintaining the relevance and accuracy of the summary, which often requires substantial 

background knowledge. Additionally, developing effective methods to evaluate the quality of 

generated summaries remains a critical concern (Hahn & Mani, 2000). Ensuring that summaries 

truly reflect the important content of the original text is essential for users to trust and rely on these 

automated summarization systems. 

2.2.2 Semantic Knowledge Extraction, Retrieval, and Q&A Systems 

Question Answering (QA) systems are advanced technologies designed to provide precise and 

relevant answers to questions posed in natural language. These systems work by integrating two 

key processes: Information Retrieval (IR) and Information Extraction (IE). The primary goal of a 

QA system is to transform user queries into accurate answers by leveraging large volumes of 

textual data. The process begins with question classification, where the system determines the type 

of information being requested. This classification helps tailor the retrieval and extraction 

processes to the specific needs of the query (Allam & Haggag, 2016). 

The first stage in a QA system is Information Retrieval (IR). Here, the system searches 

through a vast collection of documents or data sources to find those most relevant to the user's 

question. IR techniques involve querying a database or search engine to identify documents that 

might contain the answer. This step is critical because it filters out irrelevant information and 

focuses the system's resources on a manageable set of documents that are likely to hold the answer 

(Allam & Haggag, 2016). Effective IR ensures that the QA system does not waste time or resources 

on irrelevant content. 

Once the relevant documents are retrieved, the QA system moves to the Information 

Extraction (IE) stage. IE is where the system extracts specific pieces of information from the 

retrieved texts. This process involves identifying and classifying key entities such as names, dates, 

and locations, as well as understanding the context and meaning of the text. IE techniques include 

named entity recognition (NER), which helps in pinpointing important elements within the text, 

and natural language parsing, which breaks down sentences into their grammatical components to 

better understand their meaning (Srihari & Li, 2000). 
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The effectiveness of IE in QA systems can be illustrated by the University of Sheffield's 

TREC-8 QA system. This system demonstrated how integrating IR and IE technologies can 

enhance performance. It used IR to locate documents that were relevant to the user's question and 

then applied IE to analyze these documents and extract precise answers based on the semantic 

content of the text (Humphreys et al., 1999). This approach showed that combining IR and IE 

could significantly improve the accuracy of the answers provided. 

Despite the advancements in QA systems, challenges remain in achieving optimal 

performance. One of the key challenges is balancing the need for high precision with the ability to 

handle a wide variety of question types. QA systems must be capable of understanding complex 

queries and extracting relevant information without extensive domain-specific knowledge. 

Additionally, developing effective methods for evaluating the accuracy and relevance of the 

answers is crucial for ensuring that the systems meet user expectations (Hahn & Mani, 2000). 

As research in QA systems continues to advance, integrating more sophisticated IE 

techniques is expected to drive further improvements. The ongoing development of new methods 

and technologies will likely enhance the systems' ability to understand and respond to complex 

queries with greater accuracy and reliability. By focusing on refining both IR and IE processes, 

future QA systems will be better equipped to provide precise and contextually appropriate answers, 

further bridging the gap between human language and machine understanding (Allam & Haggag, 

2016; Srihari & Li, 1999). 

2.2.3 Dialogue Systems and Chatbots 

Dialogue systems, commonly known as chatbots, are sophisticated computational tools designed 

to engage in conversational exchanges with humans (McTear, 2020). These systems are employed 

across various domains, including customer service, healthcare, and entertainment, to provide 

users with interactive and responsive experiences. However, despite their widespread use, chatbots 

encounter significant challenges primarily due to their reliance on manually labelled data, 

handcrafted rules, and expert-compiled knowledge bases. These dependencies can lead to 

scalability issues and errors, limiting the effectiveness and adaptability of traditional dialogue 

systems (Liu & Mazumder, 2021). 
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To address these limitations, researchers are exploring hybrid approaches that combine 

chatbots with advanced dialogue systems. For instance, integrating ML techniques with rule-based 

methods can create more adaptable and intelligent systems (Henderson et al., 2014). Additionally, 

the incorporation of lifelong learning techniques allows chatbots to continuously acquire new 

knowledge, language patterns, and conversational skills through ongoing interactions with users. 

This self-learning capability helps systems adapt to new contexts and improve their understanding 

of diverse natural language expressions over time (Liu & Mazumder, 2021). 

Lifelong learning techniques in dialogue systems enable these chatbots to evolve beyond 

their initial programming. By interacting with users, chatbots can learn from their experiences, 

refine their language models, and update their knowledge bases to reflect new information and 

conversational nuances. This process enhances the chatbot's ability to handle a broader range of 

topics and user queries, making interactions more relevant and engaging. Moreover, advanced 

dialogue systems leverage multi-user environments and incorporate both verbal and non-verbal 

cues to improve user interactions. By analyzing various forms of communication, including text, 

tone, and body language, these systems aim to provide a more comprehensive and contextually 

aware conversational experience. This approach helps overcome some of the constraints associated 

with traditional chatbots, which may struggle to interpret complex or nuanced user inputs (Liu & 

Mazumder, 2021). 

The integration of hybrid models and lifelong learning techniques represents a significant 

advancement in the development of dialogue systems. These innovations not only enhance the 

adaptability and scalability of chatbots but also contribute to greater user satisfaction by delivering 

more accurate and contextually appropriate responses. As technology continues to evolve, the 

potential for dialogue systems to offer increasingly sophisticated and personalized interactions 

grows, promising to transform the way users engage with computational systems (Henderson et 

al., 2014). 

In summary, while traditional dialogue systems face challenges related to scalability and 

adaptability, the adoption of hybrid approaches, and lifelong learning techniques offers promising 

solutions. By enabling chatbots to learn continuously and adapt to new contexts, these 

advancements improve the effectiveness of dialogue systems and enhance the overall user 
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experience. The ongoing development in this field aims to overcome existing limitations and create 

more intelligent and responsive conversational agents (Liu & Mazumder, 2021). 

2.3 NLP with Decision Support Systems 

NLP has become a transformative technology for enhancing decision support systems (DSS) 

across various industries. In the business sector, NLP-integrated DSS can significantly boost 

customer engagement, operational efficiency, and financial performance by analyzing large 

volumes of unstructured data. For example, NLP can be used to analyze customer feedback from 

surveys, social media, and online reviews to identify emerging trends, address pain points, and 

tailor marketing strategies. This analysis helps businesses enhance customer loyalty and drive 

revenue growth by aligning their products and services with customer needs and preferences 

(Sherif et al., 2023). 

Semantic technologies that utilize NLP also play a crucial role in modern enterprises by 

extracting meaningful insights from diverse and disparate data sources. NLP helps standardize 

terminology across departments, ensuring consistent communication and data interpretation. 

Additionally, it facilitates the integration of data from various sources into a unified framework, 

improving business intelligence. For instance, semantic search technologies enable organizations 

to quickly find relevant documents and information, thereby enhancing decision-making processes 

and fostering innovation (Esposito, 2017). 

In group decision-making scenarios, NLP interfaces enhance collaboration and access to 

information systems. By incorporating advanced NLP techniques, decision-makers can interact 

more intuitively with databases and model bases. For example, natural language querying allows 

users to ask questions in plain language and receive precise answers from complex data 

repositories. This capability improves the efficiency of group discussions and decision-making by 

providing clear and relevant information without requiring specialized technical skills (Conlon et 

al., 1994). 

In the healthcare sector, NLP plays a pivotal role in advancing clinical decision support 

systems. By processing and interpreting free-text clinical notes, electronic health records (EHRs), 

and medical literature, NLP helps healthcare professionals’ access crucial information needed for 
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patient care. For instance, NLP can extract symptoms, diagnoses, and treatment options from 

unstructured clinical narratives, aiding in the development of personalized treatment plans. It also 

assists in identifying potential drug interactions and predicting patient outcomes, thereby 

supporting better clinical decisions and improving overall patient care (Demner-Fushman et al., 

2009). 

Moreover, NLP is increasingly utilized in public health to monitor and analyze health 

trends and outbreaks. For example, NLP-driven sentiment analysis of social media posts and news 

articles can provide early warnings of emerging health issues and public health crises. This 

application allows health authorities to respond more rapidly and effectively to potential threats, 

improving public health outcomes and crisis management (Demner-Fushman et al., 2009). 

Overall, NLP's versatility in enhancing decision support systems is evident across various 

sectors. From business intelligence and group decision-making to clinical support and public 

health monitoring, NLP technologies enable more informed, efficient, and effective decision-

making. As NLP continues to advance, its role in transforming how organizations and individuals 

process and utilize information will become even more significant, driving innovation and 

improving outcomes across multiple domains (Sherif et al., 2023; Conlon et al., 1994; Demner-

Fushman et al., 2009). 

2.4 Integration of NLP with Expert Systems 

The integration of Natural Language Processing (NLP) with Expert Systems has been explored 

extensively, demonstrating various applications and benefits. Researchers have shown how NLP 

can enhance expert systems by improving user interaction. For instance, NLP has been applied to 

handle user queries in Polish, facilitating more effective communication and problem-solving 

within expert systems (Jach & Xieski, 2015). This integration underscores the importance of rich 

natural language interactions, which are crucial for the effective utilization of expert systems and 

improving user experiences (Finin et al., 1986). 

NLP integration enables expert systems to perform various functions such as term 

definition, paraphrasing, and misconception correction. These capabilities enhance the system's 

ability to understand and respond to user inputs accurately. For example, NLP techniques can help 
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in clarifying ambiguous terms or rephrasing user queries to match the expert system's knowledge 

base, leading to more precise and helpful responses (Finin et al., 1986). By improving the 

interaction between users and the system, NLP contributes to a more intuitive and user-friendly 

experience. 

Furthermore, the transformation of natural language knowledge into symbolic expressions 

for rule-based expert systems has been a key area of investigation. This approach involves 

converting human-readable knowledge into a format suitable for rule-based systems, using logic 

programming to facilitate plausible inferences. Researchers have explored methods to synthesize 

initial knowledge, acquire new information, and convert symbolic expressions into PROLOG 

rules. This process enhances the expert system's ability to reason and make decisions based on the 

available knowledge (Kazimierczak, 1990). 

Additionally, the integration of expert systems with neural networks has been explored to 

address the limitations of both technologies. Neural networks offer learning and adaptive 

capabilities that can complement the static rule-based nature of traditional expert systems. By 

combining these technologies, researchers aim to create hybrid systems that leverage the strengths 

of both approaches, leading to improved performance and more robust decision-making 

capabilities (Osyk & Vijayaraman, 1995). 

These studies collectively highlight the potential of enhancing expert systems through NLP 

integration and hybrid approaches. By incorporating NLP, expert systems can achieve better 

natural language understanding and user interaction. Combining NLP with neural networks further 

extends the capabilities of expert systems, making them more adaptable and effective in handling 

complex tasks and dynamic information (Jach & Xieski, 2015; Finin et al., 1986; Kazimierczak, 

1990; Osyk & Vijayaraman, 1995). 

In terms of fairness, bias and accountability, (Amodei et al. 2016) highlight foundational 

safety issues in AI, emphasizing the importance of addressing unintended behaviours and system 

robustness. (Bolukbasi et al. 2016) focus specifically on biases rooted within word embeddings, 

illustrating how gendered stereotypes can be mitigated through debiasing techniques. (Crawford 

and Paglen 2021) extend this discourse by examining the political and ethical implications inherent 

in training datasets, underlining the biases these datasets can perpetuate. 
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Fairness in algorithmic decision-making has been thoroughly discussed by (Dwork et al. 

2012), introducing the concept of fairness through awareness, a paradigm aimed at creating 

transparency and reducing discrimination by incorporating sensitive attributes responsibly. 

(Friedler et al. 2019) provide a comparative analysis of various fairness-enhancing interventions, 

evaluating their effectiveness across diverse machine learning scenarios. Similarly, (Mehrabi et al. 

2021) offer a comprehensive survey on bias and fairness, detailing numerous approaches to 

detecting, mitigating, and understanding bias in machine learning contexts.  

(Selbst et al. 2019) critically examine fairness from a sociotechnical perspective, arguing 

for an approach that recognizes the interplay between technical solutions and social contexts. 

(Zemel et al. 2013) contribute to this narrative by proposing methods for learning fair 

representations, intended to mitigate bias while preserving predictive performance. Lastly, (Binns 

et al. 2018) discuss algorithmic accountability within democratic frameworks, emphasizing 

transparency, justification, and public reasoning as key elements for ensuring responsible AI 

governance. Collectively, these works underscore the complex, multifaceted challenge of 

achieving fairness and accountability in AI systems, providing foundational insights and 

frameworks essential for ongoing developments in ethical AI.  

Hybrid AI systems combine diverse methodologies, including neural networks, symbolic 

reasoning, fuzzy logic, and evolutionary algorithms, leveraging their collective strengths to 

mitigate individual limitations (Dellermann et al., 2019). These systems enhance decision-making 

processes, improve problem-solving capabilities, and effectively address complex optimization 

tasks in operations management (Bittner et al., 2011). Human-AI collaboration is central to hybrid 

AI, emphasizing the importance of co-evolution, learning, and explainability to build trust and 

ensure transparency (Järvelä, 2025). Ontologies play a crucial role by structuring knowledge 

representation, facilitating interoperability, and enhancing system understanding (Pileggi, 2023). 

As hybrid AI continues to evolve, future research is likely to focus on developing adaptive learning 

frameworks, collaborative algorithms, and modular architectures, which are essential for aligning 

these systems with human values and societal needs (Pileggi, 2023). Collectively, these 

advancements highlight the potential of hybrid AI systems to deliver robust, efficient, and ethically 

aligned AI solutions. 
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2.5 Bibliometric Analysis and Methods 

Bibliometric methods have gained significant prominence as tools for evaluating scientific 

literature and assessing research performance across various academic disciplines. These methods 

encompass a range of analytical techniques, including citation analysis, co-citation analysis, 

bibliographic coupling, co-author analysis, and co-word analysis, each of which provides unique 

insights into the patterns and impacts of scholarly communication (Zupic & Čater, 2015). Citation 

analysis, for instance, examines the frequency and patterns of citations to measure the influence of 

a particular work, while co-citation analysis explores how frequently two publications are cited 

together, offering insights into the development of research fields and the relationships between 

them. 

Bibliometric indicators are generally categorized into three types: quantity, quality, and 

structural indices. Quantity indicators measure productivity by counting the number of 

publications, quality indicators assess performance based on the impact of the research, often 

measured through citation counts, and structural indicators examine the connections between 

publications, such as collaboration networks and the intellectual structure of research fields 

(Durieux & Gevenois, 2010). These indicators collectively provide a comprehensive view of 

scientific productivity and influence, making bibliometric methods valuable for both individual 

researchers and institutions.  

The impact of bibliometric studies has expanded notably since 1994, particularly outside 

the traditional fields of Information and Library Science (ILS). This growth reflects the increasing 

recognition of bibliometric methods as essential tools in disciplines where they were previously 

underutilized (Ellegaard, 2018). Despite this expansion, cross-referencing between ILS and non-

ILS publications remains relatively limited, suggesting that further integration and 

interdisciplinary collaboration could enhance the utility and application of bibliometric methods 

across diverse fields (Ellegaard, 2018). 

Bibliometric analyse has also become critical in high-stakes academic decisions, such as 

funding allocations, faculty appointments, and promotions. The use of this analyse in such 

decisions underscores its importance in the scientific community, where quantitative measures of 

research impact and collaboration are increasingly valued (Durieux & Gevenois, 2010). As these 
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methods continue to evolve, there is a growing need for collaboration between bibliometric 

researchers and the end-users of these analyses — such as university administrators and funding 

bodies — to refine and tailor bibliometric tools to better serve their specific needs and contexts 

(Ellegaard, 2018). 

Bibliometric methods have become indispensable in evaluating and guiding scientific 

research. While they offer powerful insights into scholarly communication and research impact, 

ongoing collaboration and innovation in the field are essential to enhance their accuracy, 

applicability, and integration across various academic disciplines. The continued development of 

bibliometric methods will likely play a crucial role in shaping the future of research evaluation and 

scientific advancement. 

2.5.1 Approach 

Workflow of the bibliometric analysis is shown in Figure 2. Beginning with the definition of 

focused research questions, we moved through data collection and preprocessing, carried out the 

bibliometric analyses, visualised the resulting patterns, and finally interpreted the findings for 

reporting. 

The bibliometric analysis may help in analyzing the current trends in the domain of Natural 

Language Processing, Expert Systems and Fairness. This analysis will also help in identifying the 

research gap in the field of NLP and making further progress by adopting the right methodology 

and tools. It also allows for the identification of key contributors, including prolific authors, 

influential papers, and leading journals in the field. The process begins with the identification of 

specific research questions that the bibliometric analysis aims to answer. 

 

                            Figure 2. Workflow of the Bibliometric Analysis.  
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These questions guide the entire analysis and ensure that it is focused and relevant. 

Relevant data is gathered from various databases such as Scopus, Web of Science, or Google 

Scholar. This step involves collecting publication data, including citation counts, author 

information, and keywords.   

The main investigation is based on bibliometric analysis of publications at the intersection 

of natural language processing, expert systems, decision support systems, and fairness. We chose 

Web of Science core collection (Li et al., 2010) and restricted our scope to a single source to avoid 

the extra preprocessing and integration required when merging multiple datasets.  

 The search queries entered were: 

1) TS=("NLP" AND "decision support system"  )   

AND PY=2000–2024   

AND DOCUMENT TYPES=(Article OR Review OR Proceedings Paper)   

AND LANGUAGE=English 

 

2) TS=("NLP” AND "Expert System"  ) 

            AND PY=2000–2024   

            AND DOCUMENT TYPES=(Article OR Review OR Proceedings)   

            AND LANGUAGE=English 

3)  TS = ( "NLP" 

     AND ("expert system" OR "decision support system")  

             AND "fairness")    

             AND PY=2000–2024   

            AND DOCUMENT TYPES=(Article OR Review OR Proceedings)   

            AND LANGUAGE=English 
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In each of the search queries, we restricted the search to only journal articles or review articles or 

conference proceedings. 

2.5.2 Defining research questions 

The first step in the workflow is defining the research questions to make the right analysis. They 

are presented in Table 1 along with the corresponding methods. 

Table 1. Bibliometric Analysis Questions and Methods 

 

The first research question is the year-by-year quantity of research publications on the topics of  

NLP,  Expert Systems, Decision Support Systems and Fairness as outlined in the subsequent 

section.  

2.5.3 Year-by-Year trend of publishing 

In responding to Q1, the annual dynamics of publications in the domain is shown in Figure 3. The 

longitudinal analysis of publication output in the areas of NLP and Decision Support Systems, 

NLP and  Expert Systems, NLP and Fairness in Expert System reveal a pronounced upward 

trajectory over the past two decades. Between 2000 and 2014, annual publication counts remained 

modest, reflecting foundational explorations in integrating natural language processing with rule-
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and logic-based decision frameworks. Beginning in 2015, however, research activity accelerated 

sharply: NLP and Expert Systems publications climbed to over 260 by 2024, while NLP and 

 Decision Support Systems work exceeded 220 in the same year. Meanwhile, fairness-focused 

studies emerged around 2018 and have increased rapidly, marking the rise of a critical subfield 

dedicated to embedding ethical and accountability considerations within AI-powered evaluative 

systems. 

 

Figure 3. Annual publication Trends for NLP applications in Decision Support Systems, Expert 

Systems, and Fairness. 

This broad expansion across all three strands underscores the maturing of AI 

methodologies and their transition from theoretical prototypes to robust, real-world applications. 

The annual dynamics of citations in the domain are shown in Figure 4. Citation patterns 

across NLP-driven Decision Support Systems, NLP and Expert Systems, NLP and Fairness in 

Expert Systems reveal an evolving scholarly influence over time. Both NLP and Decision Support 

Systems and NLP and Expert Systems exhibit steady citation growth, peaking around 2023–2024, 
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being consistent with the typical lag between publication and citation accumulation reaching 

approximately 700 and 600 citations, respectively. 

 

In contrast, fairness-based NLP research, though emerging only after 2018, experienced a 

dramatic surge in citations exceeding 1,000 by 2024 underscoring its rapid ascent in 

interdisciplinary importance. This sharp increase highlights the research community’s urgent focus 

on embedding fairness, accountability, and transparency within AI systems. 

 

Figure 4. Annual citation trends for NLP applications in Decision Support Systems, Expert 

Systems, and Fairness. 
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2.5.4 Key Research Areas 

As for Q2, the distribution of applications or focus areas within the field of Natural Language 

Processing (NLP) across various domains is shown in Figure 5. Each block represents a different 

domain or area of application, with the size of the block indicating the relative volume or 

importance of research or activity within that area. 

 

Figure 5. Applications of NLP in Different Domains of the Research Areas with the Number of 

Publications (extracted from the Web of Science core collection). 

2.5.5 The Network of Keywords 

 

Figure 6. A Network of Keywords in NLP. 
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Addressing Q3, Network of Keywords in Figure 6 generated with VOS viewer 

(https://www.vosviewer.com) visually represents the relationships between different keywords or 

topics within the domain of Natural Language Processing (NLP). Essential observations in Figure 

6 can be summarized as follows: 

Central Node - Natural Language Processing- The largest and most central node is 

"Natural Language Processing," indicating that it is the primary focus of the research or data 

analyzed. The central position and size of this node suggest its significant influence and 

connectivity with various other topics in the field. 

Connected Topics and Clusters- Surrounding the central node are several smaller nodes, 

each representing different keywords or related topics. The connections (lines) between these 

nodes indicate how often these keywords co-occur in the analyzed data, such as academic papers, 

articles, or research documents. The thickness of the lines may represent the strength of the 

connection, with thicker lines indicating a stronger relationship or more frequent co-occurrence. 

Colour-Coded Clusters- The map is likely colour-coded to indicate different clusters or 

thematic groups of related keywords. For example, topics related to "machine learning" might be 

grouped in one cluster, while those related to "quantum computing" or "healthcare" might form 

another. Each colour represents a different thematic area within NLP, highlighting the diverse 

applications and research directions in the field. 

Specific Topic- Various topics such as "language models," "machine learning," "quantum 

computing," "semantics," and "ontology" are visible around the central node. These items 

represent key areas of interest within the NLP research community. For example, "language 

models" and "machine learning" are closely connected to NLP, reflecting the importance of these 

technologies in developing advanced NLP systems. 

Interdisciplinary Connections- Some nodes may represent interdisciplinary connections, 

such as "healthcare," "analytics," and "artificial intelligence," showing how NLP is applied across 

different fields. The presence of these topics indicates the broad impact and relevance of NLP 

across various domains beyond traditional language processing tasks. Figure 7 showcases the 

visualization of the temporal evolution or prominence of specific topics within a field by 

overlaying additional information on top of the standard keywords map. 



  
 

31 

 

 

Figure 7. The Network Keywords in Overlay Projection. 

2.5.6 Most Impactful Publications 

The impact factors of top journals in the fields of NLP and Expert Systems are presented in Figure 

8, highlighting the relative influence and significance of each journal, as per Q4 . The "Journal of 

Artificial Intelligence" leads the rating with the highest impact factor, underscoring its pivotal role 

in the academic community. Other notable journals like "Knowledge-Based Systems" and "Expert 

Systems with Applications" also demonstrate high impact, reflecting their importance in advancing 

research related to intelligent systems and expert applications. Journals, such as "IEEE 

Transactions on Knowledge and Data Engineering" and "Journal of Web Semantics", further 

emphasize the integration of data-driven approaches and semantic technologies in NLP. This chart 
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serves as a useful guide for researchers in identifying leading journals for publishing and 

referencing high-impact work in these critical areas of study. 

This chart serves as a useful guide for researchers in identifying leading journals for publishing 

and referencing high-impact work in these critical areas of study. 

 

 

Figure 8.  Impact Factor of Top Journals in the Fields of NLP and Expert Systems. 

 

Addressing Q5, key papers that have made substantial contributions to the integration of 

NLP with expert systems and knowledge management are summarized in Table 2.  
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Table 2. Top Ten Most Cited Publications in the Domain of NLP with Decision Support Systems, 

Expert Systems and Fairness. 

 

 

These publications have been highly cited, indicating their importance and influence in 

shaping research and development in these areas. The works listed span a few years but have 

consistently guided advancements in applying NLP technologies to enhance expert systems and 

knowledge-based applications. 

2.5.7 Leading Authors in the Field of NLP 

As per Q6, Figure 9 provides a clear picture of the leading researchers in the field of NLP as it 

relates to knowledge-based systems, highlighting their prolific contributions and influence in 

advancing these technologies. The chart ranks these authors based on the number of publications 

they have contributed to this domain.  
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Figure 9. Top Ten Most Prolific Authors. 

2.6 Manual Analysis to Determine Research Trend and Novelty 

Table 3. Pinpoints promising research gaps at the intersection of natural-language processing 

(NLP), decision-support tools, expert systems and fairness. Core NLP has already shifted from 

hand-written rules to transformer models (Vaswani et al., 2017; Devlin et al., 2019); the next 

breakthroughs are likely to be low-resource and retrieval-augmented models (Lewis et al., 2020; 

Gu et al., 2021) and multimodal systems that combine text with speech or images, particularly for 

languages beyond English (Alayrac et al., 2022). In decision-support, conventional work has 

plateaued, but a new wave of AI dashboards that embed large language models is just emerging; 

studies that show these models acting as transparent, explainable advisers remain rare and 

publishable (Liu et al., 2023; Amershi et al., 2019). Purely rule-based expert systems are ageing, 

yet interest revives when NLP keeps their knowledge bases up to date (García-Sánchez & 

Valencia-García, 2020), leaving room for hybrid rule-plus-neural systems that non-experts can 

maintain (Mialon et al., 2024). Finally, fairness in expert systems drew little attention before 2017, 

but new AI-ethics regulations have made it urgent (European Commission, 2021); the most novel 

work now involves building auditable pipelines and bias-debugging tools that reveal—and fix—

unjust rules (Binns et al., 2018). 
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Table 3. Manual Analysis of  Research Trend and Novelty in the Domain of NLP, Decision 

Support Systems, Expert Systems and Fairness. 

 

 

2.7 Research Gaps 

Potential areas for future research identified through literature review and bibliometric analysis 

are listed in Table 4. It highlights gaps in the existing literature domains that remain under‐

explored or where methodological applications are limited and provides a roadmap for adapting 

and extending our own research methodology. 

Table 4. Potential research gaps 
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 Chapter 3:  Methodology 

The objective of this chapter is to detail the methods required to implement the Hybrid AI Platform 

for Streamlining Evaluation (HAIPSE), specifically configured to meet the needs of the NIB Trust, 

as well as data sources and data collection underlying this research. Grounded in principles of 

responsible AI, the methodology pays special attention to preventing bias, ensuring transparency, 

and providing actionable insights for final decision-makers. 

3.1 Research Design and Data Collection 

This study employs a mixed-methods research design, integrating both quantitative (Mehrabi et 

al., 2021) and qualitative techniques. The quantitative component of the research primarily 

involves developing, validating, and testing AI-driven scoring models, heuristic scores metrics 

(Bolukbasi et al., 2016), fairness scores (Barocas & Selbst, 2016), and Large Language Models 

based summaries outputs. These measures are essential for systematically evaluating the reliability, 

and fairness of the automated application screening process. Specifically, quantitative techniques 

include statistical validation, scoring consistency analysis, measuring performance of the heuristic 

evaluation and detailed fairness metrics such as the Cohort Fairness Score (Dhamala et al., 2021). 

Complementing the quantitative methods, qualitative techniques are adopted to ensure 

interpretability and enhance trust in the automated systems. This quantitative dimension involves 

extensive human reviews of the AI-generated evaluations and summaries, enabling evaluators to 

critically assess interpretability, contextual nuances, and potential biases in the AI’s decision-

making process. The qualitative review also includes structured records of evaluators to gather 

insights into their experiences, perceived reliability of the AI outputs, and suggestions for 

improvements (Doshi-Velez & Kim, 2017). This dual approach ensures robustness, and 

trustworthiness, forming a comprehensive methodological framework for evaluating high-stakes 

applications such as grant applications (Kroll et al., 2017). 

3.1.1 Data Source 

The core dataset for this research comprises over 2,000 real-life applications mainly extracted from 

the portal of NIB Trust Fund, Canada, according to the workflow shown in the Figure 10. This 
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extensive dataset includes multiple forms of documentation, notably structured forms, detailed 

essay responses, and official identification documents. These applications reflect 

authentic real-world scenarios, capturing the complexity and variability inherent in the grant and 

scholarship application processes (Geiger et al., 20]20). The authentic nature of the dataset 

enhances its real-world applicability, enabling comprehensive testing, validation, and refinement 

of the HAIPSE system under realistic and practically relevant conditions (Chouldechova & Roth, 

2020). 

Each application includes structured demographic details, applicant’s qualifications, 

experience levels, responses to open-ended essay prompts, and scanned identification documents, 

providing the necessary breadth and depth to robustly test NLP extraction, heuristic scoring 

systems, and fairness mechanisms (De-Arteaga et al., 2019). 

   
Figure 10. Workflow for Extracting and Analysing Applications from the NIB Trust Database. 

This research specifically targets applications submitted for grants and scholarships, an 

area characterized by considerable variability in essay lengths, writing styles, applicant 

backgrounds, qualifications, and skill sets. Applicants' backgrounds span diverse demographics 

and educational levels, professional experiences, and cultural contexts. Essays vary widely in 

length, complexity, and clarity mainly ranging from concise summaries to extensive narratives 

detailing life experiences, professional achievements, or motivations. Such broad variability is 

vital for rigorously evaluating the flexibility, robustness, and fairness of the NLP and scoring 

mechanisms integrated within the HAIPSE framework. By intentionally incorporating this 

diversity, the study ensures that the developed methods and systems can effectively generalize 
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across various applicant scenarios and maintain equitable outcomes irrespective of differences in 

applicant profiles or essay styles (Binns, 2018). 

Through the explicit combination of quantitative and qualitative approaches, reliance on 

authentic application datasets, and deliberate inclusion of varied application types, the research 

design provides a strong foundation for comprehensively assessing and validating the HAIPSE 

system’s capabilities (Geiger et al., 2020). 

3.1.2 Data Extraction and Preprocessing 

Secure Data Handling- One of the first priorities in the study domain is ensuring that the data is 

handled securely and responsibly by having Multi Factor Authentication (MFA) and strict access 

protocols (NIST, 2020). Figure 11 shows the setting of strict authentication protocols, so that only 

authorized users, who have legitimate access, can interact with or view the data. In practice, this 

means using secure login systems (e.g., passwords, multi-factor authentication) and maintaining 

detailed logs of who accessed what specific data, and when. Additionally, all collaborators and 

data handlers are required to sign Non-Disclosure Agreement (NDA) to legally commit to the 

privacy and security of the information (Swire & Ahmad, 2011). These measures protect sensitive 

applicant information and ensure the compliant with institutional policies and any regulatory 

standards. 

 

Figure 11. High-Level Flowchart for Secure Data Handling from the User Interface of the NIB 

Trust Portal. 
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Supporting Document Formats- The dataset for this study includes different types of 

documents that applicants submit as part of their applications. These documents come in various 

formats, such as PDF, JPEG, or PNG for identification documents like ID’s or Canadian citizenship 

card, and text-based formats for essays and other written responses. By accepting multiple file 

formats, the system accommodates the different ways in which information is stored and shared, 

ensuring that no data is lost or ignored simply because it was submitted in one format versus 

another (Weiss et al., 2021). For example, a scanned image of an ID may require conversion into 

a textual format for further processing, while essays can often be processed directly as digital text. 

This multi-format approach is critical for building a versatile and inclusive data pipeline capable 

of handling the diverse inputs that real-world applications provide (Deng & Yu, 2014). 

Data Cleaning, Extraction and Preprocessing- Once the data is collected, the first 

essential task is data cleaning, which ensures the quality and consistency of the dataset before it is 

subjected to analysis. The initial step involves removing duplicate records to ensure that each 

application is represented only once. Duplicate entries can distort the analytical outcomes and lead 

to misleading insights, undermining the reliability of any conclusions drawn from the data (Dasu 

& Johnson, 2003). Following deduplication, standardizing the textual content becomes a priority. 

This includes correcting spelling errors, normalizing cases, and ensuring consistency in formatting. 

Such standardization is critical for downstream processes like keyword extraction or sentiment 

analysis, which require uniformly structured input data to function effectively (Weiss et al., 2015; 

Jurafsky & Martin, 2021). 

In cases where applicants have submitted scanned documents, Optical Character 

Recognition (OCR) software is employed to convert image-based data into machine-readable text. 

This transformation is essential because NLP systems can only process textual inputs, making 

OCR a vital bridge between visual and textual data (Smith, 2007; Yao et al., 2019). The application 

of OCR not only expands the types of input data that the system can handle but also ensures that 

valuable information contained in scanned documents is not excluded from analysis. 

Data extraction and preprocessing are further enhanced by incorporating robust security 

mechanisms that safeguard sensitive applicant data. Ensuring the confidentiality and integrity of 

the data collected is a foundational requirement in systems that manage personally identifiable 
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information, as outlined by best practices in digital security (Kent & Souppaya, 2013). In addition 

to security, the system is designed to accommodate a wide range of file formats, including PDFs, 

JPEGs, PNGs, and DOCX documents, making it adaptable to the varied formats typically 

submitted by applicants (Yao et al., 2019). 

This careful and inclusive preprocessing stage sets the groundwork for both automated and 

human-in-the-loop analyses. By ensuring the data is clean, secure, and standardized, the HAIPSE 

framework is better equipped to perform accurate evaluations and deliver fair and transparent 

outcomes. Human-in-the-loop approaches are particularly effective in contexts where judgment, 

interpretability, or nuanced decision-making is required, complementing automated processes to 

improve reliability and fairness (Holzinger, 2016). As a result, this phase not only prepares the 

data for technical processing but also reinforces the ethical foundations of the system by promoting 

accountability, inclusiveness, and trust (Chouldechova & Roth, 2020). 

3.1.3 Ethical and Compliance Considerations 

When designing and implementing a system like HAIPSE, it is essential to address ethical and 

compliance issues at every stage. These issues help ensure that the system is used responsibly, 

respects applicant privacy, and operates fairly.  

Bias and Fairness- The system is designed to follow the principles of responsible AI as 

outlined in leading studies by Barocas & Selbst (2016) and Mehrabi et al. (2021). This involves 

actively working to minimize any biases in decision-making. For example, the system is 

equipped with measures to detect and reduce the use of biased language or criteria that could 

unfairly advantage or disadvantage certain groups of applicants (Raji et al., 2020). By integrating 

fairness checks into the scoring algorithms and continuously monitoring the outcomes, the 

system ensures that every applicant is assessed on a level playing field. This means that 

regardless of personal background, gender, or other factors, each application is evaluated based 

on merits and relevant qualifications (Hajian et al., 2016). 

Data Security- Protecting the personal information of applicants is a critical priority. To 

ensure data security, all personally identifiable information (PII) is stored in encrypted databases. 

This encryption ensures that the data is scrambled and unreadable to unauthorized users, and only 
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those with valid decryption keys can access it (Mell & Grance, 2011; Vogt & Von dem Bussche, 

2017). In addition, the system employs role-based access control (RBAC) mechanisms, which 

allow access permissions to be granted based on a user's role within the organization. This ensures 

that only specific personnel such as system administrators or authorized reviewers can view or 

modify sensitive information (Sandhu et al., 1996). These technical and administrative safeguards 

are designed to prevent unauthorized access, maintain confidentiality, and ensure that all applicant 

data is used solely for purposes explicitly stated in the application process (Kshetri, 2021). The 

integration of encryption provides a strong foundation for securing data within AI-enabled 

evaluation platforms, aligning with best practices in data protection and privacy-by-design 

approaches (Cavoukian, 2009). 

Informed Consent- Transparency is essential for ethical data handling. Before applicants 

submit their information, it is crucial that they are fully informed about how their data will be used. 

This includes details on how the system employs automated decision-making processes, the role 

that human experts play in reviewing these decisions, and the overall scope of data usage (Watcher 

et al., 2017). Ensuring that applicants have granted informed consent means that they understand 

and agree to these processes. This is achieved through clear communication typically in the form 

of privacy notices or consent forms that explains the purpose of data collection, how the 

information will be processed, and what rights applicants have regarding their data (Cavoukian, 

2009). By doing so, the system not only complies with legal and ethical standards but also builds 

trust between the applicants and the evaluators (Mittelstadt et al., 2016). 

Addressing ethical and compliance considerations means designing HAIPSE with robust 

mechanisms to ensure fairness, protect applicant privacy, and maintain transparency. These 

measures help to mitigate potential biases, secure sensitive data against unauthorized access, and 

ensure that all applicants are clearly informed about how their information will be used throughout 

the application evaluation process (Jobin et al., 2019). 

3.2 HAIPSE Framework: Modules and Methods 

The HAIPSE architecture includes the following core modules: (1) User Interface Module, (2) 

Computer Vision Module, (3) NLP Module, (4) Expert System Component, (5) Large Language 

Model (LLM) Summarization Module, (6) Cohort Fairness Score Module, (7) Human Feedback 
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Module, as presented in Figure 12. The internal operations of, and the relevant methods used in, 

these core modules are described in the corresponding sections of this chapter.  

 

                                      Figure 12. Architecture of the HAIPSE Core Modules. 

A high-level workflow of the HAIPSE Framework is shown in Figure 13. 

 

                           Figure 13. A high-level workflow of the HAIPSE Framework. 

  It is important to note that the HAIPSE framework integrates a human-in-the-loop 

ideology, where program officers assess the AI-generated summaries and scores. Evaluators cross-



  
 

43 

verify the automated decisions and can adjust the outcomes based on their judgment, particularly 

in borderline cases. This collaborative approach ensures that any potential biases or errors by the 

AI are addressed (Buolamwini & Gebru, 2018). Moreover, the framework is designed for 

continuous improvement, with regular updates to the models and inference rules based on 

evaluator feedback and new data trends. Overall, the HAIPSE framework balances automation and 

human oversight to deliver a streamlined, efficient, and fair application evaluation process.  

3.2.1 User Interface Module 

The User Interface (UI) Module is designed to offer a seamless, transparent, and secure 

experience for both applicants and evaluators, while orchestrating the complex workflow 

of the HAIPSE framework.  

The UI Module serves as the central hub for all interactions between applicants, 

evaluators, and the HAIPSE system. Applicants upload their documents, such as IDs and 

application forms, directly through the UI Module which stores them in the NIB Trust 

database. From the NIB Trust database, evaluators or admin can query specific 

applications, override automated scores, or adjust scoring weights, with every activity 

logged and fed back into the Expert System’s Knowledge Base. 

This functionality is supported by a security mechanism integrated into the NIB 

Trust Portal, as demonstrated in Figure 11. It features multi-factor authentication and role-

based access controls to ensure that only authorized users can view or modify data, and 

detailed audit trails capture every upload, query, and override for traceability. The 

categories of HAIPSE users along with their primary roles are presented in Table 5. 

3.2.1.1 Applicant Authentication and Document Validation 

In any system handling sensitive and high-stakes applications, establishing robust identity 

verification protocols is essential (Barocas & Selbst, 2016). For this purpose, the HAIPSE 

framework implements the security and integrity of applicant data starting with the secure sign-up 

and login processes, wherein applicants are authenticated using credentials, such as 
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email/password or Single Sign-On (SSO) mechanisms (Das, 2019). The online Applicant 

Registration Form is shown in Figure 14.  

                         Table 5. Categories of HAIPSE Users and their Primary Roles. 

Category of  User Action(s) 

 

               Applicant 

Sign-up / Sign-in to NIB Trust Portal 

Upload ID and supporting documents 

Complete MCQ’s and essay questions 

 

 

 

             Program Officer 

Review automated outputs (ID checks, NLP summaries, heuristic 

scores) 

Provide feedbacks on applications 

Flag complex cases for human evaluation 

 

 

             Administrator 

Assign applications to Program Officers 

Configure heuristic scoring parameters and cohort fairness score 

triggers 

Manage access controls (MFA, role permissions) 
  

             Evaluator 

Perform detailed review of flagged cases 

Contribute edge-case feedback to refine the knowledge base of the 

system      

Verify LLM-generated summaries of the applications 

 

            Domain Expert  

Provide the rules and edge-case insights that capture real-world 

expertise in the problem domain 

Review system rule sets and test cases 

Ensure the knowledge base stays accurate and relevant 

The system is designed to accept a particular piece of government-issued ID, such as 

national identity card, adhering to standardized documents formats (Shrestha et al., 2021) in a 
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variety of file formats while implementing automated checks to detect corrupted or incomplete 

uploads (Jain & Bolle, 2006). If a file does not meet the required standards (e.g., being blurry, 

incomplete or poorly scanned), the system immediately prompts the applicant to resubmit a clearer, 

complete version of the document. This required step helps prevent errors or delays in the later 

stages of processing, where accurate and reliable data is crucial for further evaluation within the 

HAIPSE framework (Yousef et al., 2020). This approach was adopted to preserve data privacy and 

avoid exposure of personally identifiable information, which is consistent with the best practices 

in privacy-preserving machine learning and ethical AI research (Veale et al., 2018). 

 

                                   Figure 14. Online Applicant Registration Form. 

3.2.1.2 Application Submission  

The UI module captures structured and unstructured applicant information (Cappelli, 2019; Rivera, 

2012) through Essay and Multiple-Choice Questions (MCQs). MCQs are used to gather 

quantifiable data in a standardized format, allowing for efficient screening and the inclusion of 

critical filter criteria (Smith & Martin, 2019). A sample MCQs and Open-Ended Responses 

recorded on the NIB Trust portal is shown in Figure 15.  

Essay responses provide a richer, qualitative understanding of each applicant's motivations, 

experiences, and personal insights (Kahneman, 2011). A sample Essay response on the NIB Trust 
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portal is presented in Figure 16. Together, these two formats create a comprehensive foundation 

for robust application’s evaluation within the HAIPSE framework (Mehrabi et al., 2021).  

    

Figure 15. Sample Multiple Choice Questions (MCQs) and Open-Ended Responses on the       

NIB Trust Portal. 

 

Figure 16. Sample Essay Response on the NIB Trust portal. 
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3.2.2 Computer Vision Module  

To ensure the authenticity of the identification documents submitted by applicants, the HAIPSE 

framework incorporates a state-of-the-art Computer Vision solution based on the YOLOV11 

model (Redmon et al., 2016). YOLO (You Only Look Once Version) is a deep learning model 

widely recognized for its rapid and accurate object detection capabilities. The architecture of the 

YOLO V11 largely includes three components: 1) Backbone; 2) Neck; and 3) Head, as 

demonstrated in Figure 17.  

The Backbone of YOLO V11 converts raw images into rich, multi-scale feature maps. It 

builds on a Cross-Stage Partial (CSP) design, using compact C3k2 residual blocks to reduce 

parameters and accelerate computation while preserving gradient flow (Wang et al., 2020; Khanam 

& Hussain, 2024). A streamlined Spatial Pyramid Pooling-Fast (SPPF) layer then pools 

information at several receptive-field sizes, giving the network global context without heavy cost 

(He et al., 2014). Finally, a C2PSA attention module re-weights spatial regions and channels so 

that salient object cues are emphasised and background noise is suppressed (Woo et al., 2018). 

These three elements together yield lightweight yet expressive features for downstream detection. 

The Neck fuses those backbone features across scales to ensure that both fine detail and 

high-level semantics reach the detector. YOLO V11 stacks a top-down Feature Pyramid 

Network (FPN) path with a bottom-up Path Aggregation Network (PANet) path, so information 

flows bidirectionally (Lin et al., 2017; Liu et al., 2018). After each up- or down-sampling step, 

another C3k2 block refines the concatenated maps with minimal overhead, while the attention 

maps propagated from C2PSA keep the focus on object regions. The result is a trilogy of feature 

maps (at strides 8, 16, 32) that are simultaneously rich in context and sharp in localisation, 

improving detection of small, medium, and large objects. 

The Head turns these multi-scale maps into final predictions. YOLO V11 adopts 

an anchor-free, decoupled head: one branch regresses bounding-box offsets and another predicts 

abjectness plus class scores, allowing each task to specialise (Ge et al., 2021). A final pass through 

lightweight C3k2 blocks further polishes the features before a convolution output detection at the 

three scales. This anchor-free design removes hand-tuned anchor boxes and, together with the 
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decoupled branches, simplifies training while yielding accurate, real-time results across diverse 

object sizes. 

The YOLO V11 object detection head is shown in Figure 18. In the context of ID 

validation, the model is trained on a diverse dataset of ID images so that it can recognize and scan 

critical regions of government-issued documents such as the Machine-Readable Zone (MRZ) 

found on passports or other ID’s which contains standardized personal details essential for 

verification. During the scanning process, the YOLO V11 model processes each ID image in a 

single forward pass, swiftly detecting whether the critical text zones are present and legible 

(Redmon et al., 2016). 

 

Figure 17. Architecture of the YOLO V11 (From: Rao, 2024). 

The YOLO V11 model is specifically fine-tuned to differentiate between acceptable 

variations in document appearance and significant deviations that could indicate tampering, 
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degradation, or poor-quality uploads (Jain, 2006). These capabilities are critical for ensuring that 

only clear and verifiable documents are used in subsequent steps of the evaluation process. 

 

Figure 18. YOLO V11 Model ID Validation Pipeline. 

When the applicants upload a picture of their ID, YOLO V11 scans the picture in one quick 

look and points out the important parts of the document: the photo, the two lines of numbers and 

letters at the bottom (the MRZ), date of birth, and other key spots. 

Next, the text inside those boxed-off areas is read by a small text-reading tool. The system 

checks that the MRZ follows the official passport format and that the numbers inside it add up 

correctly (they have built-in checksums, like mini math problems) (Shrestha et al., 2021). It also 

makes sure dates and names match in different places. If everything is present and easy to read, 

the ID is marked “Valid” and the applicant can move on. If something is missing or blurry, the ID 

is marked “Invalid” and the applicant is prompted to re-try.  

Based on the outcome of the computer vision analysis, the system makes a definitive 

determination. If the ID is successfully validated ( i.e., all critical text zones are clear and correctly 

formatted), the application proceeds to the main review process, allowing the applicant to continue 

smoothly. However, if the model flags significant issues, such as blurry text, incomplete sections, 
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or other discrepancies, the system immediately initiates a feedback loop by prompting the 

applicant to re-upload a corrected version of the document. Should repeated validation failures 

occur, the application may be rejected to maintain the integrity of the data (Mehrabi et al., 2021). 

3.2.3 Natural Language Processing Module 

The NLP Module is a central component of the HAIPSE framework, designed to transform 

unstructured applicant text into structured data that can be analyzed. This module leverages 

advanced natural language processing techniques to extract meaningful features from essays and 

other narrative responses following the workflow demonstrated in Figure 19. The processing 

pipeline begins with tokenization and parsing using the spaCy library (Honnibal & Montani, 2017), 

which splits the text into tokens, segments sentences, and normalizes the language for uniformity. 

By removing trivial words through stop word elimination, the system ensures a sharper focus on 

the critical contents. 

Figure 19. Natural Language Processing Module Workflow. 

3.2.3.1 Tokenization and Parsing 

The first step in processing raw text data is known as tokenization and parsing. This step involves 

breaking down the text into smaller units, or tokens, which include individual words, punctuation 

marks, and other symbols. By using the SpaCy library (Honnibal & Montani, 2017), the system 

effectively splits the text into these meaningful building blocks, which are essential for any further 

analysis. Additionally, SpaCy also performs sentence segmentation, which helps to divide the text 

into complete sentences. This preserves the grammatical structure of the content, making it easier 

for the system to understand the context and relationships between words and phrases. 
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Normalization is another vital part of this step. It involves converting all characters to 

lowercase and standardizing text formats, which helps to reduce inconsistencies that might arise 

from different text styles or formats. An important aspect of this normalization process is stop 

word removal. Common words such as “the,” “and,” or “but” are filtered out because they typically 

do not add significant meaning to the text, thus allowing the analysis to focus on more critical 

content. Together, these processes ensure that the text is cleaned, uniformly formatted, and reduced 

to its core components, setting a solid foundation for deeper language analysis in subsequent stages 

of processing (Bird et al., 2009). 

3.2.3.2 Domain Adaptation 

Domain adaptation  is the process of adjusting a pre-trained NLP model so it can better understand 

text specific to a given field or context (Ruder, 2019) following the workflow shown in Figure 20. 

In the case of SpaCy, this involves fine-tuning the model or extending it with specialized lexicons 

that capture the terminology, phrasing, and conventions unique to a particular domain such as the 

nonprofit or educational sector (Honnibal & Montani, 2017). By integrating additional vocabulary 

and custom entity types into SpaCy, the model can accurately recognize terms and references that 

would otherwise remain unrecognized or misclassified if it only relied on a generic, broad-

coverage language model (Mehrabi et al., 2021). 

 

                                     Figure 20. Workflow of the Domain Adaptation. 
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3.2.3.3  Keyword Extraction 

Keyword Extraction refers to the process of identifying and highlighting the most important words 

or phrases within a text, typically those that contribute significantly to the document’s thematic or 

conceptual content (Weiss et al., 2015). In the HAIPSE framework, this step is crucial for 

summarizing the essence of an applicant’s submission and making it readily usable in subsequent 

scoring and evaluation stages. Two key practices – “mapping to an ontology” and “filtering 

irrelevant content” – ensure consistency and precision during keyword extraction. 

Mapping keywords to a predefined ontology involves linking or replacing synonyms and 

semantically related terms so they can be treated uniformly (Wang & Zhang, 2020). For instance, 

the terms “leadership” and “team management” might have distinct literal meanings yet represent 

similar concepts within the context of an application. By establishing these relationships in an 

ontology, the system ensures that references to leadership are scored or interpreted consistently, 

regardless of how they are phrased. This approach is especially helpful in large-scale or domain-

specific contexts, where different applicants might use varied terminology to describe the same 

skill or experience (Zhang & Zhao, 2019). Through ontology mapping, the HAIPSE framework 

achieves a more comprehensive and fair assessment of each candidate’s background and 

qualifications. 

Once the relevant keywords have been identified and unified via ontology mapping, the 

next step involves discarding extraneous statements or off-topic segments of text (Weiss et al., 

2015). This filtration mechanism prevents noise such as tangential anecdotes from diluting the 

focus of the analysis. In practice, machine learning classifiers or rule-based systems can flag and 

remove these non-contributory elements. The objective is to isolate only those pieces of 

information that add genuine value to the assessment process (Barocas & Selbst, 2016). By 

refining the textual dataset in this manner, the HAIPSE framework enhances the reliability of its 

evaluations, ensuring that subsequent metrics and decisions are based on content directly relevant 

to the applicant’s skills and qualifications. 

 

 



  
 

53 

3.2.4 Expert System Component 

The core element of the Expert System is the Knowledge Base which stores domain-specific 

information acquired from the human experts ("Knowledge from an expert"), typically encoded as 

heuristic rules and facts relevant to the specific problem domain. Each rule is structured in the 

form: 

IF (condition or premise) THEN (action or conclusion).  

Sample Eligibility Rules are given in Box 1. 

 

    Box 1. Sample Eligibility Rules. 

The Inference Engine extract facts from the application and applies a keyword-matching 

algorithm to the documents submitted with the application to detect which rule’s premise is 

satisfied. If it is fully met, the Engine applies the rule, assigning the resulting status to the 

application (i.e., eligible or ineligible). 

In general, the users engage the Inference Engine through the UI module by placing a 

specific problem or question (“the Query”) processed against the rules and facts in the Knowledge 

Base using its heuristic reasoning capabilities. Here, the Inference Engine acts as the problem-

solving mechanism. The resulting “Advice” is delivered back to the user through the UI 

(Waterman, 1986). Thus, the system effectively captures and replicates human expertise, 

sometimes called knowledge engineering, making it accessible to non-experts for decision support 
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or problem-solving within its specialized domain via a structured query-advice cycle (Jackson, 

1999). For example, the Heuristic Scoring module interacts with the Inference Engine using rule-

based methods, adjusting weights of factors contributing to application’s evaluation depending on 

the scoring outcomes and based on the embedded expert knowledge (i.e., the rules) to fine-tune 

the HAIPSE operations (Buchanan & Shortliffe, 1984).  

                                         

Figure 21. Interaction of the Heuristic Scoring Module with the Expert System Component. 

3.2.5 Heuristic Scoring Module 

In the HAIPSE framework, the Heuristic Scoring Module and Inference Engine, translating raw 

applicant data into structured evaluations, serve as the decision-making core. According to 

Mehrabi et al. (2021), one of the key implementation mechanisms involves combining heuristic 

weighting approach with fuzzy logic to ensure that a broad range of applicant scenarios are scored 

consistently and fairly. 

In the context, the term “heuristic” refers to rules of thumb or simplified decision criteria 

that enable quick, yet structured judgments in high-volume application processes (Kahneman, 

2011). For instance, the Engine might assign to the application “+10 points for 3+ years of relevant 
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experience in the academics,” reflecting the assumption that a certain duration of experience is 

critically valuable to the position or program in question.  

These rules are often built upon domain expertise, making them tailored and transparent. 

By specifying clear thresholds (e.g., minimum years of experience or must-have certifications), 

the system streamlines the initial stages of evaluation. However, the exact application of these 

heuristics can be adjusted for near-threshold values, for example, awarding partial points if an 

applicant has 2.5 years of experience instead of the full 3 years. This graded approach keeps the 

scoring process from becoming overly rigid while still respecting the importance of certain key 

criteria (Mehrabi et al., 2021). Sample Heuristic Scoring Rules are given in Box 2. 

 

Box 2. Sample Heuristic Scoring Rules for Relevant Experience. 

Fuzzy logic extends these heuristic rules to better handle borderline cases, where rigid 

cutoffs may inadvertently penalize worthy applicants. Instead of binary decisions fully meeting or 

not meeting a threshold, fuzzy logic assigns degrees of membership, allowing for partial 

satisfaction (Zimmermann, 2001). 

In practical terms, if an applicant has, for example, 2.5 years of experience, the scoring 

model would grant them a partial credit rather than a complete denial of points. Through fuzzy 

logic, the HAIPSE system ensures that, otherwise competitive, candidates are not rejected merely 

because they fall fractionally short of a prescribed threshold. By combining heuristic weighting 

assignment with fuzzy logic, the scoring engine achieves a balanced, context-sensitive level, 

allowing for a more holistic and equitable evaluation of applicant qualifications. 
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The implementation of the heuristic scoring in the framework is designed to balance 

structured NLP expert rule-based Heuristic evaluations, Cohort Level Fairness Score and Large 

Language Models generated summaries in the HAIPSE Total Score, as represented by formula (1): 

F(A)  =   *HS(A) + *CF(A) + *LLM(A).                                                                        (1)   

Here: 

F(A) is the HAIPSE Total Score. 

HS(A) is the Heuristic Score for application A.  

CF(A) is the Cohort Fairness Score  for application A. 

LLM(A) is the Large Language Models generated summary score for application A. 

, ,  are the weighting factors for Heuristic, Cohort Fairness and LLM Scores, respectively, 

where , ,  ∈ [0, 1] and  +  +  = 1.  

In its turn, 

HS(A) = ∑ [𝑠𝑖 ∗ 𝐾𝑖
𝑛

𝑖=1
(𝐴)] ,                                                                                                (2) 

where 

𝑠𝑖 is the domain specific scores assigned to i-th keyword. 

     𝐾𝑖 is the i-th keyword match in the application. 

     n is the number of keywords in the application A.  

 

The computational formulae for CF(A) and LLM(A) are given in section 3.2.6 and 

3.2.7.3.The Heuristic Scoring quantifies the alignment of an application A with predefined, 

domain-specific criteria through NLP module and Expert System component. Parameter  in 

Formula (1) controls the contribution of the heuristic score to the HAIPSE Total Score F(A). Lower 

 reduces reliance on keyword-based scoring, prioritizing other components of the HAIPSE Total 
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Score, and vice-versa (Bansal et al., 2021). Adjusting  and 𝑠𝑖 dynamically can mitigate biases in 

the application, as demonstrated in debiasing techniques for rule-based systems (Huang, 2016). 

3.2.6 Cohort Fairness Score Module 

Within the HAIPSE framework, the Cohort Fairness metric is designed to quantify how 

consistently a group or a cohort of applications is scored. By grouping applications for instance, 

into batches of 30 and then examining the spread of scores within each group, the HAIPSE can 

detect potential bias or systematic inconsistencies in the evaluation process (Dwork et al., 2012; 

Friedler et al., 2019). A Cohort Fairness Score, CF(A), bridges automated and human judgment:  

       CF(A) =  1

𝑁
∑ (𝐺(𝐴𝑖) − 

𝑐𝑜ℎ𝑜𝑟𝑡
)2𝑁

𝑖=1 ,                                                                           (3) 

 where 

     𝐺(𝐴𝑖) is the Fairness-adjusted score of the i-th application in the cohort. 

      μ𝑐𝑜ℎ𝑜𝑟𝑡 is the Mean Cohort Fairness Score of all applications in the cohort. 

      N is the number of applications in the cohort. 

    

Formula (3) captures the variance of the Cohort Fairness Scores around the mean value 

(μ𝑐𝑜ℎ𝑜𝑟𝑡) of N applications in the cohort. The value of 𝐺(𝐴𝑖) is accounted for factors such as 

biased language or heuristic weights. 

Lower Cohort Fairness values indicate that application scores cluster closely around the 

Cohort’s average (Srebro, 2016), suggesting that the evaluation process is relatively consistent. In 

other words, no individual applicant’s score is drastically higher or lower than the mean which 

indicates the more equitable evaluation (Mehrabi et. al. 2021) within the Cohort. 

Higher Cohort Fairness values suggest greater variance in scores, potentially indicating 

the outlier scores or inconsistencies across the applications within the cohort. Such fluctuations 

might indicate that certain subgroups of applications are being systematically evaluated differently, 

on the grounds of skill sets, writing style, or other factors, thus signalling about potential bias or 

uneven standards (Zemel et al., 2013). 
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The weighting factor   in Formula (1) determines how heavily the variance of the cohort 

fairness scores impacts the total HAIPSE metric. In particular,   = 1 signifies the strict fairness 

enforcement while   = 0.3 implies certain tolerance for minor deviations. It can be tuned 

dynamically to enforce equity in response to bias (Bolukbasi et al., 2016). 

Adaptive Refinement- If a Cohort Fairness score is notably high, the framework triggers a 

review of both the scoring model (e.g, heuristic rules) and the evaluator’s decisions. This review 

may involve retraining or adjusting the scoring algorithm, refining the fairness metrics, or 

providing additional guidance to evaluators. Sample threshold based decision rules for Cohort 

Fairness Scores are given in the Box 3. 

 

Box 3. Threshold-Based Decision Rules for Cohort Fairness Scores. 

If the Cohort Fairness indicator for applications surpasses a pre-defined threshold, the 

HAIPSE treats the spike as a possible warning that the screening pipeline is drifting toward 

systematic bias. In such a case, the first remediation step is to retrain the heuristic model on a bias-

balanced sample or recalibrate thresholds if the scoring curve has become skewed (Raji et al., 

2020; Mitchell et al., 2019).  

The second remediation step focuses on the human reviewers. Decision logs are sampled 

to check whether evaluators systematically up- or down-grade certain profiles after the automated 

score, a practice that may reintroduce bias despite a neutral model (Holstein et al., 2019). If 

inconsistent overrides are found, the framework issues targeted guidance or re-training to those 

evaluators, reinforcing calibrated scoring behaviour and clarifying fairness policies (Binns, 2018). 

By coupling algorithmic retraining with human-process adjustments, the HAIPSE uses a closed-

loop audit to keep both machine and human decision-making aligned with the fairness goals. 
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3.2.7 Large Language Models Based Summarization Module 

The HAIPSE framework leverages a set of fine-tuned Large Language Models (LLMs), such as 

Mixtral-8×7B-Instruct-v0.1 (Jiang et al., 2023), Meta-Llama-3-8B-Instruct (Meta AI, 2024), 

Tiiuae/falcon-7b-instruct (Almazrouei et al., 2023) , Databricks’ dolly-v2-3b ( Conover et al., 

2023), and SmolLM2-1.7B-Instruct (Shen et al., 2024), to generate concise summaries of applicant 

essays. Each model is evaluated for its ability to transform lengthy responses into bullet points or 

short executive overviews that highlight an applicant’s main qualifications, experiences, and 

achievements. To ensure these summaries are both context-relevant and equitable, a custom fine-

tuning step exposes the models to domain-specific essay samples while incorporating fairness 

checks to guard against omissions or biases  Ultimately, these AI-generated summaries reduce the 

cognitive load on human evaluators, enabling them to quickly grasp each candidate’s core 

strengths without wading through extensive narratives (Wu et al., 2023), while still maintaining 

transparency and human oversight. The working of the LLM Summarization Module is presented 

in Figure 22. 

 

Figure 22. Working of the LLM Summarization Module. 
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3.2.7.1 Experiments and Model Selection 

The first step in building the summarization pipeline is to select a suitable Large Language Model 

(LLM). In this experiment, several models are tested to evaluate their performance, including 

Mixtral-8×7B-Instruct-v0.1, Meta-Llama-3-8B-Instruct, tiiuae/falcon-7b-instruct, Databricks’ 

dolly-v2-3b, and SmolLM2-1.7B-Instruct. These LLMs vary in architecture size, instruction-

tuning approach, and intended application domain. To serve the needs of an application evaluation 

workflow, the chosen model(s) must reliably produce concise bullet points or executive summaries 

that capture each applicant’s main arguments, experiences, and achievements. By condensing 

lengthy essay responses into a more accessible format, the system eases the cognitive load on 

human evaluators, allowing them to focus on critical decision-making task. Among all the tested 

LLMs, the Meta Llama transformer model demonstrated the best performance and, therefore, is 

used in the HAIPSE framework. 

The architecture of the Meta-Llama transformer model is shown in the Figure 23 

representing one repeating block in the Meta-LLaMA decoder-only Transformer, followed by the 

final output layer. All blocks are stacked N times to build the full model (Touvron et al., 2023). 

Tokens are first mapped to learned embedding vectors. Rotary positional encodings (RoPE) are 

then applied in-place, rotating each query/key in the complex plane so that relative positions are 

preserved even for sequences longer than those seen in training (Su et al., 2021). 

 

Figure 23. Architecture of Meta-Llama Transformer Model. 
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Before self-attention, activations pass through RMSNorm, which rescales each hidden 

vector by its root-mean-square value. Because it skips the mean-centering term of Layer Norm, 

RMSNorm reduces arithmetic and speeds up both training and inference while providing 

comparable stabilisation in deep stacks (Zhang & Sennrich, 2019). 

LLaMA replaces classic multi-head attention with grouped multi-query attention (MQA). 

Many query projections are maintained for expressiveness, but a much smaller set of shared 

key/value (KV) projections is used, cutting the KV-cache memory footprint by an order of 

magnitude during autoregressive decoding (Shazeer, 2019). RoPE-rotated QKV tensors allow each 

token to attend to all previous tokens in the sequence, yielding efficient long-context generation 

(Touvron et al., 2023). The attention output is added back to the layer input (residual-skip) and 

normalised again with RMSNorm. This is followed by a two-layer feed-forward network (FFN), 

consisting of two positions-wise linear transformation. The activation is SwiGLU, a gated linear 

unit that multiplies a SiLU-activated gate by a parallel linear branch improving optimisation 

stability and running ≈10% faster than GELU while matching or surpassing its accuracy (Shazeer, 

2020). 

After the last decoder block, one more RMSNorm is applied. The sequence then passes 

through a linear projection to vocabulary logits, and a soft-max function transforms these logits 

into token probabilities for sampling or beam search (Touvron et al., 2023). By combining 

RMSNorm, grouped MQA, RoPE, and SwiGLU, LLaMA achieves GPT-class performance with 

lower memory use and faster throughput, especially important for very long contexts or resource-

constrained deployments. 

3.2.7.2 Custom Fine-Tuning and Summarization Outputs 

Once the preferred LLM is chosen, it undergoes an additional phase of fine-tuning. This process 

adapts the model to the specific demands of grant or hiring contexts, exposing it to domain-relevant 

essay samples and ensuring that it learns the nuances of evaluated project proposals, and personal 

statements (Howard & Ruder, 2018). Fine-tuning improves both the quality and conciseness of the 

summarization outputs. However, the system must also safeguard against biases that might be 

present in either the pre-trained model or the fine-tuned dataset. As a result, the summarization 
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workflow includes regular checks for fairness and omissions of key details. This involves ongoing 

reviews of the LLM’s outputs, adjustments to the training data, or modifications to the instruction 

prompts. By proactively monitoring and mitigating biases, the platform strives to maintain 

equitable, high-quality summaries for every application (Gehman et al., 2020). 

The final output takes the form of evaluator-facing summaries, offered in bullet-point or 

short-paragraph format. These summaries highlight the key contributions and qualifications of 

each application, highlighting crucial experiences, such as relevant work history, leadership roles, 

or academic qualifications. To uphold transparency, the system clearly indicates that these 

summaries are generated by an AI model and are subject to human verification (Buolamwini, 

2018), as shown in Figure 24. This disclaimer reminds evaluators that, while the summaries can 

streamline their review process, ultimate responsibility lies with human decision-makers. Together, 

these protocols in model selection, custom fine-tuning, and transparent output design create a 

robust and ethically guided summarization framework (Doshi-Velez & Kim, 2017) that caters to 

high-stakes application screening. 

 

Figure 24. Summaries Generated by an AI Model Subject to Human Verification. 
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3.2.7.3 LLM Summary Score  

 

 The LLM(A) score in Formula (1) within the HAIPSE Total Score is derived from mean () and 

variance (2) of the LLM generated summary scores for application A. Formula (4) penalizes 

inconsistency in the LLM’s summary outputs, ensuring reliability and mitigating bias: 

LLM(A) =  ( (1- k
2

2 )) ,                                                                                                     (4) 

 where  

k is the penalty factor (0 ≤ k ≤ 1), a constant that controls the strength of the penalty for 

high variance. In particular, k = 0 means that no penalty is applied (the LLM score equals the 

mean) while k = 1 implies the full penalty whereby the score is reduced proportionally to 

normalized variance. 

 is the average mean score of the LLM-generated summary. 

2 is the variance of the LLM-generated summary score. 

In Formula (4), the term  
2

2 (squared coefficient of variation) ensures the scale-invariant 

adjustments. The k values within the range (0.1 – 0.3) are used to prevent the excessive penalties. 

The average mean score of the LLM-generated summary for application A, , is computed 

as:   = ∑ 𝑙𝑖
𝑀
𝑖=1  ,                                                     (5) 

where  

     M is the number of summaries.  

     𝑙𝑖 is the LLM-generated summary for i-th application.  

The variance 2 of the LLM-generated summary score is given by the formula: 

  2 = 1

𝑀
∑ (𝑙𝑖 −  )2𝑀

𝑖=1   .                                                                                                        (6) 

     

A higher value of  in Formula (1) increases the weight of the LLM’s output relative to 

other contributing components, whereas a lower  shifts more decision-making influence on the 

human or heuristic side (Choudhary et al., 2023). For example, fairness audits can be used to detect 

systemic biases in the LLM’s behaviour (Gallegos et al., 2024). If such bias is identified in the 

system, human can proactively reduce  to decrease reliance on the biased model output, thereby 

mitigating disparate impacts (Li et al., 2023). Overall, adaptive ensemble weighting combined 
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with human-in-the-loop oversight has been shown to improve fairness and equity in algorithmic 

decision-making systems (Kenfack et al., 2021). 

 

3.2.8 Human Feedback Module 

After the automated evaluation phases, such as identity validation, NLP-based text analysis and 

heuristic scoring and LLM summarization have been completed, the HAIPSE framework subjects 

applications to a structured, human-in-the-loop review (Kleinberg et al., 2018). This review begins 

with assigning applications to the appropriate program administrators, who conduct an initial 

screen to filter out obviously ineligible submissions. Next, borderline or complex cases undergo a 

detailed examination by evaluators, who verify LLM summaries and scores, adjusting for 

overlooked qualities or biases, when necessary. Through this layered approach, the HAIPSE blends 

the efficiency of AI with the nuanced judgment of human experts, aiming for both bias 

elimination/reduction (Mehrabi et al., 2021) and fairness improvement in high-stakes application 

evaluations (Amershi et al., 2019), as shown in Figure 25. 

 

Figure 25. Human-AI Collaborative Application Evaluation Workflow. 

3.2.8.1 Assignment to Program Administrators 

 A Program Administrator can provide feedback on each completed application based on the score 

evaluated by the system, as shown in Figure 26. By centralizing and organizing this process, the 
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platform ensures efficiency and reduces the risk of applications getting overlooked. Additionally, 

the system applies a batch evaluation approach, wherein applications are grouped into sets (e.g., 

of 30-50 applications) at a time to facilitate comparative fairness checks (Friedler et al., 2019). By 

reviewing aggregated batches, Program Administrator can quickly identify scoring inconsistencies 

or emerging biases. 

 

     Figure 26. Program Administrator Sample Feedback on an Application. 

3.2.8.2 Screening by Program Officer 

Program officers conduct a high-level review of each assigned application (Cappelli, 2019). This 

stage involves an initial filter, in which any submissions that fail to meet mandatory prerequisites, 

such as valid identification or minimum educational criteria, get rejected immediately. Borderline 

cases, however, undergo a deeper assessment, especially if the LLM summaries suggest potential 

merit despite not strictly meeting every stated requirement (Van Esch et al., 2019). This targeted 

approach confers efficiency gains, as Program Officers can dedicate more time and attention to 

nuanced applications rather than exhaustively reading every single submission. Consequently, 

human expertise is concentrated on the most complex or uncertain cases, creating a more balanced 

and effective evaluation process. 

3.2.8.3 Detailed Evaluator Review and Final Decision 

For all the evaluated applications, the system calls for a more thorough detailed evaluator review 

(Mehrabi et al., 2021). Here, evaluators cross-check LLM summaries against the applicants’ 

original essays to confirm consistency and completeness. If the automated scores appear to 
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misjudge certain experiences or if the system has inadvertently penalized nontraditional 

backgrounds, evaluators perform a score adjustment by updating the final score to better reflect 

the applicant’s true qualifications (Binns et al., 2018). By actively monitoring for anomalies and 

patterns of disparity, the process seeks to maintain integrity and impartiality in the evaluation 

pipeline. 

At the end of the review process, each application receives a final decision. If approved, 

the system generates an acceptance letter that includes key details like funding or admission 

information (Strohmeier & Piazza, 2015). If denied, the platform provides clear explanations, for 

example, noting that a requirement was not met, so that the applicants understand the specific 

reason for rejection (Brown et al., 2020). During this last stage, every decision and its justification 

are documented for future audits and stored in the NIB Trust database. This record-keeping not 

only supports accountability but also allows the evaluation framework to be updated as needed, 

making the overall process fairer and more transparent (Amershi et al.,   2019). 

3.2.9 Adaptive Knowledge Base and Model Fine-Tuning 

Evaluators and reviewers who interact with the system provide ongoing feedback, such as flagging 

unfamiliar terms, identifying edge cases, or suggesting more appropriate scores for unique 

applicant profiles. This human-in-the-loop input is used to refine NLP models and update scoring 

heuristics, ensuring that the system’s interpretative capacity and fairness continually improve 

(Amershi et al., 2014; Holzinger, 2016). 

By regularly incorporating human insights, the HAIPSE framework becomes more 

susceptible to capturing the nuances in applicant language, reducing potential biases, and adapting 

to emerging trends or terminologies. As a result, the adaptive Knowledge Base (Amershi et al., 

2019) contributes significantly to maintaining a high level of fairness, ensuring that the system 

evolves in line with organization-specific demands (Barocas & Selbst, 2016; Mehrabi et al., 2021). 

Model retraining and fine-tuning means updating the system's AI models regularly so that 

they continue to perform well as new data or changes occur. Over time, the language and 

information that applicants provide may evolve, and new kinds of information might need to be 

taken into account. By retraining, the system is fed new examples and data so it can learn these 
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changes and adjust its internal patterns (Raffel et al., 2020). Fine-tuning, on the other hand, 

involves making smaller, targeted adjustments to improve the model’s performance on specific 

tasks without starting the model building from scratch (Ruder, 2018). This regular upkeeping helps 

maintain the evaluation process accurate and fair, ensuring that the system stays aligned with 

current realities and emerging trends (Honnibal, 2017; Mehrabi et al., 2021). For example, if the 

accuracy of ID checks slips because new ID formats were introduced or image quality changed, 

the YOLO model is retrained with updated examples. This feature helps the system remain 

efficient at spotting valid and invalid documents. 

However, if the model's performance begins to decline, assume, due to changes in ID 

design or variations in image quality, the system initiates a retraining process. This procedure 

involves gathering updated samples of the new ID formats or images with different quality levels 

and then re-labelling these images to serve as fresh training data. By updating the training set, the 

YOLO model learns to adjust to the new conditions, thereby maintaining its effectiveness in 

distinguishing between valid and invalid ID’s (Redmon et al., 2016; Jain & Bolle, 2006). 

3.2.10 Maintenance 

By systematically tracking system performance and incorporating user and evaluator feedback, the 

maintenance process not only identifies and remedies issues early but also supports continuous 

improvement and transparency throughout the application review cycle.  

 

By routinely reviewing the metrics, administrators can pinpoint when the system is not 

performing as expected and investigate possible reasons behind delays or disparities. This enables 

them to implement timely improvements, whether that means recalibrating algorithms, adjusting 

resource allocation, or updating system protocols to better handle current data loads. Overall, 

continuous monitoring and logging help maintain a transparent evaluation process, ensuring that 

the HAIPSE framework remains both high-performing and equitable, aligning with best practices 

in responsible AI deployment (Binns et al., 2018). 
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                                                   Chapter 4:  Results 

The Chapter presents the results of the experiments conducted using the methodology described 

in Chapter 3. 

4.1 Performance of the YOLOV11 Model in ID  Detection 

For training and testing of the YOLOV11 Model and its performance evaluation, a sample set of 

IDs similar to the original applicants’ IDs was used (Figure 27).  

The operation of an image recognition pipeline for ID detection in Computer Vision 

module using YOLOV11 model requires specific steps of dataset split, preprocessing, 

and augmentation. The dataset is divided into three subsets: Training Set (87%) with 60 

images, Validation Set (7%) with 5 images, and Test Set (6%) with 4 images. This kind of split is 

typical in small-scale training environments where the bulk of the data is reserved for model 

learning, while smaller portions are used to evaluate performance during and after training 

(Sammut, 2011). The validation set helps fine-tune model parameters without overfitting (Kuhn & 

Johnson, 2013), and the test set is held back for final performance assessment (Dietterich, 1998). 

 

Figure 27. Sample ID for YOLOV11 Model Image Recognition Pipeline. 
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In the preprocessing phase, two techniques are applied. First, Auto-Orient is used to 

correct any orientation issues in the input images, this is particularly useful for scanned documents 

or ID photos that may be upside down or sideways (Krizhevsky et al., 2012). Next, all images 

are resized to 640x640 pixels, a common resolution in object detection tasks that balances clarity 

and computational efficiency. Standardizing image size ensures that the YOLO-based model 

receives consistent input dimensions, which is critical for maintaining detection accuracy (Jocher 

et al., 2020). 

To improve the robustness and generalization of the model, a set of augmentation 

techniques is applied, such as Grayscale, Saturation, Exposure and Brightness adjustment. 

Specifically, Grayscale involves randomly turning 15% of images into shades of grey and 

removing all colour information. This forces the model to focus on shapes, edges, and texture, 

making it robust to scan photos that come in black-and-white or with strong colour casts (Greene, 

2025). 

Saturation technique requires to multiply an image’s colour intensity by a random factor 

between 0.75 and 1.25 simulating the documents that appear overly vivid or washed-out 

(Gallagher, 2023). This “teaches” the network not to rely on exact hues and to detect features even 

when colour richness varies. Brightness adjustment scales pixel values by a random factor in the 

range [0.85, 1.15] to ensure that the model can still detect the text and boundaries when overall 

lighting fluctuates within the range (Greene, 2025). Exposure technique applies ± 10 % 

compression of the dark and light image pixels simulating low-and high-contrast scans. This 

processing step ensures that the computer vision model can pick out ID card elements even when 

the original image contrast is poor or excessively sharp (Buslaev, 2020).  

The validation performance of the YOLOV11 model in processing the ID cards from the  

sample set is assessed by the standard ML metrics of precision, recall and mean average precision 

as well as the following specific metrics or distinct “classes”, each related to a specific region on 

an ID card: ktp  representing the entire card boundary, photo meaning the applicant’s portrait area, 

nik specifying the National Identity Number (NIK) field, nik_start_point corresponding to the top-

left anchor of the NIK field (helping downstream text extraction),  and all which is an aggregate 

measure combining model performance on all four specific classes. These classes are chosen 
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because detecting both broad, visually obvious regions (ktp, photo) and finer text regions (nik, 

nik_start_point) is essential for a complete ID-verification pipeline. The five specific metrics 

measure how accurately the model detects and localizes objects, such as text fields or photos, 

within an ID document, where a higher score closer to 100% indicates more precise image 

recognition.   

The key performance metrics are calculated according to Formulas (7), (8), (9) and (10). 

In application to image recognition, precision measures the fraction of bounding boxes that are 

correctly detected (true positives) out of all boxes the model predicted as positive: 

Precision = 
True Positives (TP)

True Positives (TP)+False Positives (FP)
 ,                                                                      (7) 

where 

True Positive (TP) is an instance for which the model predicts the positive class, and the 

ground-truth label is also positive. In object detection, a TP is a predicted bounding box whose 

intersection-over-union (IoU) with a ground-truth box is ≥ the chosen threshold (e.g., 0.5). 

False Positive (FP) is an instance that the model classifies as positive even though its 

ground-truth label is negative. In object detection, an FP is a predicted bounding box that 

does not match any ground-truth box at or above the IoU threshold. 

Recall measures the fraction of ground-truth objects that the model successfully detected 

out of all ground-truth instances: 

Recall = 
True Positives (TP)

True Positives (TP)+False Negatives (FN)
 ,       (8) 

Where 

False Negative (FN) is an instance whose true label is positive but the model predicts it as 

negative. In object detection, it corresponds to the ground-truth boxes for which the model 

produced no detection above the IoU threshold. 
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Average Precision (AP) for a Class summarizes the Precision-Recall curve for a single 

class by computing the area under that curve. In practice, we approximate the integral via a discrete 

sum over G recall levels: 

AP = ∫ P(r)dr
1

0
  ≈ ∑ P𝑘 ∙ ∆R𝑘

𝐺
𝑘=1 ,                   (9) 

where 

P𝑘 is the precision at the k-th confidence threshold, 

 ∆R𝑘 = R𝑘 − R𝑘−1 is the change in recall between thresholds k-1 and k. 

Recall values R0, R1,................,R𝐺 range from 0 to 1. 

A common implementation of AP uses the set of all distinct recall levels achieved by the algorithm 

and totals the products P𝑘 × (R𝑘 − R𝑘−1), k = 1,..., G. 

Mean Average Precision (mAP) averages individual per-class APc over all C object categories: 

mAP =   
1

C
∙ ∑ AP𝑐

C
c=1  .                               (10) 

For mAP@50, each AP𝑐 is computed at a fixed IoU threshold of 0.50. 

For mAP@[0.50:0.95], each AP𝑐 is computed at multiple IoU thresholds t ∈ {0.50, 

0.55,.........,0.95}, then averaged over all thresholds and classes: 

mAP[0.50:0.95] = 
1

𝑇 × 𝐶
∙ ∑ ∑ AP𝑐

IoU𝑡𝐶
𝑐=1

𝑇
𝑡=1  . 

The YOLOV11 model was trained, tested and validated using Roboflow 

(https://roboflow.com), an end-to-end computer-vision platform, and the performance results for 

each class are shown in Figure 28. 
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Figure 28. Average Precision Measures by Class. 

Overall, these validation metrics indicate that the model performs exceptionally well in 

detecting broad, visually distinct features, such as the ID card and photo, while maintaining 

acceptable precision for more specific textual components. Continued fine-tuning or expanding 

the training dataset with more annotated examples of the NIK region could help close the 

remaining performance gap (Shrestha et al., 2021). 

Figure 29 presents a comprehensive set of training and validation graphs that illustrate the 

performance of the ID-detection model over 140 epochs. An epoch denotes a single complete pass 

of the YOLOv11 network over the entire training corpus. Consequently, training for 140 epochs 

entails 140 sequential traversals of the ID-image dataset, with model parameters updated after 

every mini-batch gradient step. We determine how many epochs to run by monitoring the training 

and validation curves: if both continue to improve, training continues; if the validation curve  

declines, we stop to avoid overfitting. It allow us to observe how loss and accuracy evolve as the 

model learns from successive iterations. Section (A) in Figure 29 shows metrics related to the 

training set, while section (B) reflects validation performance. The specific performance metrics 

are explained in Table 6. 

The training losses metrics, train/box_loss , train/cls_loss  in section (A) demonstrate a 

consistent downward trend, indicating that the model is successfully learning to localize objects 
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(Li et al., 2020), classify them, and refine bounding box predictions. For example, 

the train/box_loss and train/cls_loss metrics both start relatively high and decrease steadily as training 

progresses, suggesting that the model improves its accuracy in both detecting and categorizing 

objects in ID images. 

Looking at the validation results in section (B), we see more variable patterns, particularly 

in the val/box_loss and val/dfl_loss metrics, which show noticeable fluctuations. This variability is 

common, especially when working with small validation datasets, as even minor differences in the 

input set can significantly affect the computed loss. Nonetheless, 

both val/cls_loss and val/box_loss metrics show an overall decreasing trend, which supports the 

conclusion that the model is generalizing reasonably well and not overfitted by the training data 

(Goodfellow et al., 2016). The presence of some spikes suggests potential areas for further 

optimization, such as data augmentation, learning rate adjustment, or expanding the validation 

dataset to better stabilize the performance (Li et al., 2020). 

Table 6. YOLOV11 Key Performance Metrics and their Descriptions. 
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The  metrics/precision(B) and metrics/recall(B) graphs demonstrate that the model quickly learns 

to correctly identify ID regions with high accuracy, stabilizing above 0.85 and 0.9, respectively. 

Most notably, the metrics/mAP50(B) score rises sharply early in training experiment and stabilizes 

near 0.9, which is a strong indicator that the model is reliably predicting bounding boxes with at 

least 50% overlap with ground truth ID samples (Everingham et al., 2010; Padilla et al., 2020). 

Additionally, the metrics/mAP50-95(B), a stricter and more nuanced performance metric, improves 

steadily and approaches 0.75 by the end of training exercise. Together, these results confirm that 

the model has effectively learned the key tasks for ID detection identifying document elements 

with precision and consistency and is ready for deployment on HAIPSE platform. 

 

      (A) 

 

       (B) 

Figure 29. Training (A) and Validation (B) Graphs for ID Detection. 

The graph in Figure 30 provides a visual summary of the training performance of an ID 

detection model. Section (A) shows the mean Average Precision (mAP) curves, which measure the 
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model's ability to correctly detect and classify objects. The dark purple line represents mAP at an 

IoU threshold of 0.5 meaning that a detection is counted as correct only if the predicted box 

overlaps the true box by at least 50%, ensuring that the model not only recognizes objects but also 

localizes them with sufficient accuracy, which rises quickly and stabilizes around 0.9, indicating 

that the model consistently detects ID components accurately (Everingham et al., 2010). The 

lighter purple line, representing mAP@50:95, having average precision over multiple IoU 

thresholds ranging from 0.50 to 0.95 (in increments of 0.05). As a stricter metric, it climbs more 

gradually and levels out near 0.75, demonstrating that the model maintains solid precision even 

under tighter bounding-box matching criteria. 

 

Figure 30.  (A) mAP and mAP@50:95 progression improved model accuracy over training 

epochs. (B) Box Loss, Class Loss, and Object losses showing effective convergence of the 

YOLOV11 model during training. 
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Section  (B) reflects different loss components: box loss, class loss, and object. These 

metrics measure how far off the model’s predictions are during training (Redmon & Farhadi, 

2018). The box loss, which relates to bounding box accuracy, decreases steadily and stabilizes 

below 0.7, indicating improving localization of ID features. The class loss begins high, above 3.0, 

but drops significantly below 1.0, showing that the model is learning to correctly classify parts of 

the ID components, such as photos, NIK numbers, etc. (Zhang et al., 2021). The object loss, which 

measures the model’s confidence in detecting object vs. its background, also trends downward 

despite some fluctuations. Together, the high mAP scores and declining loss values confirm that 

the model is learning effectively, becoming both accurate and confident in detecting various ID 

components. 

4.2 Cohort Fairness Score 

The Cohort Fairness Score derived from the application heuristic score is a numerical metric 

designed to measure the variance of application scores within a given batch (or cohort), which is 

explained in detail in Section 3.2.6 and computed using Formula (3) (Hardt et al., 2016). A lower 

score value indicates higher fairness, meaning that most applications in the cohort were evaluated 

with similar criteria, and their scores clustered closely around the mean. A higher score value 

suggests greater disparity, possibly indicating inconsistency in evaluation standards or inherent 

bias in the scoring algorithm (Kleinberg et al., 2017). 

Cohort Fairness Scores of four application cohorts are shown in Figure 31. For instance, 

Cohort 1, though having the mean score of 34.00 demonstrates the fairness score of 24.56, which 

is quite high. This result suggests that, while some applications may have scored very low, others 

scored very high. This inconsistency can be explained by the unequal treatment of certain 

applications or scoring criteria not being applied uniformly (Corbett-Davies et al., 2017). 

In contrast, Cohort 3 has a similar mean score of 38.72, but a fairness score of 1.43, 

indicating that most applicants received similar scores. This outcome consistency reflects a fairer 

and more balanced evaluation process, with less risk of systemic bias (Verma & Rubin, 2018). 

Maintaining a low Cohort Fairness Score is crucial in systems like HAIPSE because it ensures 

equity, particularly when AI models are involved in scoring evaluation of human applications. 
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High Fairness Scores can signal areas where the system might be failing to account for 

demographic or contextual fairness, which may require human audit or model adjustment. It also 

enhances transparency and trust, as decision-makers can clearly identify which Cohorts were 

scored fairly and which may require further evaluation (Friedler et al., 2019). 

 

Figure 31.  Heuristic Scoring and Cohort Fairness Score of Applications.  

The dynamics of the mean values of Cohort Fairness scores across application batches over 

time are illustrated in Figure 32. Each point on the line represents the mean fairness score for a 
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specific cohort number which is calculated by averaging each application’s individual fairness 

metric indicating how application evaluations trended throughout the processing cycle. Initially, 

in Cohort 1, the average score is low, but it gradually increases, peaking at around 39 in Cohort 4, 

and then stabilizes with minimal variation through Cohorts 5 to 7.  

 

 

Figure 32.  Mean value of Cohort Fairness Score across application Cohorts Over Time. 

 

This result suggests that the system's scoring logic or model understanding improved over 

time, possibly due to enhanced keyword detection, refined heuristics, or feedback-driven 

calibration (Sculley et al., 2015). This trend implies that later Cohorts were likely scoring under 

more calibrated conditions, potentially giving them a fairer advantage in terms of evaluation 

consistency (Friedler et al., 2019). 

The variance of fairness scores within each Cohort is shown in Figure 33. High bars 

represent higher variance and thus lower fairness, while lower bars indicate that applications 

within a cohort received more consistent scores (Corbett-Davies et al., 2017). Cohort 1, with the 

tallest bar, has the highest variance (over 20), indicating that applications were scored with greater 
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inconsistency possibly due to less stable model behaviour or insufficient tuning early in the 

evaluation process (Mitchell et al., 2019). In contrast, later Cohorts, like 4, 5, and 7, show 

significantly lower fairness scores (under 5), highlighting more uniformed treatment of 

applications. This pattern confirms that fairness improved as the model matured (Raji et al., 2020). 

It means that the evaluated applications in low-variance Cohorts were assessed under more 

equitable conditions, reinforcing confidence in the scoring framework (Barocas & Selbst, 2016). 

 

Figure 33. The Variance of Fairness Scores within each Cohort. 

 

4.3 Large Language Models Summarization  

In the context of automated summarization, Large Language Models (LLMs) play a vital role in 

transforming lengthy and unstructured text into concise, coherent, and informative summaries (Liu 
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& Lapata, 2019). For this experiment, several state-of-the-art LLMs were tested to assess their 

performance in summarizing responses for a given task (Fabbri et al., 2021). The goal was to 

determine how well each model could capture the core meaning of input text while balancing 

brevity, clarity, accuracy, and coverage (Maynez et al., 2020). The evaluation exercise included a 

variety of foundational LLMs like  Mixtral, Smol, Databrick, Falcon,  Llama, Phi, and Qwen, each 

known for distinct architectural features and strengths (Raffel et al., 2020). 

These models were benchmarked using four key criteria: brevity, which measures how 

concisely the model summarizes information, clarity, assessing the readability and ease of 

understanding, faithfulness, reflecting the model’s accuracy in retaining factual information, and 

coverage, evaluating the completeness of key ideas included in the summary (Bhandari et al., 

2020). Through this comparison, the strengths and limitations of each LLM were analysed to 

identify the most suitable options for domain-specific summarization tasks, such as those involved 

in evaluating applications, reports, or complex documents (Zhang et al., 2023). 

Evaluation of various LLMs based on their summarization performance across four 

criteria  is demonstrated in Table 7. Among the models, Falcon and both versions of Llama LLMs 

consistently stand out, scoring the highest in clarity, faithfulness, and coverage, with only slight 

variations in brevity. These models produce highly detailed and accurate summaries, making them 

well-suited for in-depth or comprehensive tasks. Phi and Qwen LLMs also perform well across all 

criteria, delivering clear, balanced summaries with minor drawbacks while Qwen may miss details 

or become repetitive. 

In contrast, Mixtral and Smol LLMs represent more concise summarization styles, with 

Mixtral achieving the highest brevity score, though it tends to oversimplify the content. Smol 

strikes a better balance between clarity and faithfulness. Databrick, however, underperforms across 

all categories, particularly in coverage and clarity, due to its tendency to produce incomplete or 

inconsistent outputs. These evaluations indicate that, while some models excel in concise 

summarization, others are more effective for generating nuanced and faithful content. The 

selection of a model should thus align with the specific needs, whether they are being depth, speed, 

brevity, or faithfulness (Kryscinsji et al., 2020). 
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Table 7. Evaluation of Summarization Performance of Different LLMs. 

 

A qualitative evaluation of various  LLMs based on their strengths, weaknesses, 

and recommended use cases for summarization tasks is shown in Table 8. Each model is assessed 

to help determine when and how it performs best in generating summaries, which is especially 

valuable for selecting the most appropriate model in different contexts, mainly ranging from brief 

overviews to rich, in-depth analyses (Goyal et al., 2022). 

Models, like Mixtral-8x7B and Phi, stand out for their brevity and clarity. Mixtral is best 

suited for high-level overviews due to its conciseness, although it tends to oversimplify and miss 

key details. SmolLM2-1.7B provides balanced summaries with moderate detail, but may be too 

wordy for tasks that demand extremely short outputs. In contrast, Databricks’ dolly-v2-

3b underperforms due to incomplete and inconsistent summaries, making it unreliable and not 

recommended for critical tasks. 
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Table 8. Qualitative Evaluation of Various LLMs in Summarization. 

 

More robust performers include Meta-Llama-3-8B, Tiiuae Falcon-7B, and Qwen, which 

are praised for their clarity, detail, and balance. Meta-Llama-3-8B is ideal for general-purpose 

summarization, offering faithful and readable summaries, although it may not be suited for 

extremely concise outputs. Both versions of the Tiiuae Falcon-7B model (i.e., standard and Max-

token) produce highly detailed, nuanced summaries, which are ideal for tasks that require deep 

comprehension, though they may be perfect for quick overviews (Paulus et al., 

2018). Qwen and Phi also perform well in maintaining balanced clarity and depth, though Qwen 

occasionally misses outputs and may become repetitive (Cei et al., 2023). Overall, Table 7 offers 

a practical guide for selecting LLMs based on task-specific needs and output quality preferences. 

The Bar chart in Figure 34 provides a visual comparison of different LLMs based on their 

summarization performance across the same four evaluation criteria: brevity, clarity, faithfulness, 

and coverage. Each model’s score for each criterion is evaluated on a scale from 1 to 5. Models, 

like Meta-Llama-3-8B and Tiiuae Falcon-7B, stand out with perfect scores of 5 across three 

criteria (clarity, faithfulness and coverage), indicating that they generate clear, accurate and 

complete summaries. These models are particularly well-suited for tasks where high-quality 
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summarization is essential (Celikyilmaz et al., 2020). On the other hand, models, such 

as Databricks (v2-3b), scored the lowest, particularly in coverage, which suggests that they often 

produce incomplete or inaccurate summaries, making them less reliable for critical summarization 

tasks (Paulus et al., 2018).  

 

Figure 34. Comparison of LLMs Based on Evaluation Criteria. 

Overall, Figure 34 helps visualize how different models trade-off between conciseness and 

detail, with the best-performing models striking a strong balance across all dimensions. These 

results are particularly useful for selecting the most appropriate model depending on whether the 

summarization task prioritizes compactness, depth, or factual accuracy. The dashboard to assess 

score disparities in AI-generated summaries is visualized in Figure 35. It presents a preview of text 

responses, calculates summary score statistics, and visualizes score deviations from the mean value 

to detect potential bias. It can be seen that the mean summary score is 2.56, while the score 

variance (bias) is 10.53, which is relatively high for a small dataset suggesting significant 

inconsistency in how the LLM scored (Raji et al., 2020). In this bar chart visualization green bars 

indicate positive deviations (scores are above the mean), while red bars indicate negative 

deviations (scores are below the mean). The size and distribution of the bars show that, while a 
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few LLMs scored well above average, many scored significantly lower, indicating inconsistency 

or possible scoring bias (Hoistein et al., 2019).  

 

Figure 35. Deviation of LLM Generated Summary Scores From the Mean Value  (Bias 

Detection). 

Integrating this kind of bias analysis into the HAIPSE framework offers several benefits. 

First, it promotes transparency and fairness by identifying whether certain responses are 

consistently over- or under-valued by the scoring model. This allows administrators to take 

corrective action, such as reviewing outliers or refining model parameters. Second, it strengthens 

the credibility of the evaluation system, ensuring that automated scores are not only efficient but 

also equitable (Kearns & Roth, 2020). Finally, it supports the HAIPSE framework’s commitment 

to responsible AI by embedding regular checks for bias and enabling continuous improvement in 

how applications are assessed (Corbett-Davies et al., 2017). By flagging anomalies early, the 

system becomes more reliable and better aligned with principles of fairness and inclusivity. 

4.4 HAIPSE Implementation 

The User Interface Module, NLP Module,  Expert System Component,  Cohort Fairness Score 

Module, and Human Feedback Module have been developed, and tested in Visual Studio Code 
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software (https://code.visualstudio.com), while Computer-Vision Module was trained, validated 

and tested on the Roboflow platform and LLM Summarization Module. 

Figure 36 shows a screenshot of the code implementation to detect bias in LLM-generated 

summary. It processes the short summary essays generated by the LLM and turns them into easy-

to-read numerical values. Initially, the program gets a small list of keywords (e.g., 

ambition, community, and First Nation). Whenever one of these words appears in an essay, the 

algorithm counts it. The final count becomes a simple “relevance” score for the essay: the more 

key words it contains, the higher the score. After scoring every essay, the algorithm totals the 

results of each keyword appearance in the summary. It signals how often each keyword shows up, 

what the average score is, and whether some essays are very different from the rest by having 

either very high or very low total word count. 

 

Figure 36. A Screenshot of the Code to detect Bias in an LLM Generated Summary. 

All of this information is displayed in a small web page that loads instantly on any laptop. 

Reviewers can glance at a bar chart of the word counts and a few headline numbers and 

immediately judge whether the summaries are balanced and fair. 
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The Cohort-Fairness Module is designed to track how consistently the scoring rules are 

applied across batches of applications. The script implementing internal processing logic of the 

module is shown in Figure 37. Initially, it launches a lightweight Dash web app and sets a fixed 

cohort size of 30 submissions. A small dictionary of key phrases (e,g,, “full name,” “educational 

goal,” “First Nations”) is stored for each application question, so that every file is evaluated 

against the same checklist. When a PDF document is uploaded, the script converts it to plain text, 

counts how many of the relevant phrases appear in each answer, and assigns a numeric score to 

every question. 

 

Figure 37. A Screenshot of the Code implementing the Cohort Fairness Score. 

Once all 30 applications in a cohort have been processed, the program calculates the 

variance of those scores. A low variance means the scoring rubric is being applied evenly; a high 

variance signals possible bias or inconsistency. The Dash library interface (Plotly Dash, 2025) then 
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displays these results in real time, along with a simple dashboard that lets reviewers see keyword 

counts, individual scores, and the overall fairness metric for the current cohort. This approach 

keeps the analysis transparent and easy to interpret while requiring only modest computing 

resources. 

The code implementation of the end-to-end evaluation pipeline for a Roboflow-trained 

YOLOV11 Model is shown in Figure 38. The execution starts with configuring the Roboflow SDK 

environment (https://pypi.org/project/roboflow/) according to the user’s API key, workspace, 

project slug, and software version. The set of IDs is then loaded into Ultralytics’ YOLO class, 

which executes a COCO (Common Objects in Context)-style validation routine to compute both 

per-class and overall mAP@0.50 metrics. Finally, the script employs Seaborn and Matplotlib 

libraries (Waskom, 2024; Hunter et al., 2025) to render a clean, publication-ready bar chart of each 

class’s AP50 (annotated with exact percentage and styled to match the Roboflow dashboard). 

 

Figure 38. A Screenshot of the Code to Execute an End-to-End Evaluation Pipeline for a 

Roboflow-Trained YOLOV11 Model.  
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4.5 Integration of HAIPSE with the NIB Trust Portal 

The integration of the HAIPSE with the NIB Trust Portal is aimed to minimize the human factor 

in the application processing, so that every time an applicant submits an application or updates 

their materials, those changes are immediately picked up without any manual intervention. To this 

end, the Apply Connect feature is enabled in SurveyMonkey cloud-based platform which allows 

to interconnect external components with other business applications, automate tasks and 

streamline workflows. As a result, a secure Client ID and Client Secret port are generated. The 

HAIPSE uses these credentials to request an access token, i.e., a temporary “key” that authorizes 

an external client to safely connect to SurveyMonkey API and confirms it has permission to 

retrieve application data. Figure 39 demonstrates Survey Monkey Apply Integrations dashboard 

within the NIB Trust Portal, showing the available connectors. 

 

Figure 39. Survey Monkey Apply Integrations dashboard within the NIB Trust Portal, showing 

the available connectors. 

On the NIB Trust Portal side, a user-defined HTTP callbacks are implemented that allow 

one application to notify another application about events in real-time instead of constantly polling 
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for updates, the so-named  webhook calls. When the HAIPSE receives applications, it immediately 

extracts the relevant fields, downloads any attached PDF essays, and runs them through the 

Computer Vision module,  NLP Heuristic scorer, Fairness calculator, and LLM summarizer. This 

way, every new or changed application is processed automatically, and the updated scores and 

summaries appear instantly on the portal, streamlining the review process and eliminating the need 

for manual data transfers. Figure 40 shows the principal integration of  the HAIPSE framework 

with the NIB Trust Portal to enable efficient applications’ evaluation. 

 

Figure 40. Integration of HAIPSE with the NIB Trust Portal via Survey Monkey API. 
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                             Chapter 5:  Conclusion and Future Work 

The objective of this thesis is to propose a methodology for the HAIPSE framework that merges 

NLP and expert rule-based systems integrated with generative AI to redefine fairness and bias in 

the application evaluation process (Suresh & Guttag, 2019). The HAIPSE demonstrates that the 

right mix of automation and human expertise can transform an often slow, subjective review 

process into one that is swift and consistent.  

At the backend, a computer-vision module inspects every uploaded ID, catching blurred 

photos or tampered text (Holzinger, 2016). This feature frees staff from painstaking manual checks 

and ensures that only legitimate applications advance. Simultaneously, a natural-language pipeline 

powered by LLMs distils multi-page essays into concise summaries, highlighting key skills, 

experiences, and motivations without losing the actual context (Ribeiro et al., 2016). Reviewers 

no longer need to go through dense narratives, they just start with a clear snapshot of each 

application. 

Behind this automated tool is a rule-based scoring engine that assigns points for experience 

and  skills. Because the rules are transparent and adjustable, Program admins and officers can see 

exactly how a score is calculated and adjust weights when program priorities shift (Doshi-Velez & 

Kim, 2017). More important, humans remain in the loop, so if an applicant’s unique background 

doesn’t fit neatly into the scoring rubric, reviewers can override or adjust the score and feed that 

decision back into the system (Amershi et al., 2019).   

Fairness in the HAIPSE is monitored at multiple levels. The platform tracks cohort-level 

variance, flagging batches in which scores scatter too widely shows an early sign of hidden bias 

(Wu et al., 2023). It also logs every override event, allowing analysts to spot patterns, such as 

systematic down-scoring of certain groups. When such patterns emerge, admins can retrain 

language models, refine keyword or adjust heuristic thresholds. Meanwhile, applicants benefit 

from faster turnaround times and clearer feedback, since every rejection includes a traceable 

rationale derived from the scoring engine and any reviewer notes. 
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In short, the HAIPSE shows that AI does not have to replace human judgment; instead, it 

can amplify it. By pairing fast, objective automation with informed human oversight, organizations 

can process large volumes of applications without sacrificing accuracy or fairness. The result is a 

review pipeline that is not only quicker and more scalable but also more transparent and 

trustworthy for applicants and evaluators.  

Integrating expert rules with NLP transforms free-form application text into precise, 

machine-readable data and then scores it with clear, domain-specific logic. NLP components, like 

tokenization, domain-adapted entity recognition, and keyword-ontology mapping, automatically 

extract critical details, such as years of experience, degrees earned, leadership roles, and even 

biased or inclusive language (Jurafsky & Martin, 2021). This automation eliminates hours of 

manual fact-finding and ensures that every application is parsed in a uniformed way, regardless of 

writing style. The result is a rich, structured profile for each application that captures both 

quantitative qualifications and qualitative nuances. 

 

Expert rules then convert these extracted features into transparent, adjustable point values. 

A rule might add ten points for three or more years of relevant experience, award partial credit via 

fuzzy logic for near-threshold cases (Zadeh, 1965). Because the rule set is explicit and auditable, 

program administrators can quickly refine thresholds as priorities shift. Together, automatic 

extraction plus rule-based scoring reduces subjectivity, speeds up processing, and embeds fairness 

checks directly in the workflow producing evaluations that are quicker, more consistent, and easier 

to justify to applicants and stakeholders alike (McNamera et al., 2016). 

 

High-quality AI-generated summaries demonstrably help reviewers grasp application 

content more quickly and consistently, which in turn supports fairer decisions. In our resulting 

benchmark, the best-performing LLMs (Meta-Llama-3-8B and Tiiuae Falcon-7) which achieved 

perfect scores (5/5) for brevity, clarity, faithfulness, and coverage (Almazouei et al., 2023). These 

models condensed multi-page responses into concise yet complete overviews, allowing evaluators 

to absorb key facts in under two minutes without losing critical details (Goyal et al., 2022). 

Mid-tier models, such as Phi and Qwen also scored 4/5 across most criteria, offering reliable 

summaries that balance length and accuracy (Peyrard et al., 2017). Because every evaluator 
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receives the same structured snapshot, differences in personal reading speed or writing-style 

preference are minimized, reducing inter-reviewer variance and the potential for subjective bias 

(Narayan et al., 2018). Moreover, standardized summaries ensure that each applicant is presented 

through an equivalent lens, making it easier to apply scoring rubrics uniformly. While 

lower-performing models, like Databricks (v2-3b), can undermine fairness by omitting key 

information, selecting LLMs that score highly on clarity, faithfulness, and coverage markedly 

improves understanding in the application evaluation. 

 

In the experiment results, the steady decline in Cohort Fairness Scores across successive 

batches show that the proactive fairness checks embedded in the HAIPSE are effectively reducing 

bias (Feldman et al., 2015). In the first Cohort, the fairness score was 24.56, indicating large score 

disparities that likely reflected inconsistent treatment or hidden bias. After fairness penalties for 

biased language were detected, rewards for inclusive terms, and automatic variance monitoring 

activated, later cohorts saw dramatic improvements: Cohort 3 dropped to 1.43, and Cohorts 4, 5, 

and 7 all recorded low scores. These low values mean application scores clustered closely around 

the mean, confirming that evaluation criteria were applied uniformly regardless of an applicant’s 

profile or writing style (Ensign et al., 2018). 

 

By flagging anomalies early and allowing administrators to retrain models or refine rules, 

HAIPSE not only speeds up the review process but also ensures that decisions remain fair 

(Rajkomar et al., 2018). Collaboration between AI and human evaluators through the HAIPSE 

framework enhances decision-making quality by merging the scalability of AI with the contextual 

expertise of humans. AI efficiently processes vast datasets, identifies patterns (e.g., scoring 

inconsistencies or demographic biases), and flags anomalies for review, reducing the risk of 

oversight.  

 

Human evaluators then apply their own judgment to interpret complex cases, such as 

culturally specific responses or ambiguous language, which AI might misinterpret (Lai et al., 

2019). This synergy ensures that decisions are both data-driven and contextually informed. For 

example, while AI model might highlight essays with unusual score discrepancies, humans can 
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recognize whether the variance stems from bias, creativity, or other subjective factors, enabling 

corrective actions like score adjustments. 

In conclusion, the HAIPSE boosts user trust by fostering transparency and accountability 

(Abdul et al., 2018). The HAIPSE helps addressing concerns about "black box" opacity (Doshi-

Velez & Kim, 2017). Users gain confidence knowing human oversight validates automated outputs 

and provides space for appeals, reinforcing system integrity (Holstein et al., 2019). Proactive bias 

checks and transparent reporting signal a commitment to fairness, critical in high-stake domains 

like hiring or admissions (Buolamwini & Gebru, 2018). Furthermore, human evaluators bridge the 

gap between technical AI outputs and user expectations by explaining scores in relatable terms, 

enhancing perceived legitimacy (Stumpf et al., 2016). Ultimately, this collaborative model builds 

trust by demonstrating that technology serves as a tool for human-driven fairness, not a 

replacement for judgment, creating a more credible and inclusive evaluation process (Weller, 

2019). Thus, all research questions posed in Chapter 1 have now been fully addressed. 

Future work will broaden the HAIPSE applicability and robustness by expanding its data 

coverage (e.g., supporting different ID formats and multilingual essays), deepening bias mitigation 

through intersectional audits and counterfactual testing, and transforming the current feedback 

loop into a real-time active-learning system that automatically retrains models on low-confidence 

predictions and reviewer overrides. There are ways to enhance transparency and trust with 

interactive explainability dashboards and extend the framework to multimodal inputs, such as 

audio or video interviews, while conducting longitudinal studies that link the HAIPSE scores to 

real-world outcomes (e.g., grant success, job performance) to validate and continuously refine its 

predictive accuracy. 
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