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Abstract. Traditional talent acquisition encounters significant sustainability problems 
marked by increasing application quantities and the intrinsic dangers of subjective human 
bias.  This article, which is still being worked on, uses the Design Science Research 
(DSR) technique to create CurAIEval, a new IT tool for automated, fairness-aware re-
sume screening.  Based on a rigorous examination of the literature, the study finds a 
fundamental gap between technical optimization and ethical governance.  To close this 
gap, the suggested architecture combines Large Language Models (LLMs) for semantic 
analysis with a required "Fairness-by-Design" auditing engine.  The system uses a Hu-
man-in-the-Loop (HITL) protocol to automate parsing of large amounts of data while 
still letting people make the ultimate judgments.  Expected outcomes encompass the cre-
ation of a workable prototype that substantially alleviates administrative burdens and the 
validation of a Balanced KPI Framework.  This approach is meant to quantify both oper-
ational efficiency (like time-to-hire) and algorithmic fairness (like disparate impact) at 
the same time. It gives a validated technique to automate hiring in a responsible and fair 
way. 

Keywords: LLM-Based Recruitment, Algorithmic Fairness, Resume Classifi-
cation, Design Science Research. 

1 Introduction 

Strategic management of human capital is a key part of an organization's performance 
and a major source of its competitive edge [6].  Talent acquisition, or the capacity to 
find, attract, and hire talented people, is at the heart of this.  But the first step of screen-
ing and choosing candidates is still a major problem in modern Human Resource Man-
agement (HRM).  This process is sometimes very time-consuming, expensive, and 
manual in many companies, which means that highly skilled HR professionals must 
spend too much time on routine duties instead of strategic ones[8]. 
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The digitization of job platforms and the trend to remote work after the pandemic have 
made this problem worse by making talent pools more global and increasing the number 
of applications by a huge amount.  For example, SEG Automotive Portugal gets over 
170 applications for each job opening, which means that it can take up to two months 
to choose one [15].  These kinds of delays cost a lot of money and make it more likely 
that you'll lose top applicants to competitors that can move faster [5]. 
In addition to being inefficient, manual screening also has big legal and moral risks.  
The procedure is quite open to unconscious bias from people, and recruiters who are 
under a lot of pressure may use cognitive shortcuts, which can lead to unfair results 
based on aspects that don't have anything to do with merit [19].  Recent progress in 
Artificial Intelligence (AI), particularly Large Language Models (LLMs) developed 
from transformer architectures [22], provides strong tools for semantic analysis and 
automated screening.  However, the uncritical adoption of these technologies poses a 
"dual-use dilemma": while they provide scalability, they also risk automating and ex-
acerbating historical biases if not meticulously regulated [13]. 
This study used the Design Science Research (DSR) approach [10, 17] to introduce 
CurAIEval, a socio-technical IT artifact, in response to the identified challenge.  This 
approach is meant to improve hiring by using automation to make things more efficient 
and built-in fairness rules to make sure everyone is treated fairly. 
This paper discusses the first steps of the DSR cycle, which include finding the problem 
and making a rough architectural plan for the CurAIEval artifact.  The proposed design 
is based on a thorough systematic examination of the literature, although it is still a 
work-in-progress conceptual model.  The next steps in the DSR process will be to tech-
nically implement the prototype and show it in a real-life high-volume recruitment set-
ting.  In the end, the research will end with a thorough empirical evaluation utilizing a 
"Balanced KPI Framework" to see how well the system can cut down on time-to-hire 
while also limiting disparate impact [12]. This will show that the artifact is useful in 
real-world situations. 

2 Research Methodology 

This article presents a work-in-progress whose primary objective is to design, develop, 
and validate a novel IT artifact to solve a practical organizational problem. Therefore, 
the Design Science Research (DSR) methodology was adopted [17]. DSR is uniquely 
suited for this work, as it focuses on creating and evaluating innovative artifacts that 
address real-world challenges while contributing to the theoretical knowledge base 
[10]. 
The Main Research Question (MRQ) is, ‘How can contemporary AI systems enhance 
recruitment processes by simultaneously addressing efficiency constraints, evaluator 
subjectivity, HR workload, and unconscious biases while ensuring equitable selection 
of optimally qualified candidates?’ 
To perform a systematic literature review, the MRQ is operationalized through four 
specific Research Questions (RQs) that the artifact must address: 
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• RQ1 (Frameworks): What implementation frameworks enable effective de-
ployment of LLMs and chatbots for automated resume screening while main-
taining alignment with organizational-specific hiring criteria? 

• RQ2 (Balancing): Which automation strategies (e.g., scoring thresholds, hu-
man-in-the-loop protocols) most effectively balance HR workload reduction 
with candidate selection quality? 

• RQ3 (Ethical Design): What methodological approaches best identify and mit-
igate unconscious biases in AI-assisted recruitment to promote diversity and 
equitable candidate evaluation? 

• RQ4 (Metrics): Which quantitative metrics (KPIs) most accurately assess both 
procedural efficiency and selection fairness in AI-enhanced recruitment sys-
tems? 

3 Research	Contributions	

This study provides unique insights at the convergence of Human Resource Manage-
ment (HRM) and Artificial Intelligence (AI).  Utilizing the Design Science Research 
(DSR) methodology [10, 17], these contributions are classified into completed contri-
butions—originating from the problem explication and the systematic literature re-
view—and anticipated contributions—to be achieved through the design, demonstra-
tion, and evaluation of the proposed artifact. 

3.1. Completed Contributions: Foundational and Analytical 

The preliminary research phase yielded three key analytical outcomes. First, the SLR 
identified a critical "Structural Gap" between technical optimization frameworks fo-
cused on efficiency [18] and ethical governance models centered on disability justice 
[14, 21]. Second, the study synthesized a scholarly consensus for Human-in-the-Loop 
(HITL) protocols, restricting AI to high-volume parsing while retaining human decision 
authority [13, 23]. Finally, we defined "Fairness-by-Design" architectural principles, 
including pre-processing data sanitization [1] and the integration of allocational harm 
metrics like RABBI directly into scoring pipelines[9]. 

3.2. Expected Contributions: Practical and Methodological 

The subsequent DSR phases will deliver three tangible contributions: 
• The CurAIEval Artifact: A functional prototype implementing "Fairness-

by-Design" principles. Unlike theoretical models, it technically decouples 
fairness audits from semantic matching, offering a scalable framework for 
bias-aware screening that resolves manual scaling challenges [2]. 

• Verified "Balanced KPI" Framework: Addresses the deficiency in evalua-
tion metrics [12] by integrating operational efficiency (e.g., time-to-hire) with 
Selection Fairness (e.g., disparate impact). This dashboard enables practition-
ers to assess the long-term effects of automation, as suggested by [11]. 
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• Empirical Verification: Validates the artifact in a high-volume industrial set-
ting. This case study provides a framework for addressing the socio-technical 
friction between algorithmic efficiency and organizational culture in HR. 

4 Literature Review & Problem Justification  

A full Systematic Literature Review (SLR) was conducted to precisely delineate the 
objectives for the proposed solution (DSR Step 2).  This research delineated the present 
condition of AI in recruitment while also critically examining the shortcomings of cur-
rent commercial and academic solutions, so underscoring the need for an innovative 
artifact. 

4.2. The Systematic Review Process and Bibliometric Analysis 

The review adhered to the PRISMA 2020 framework to guarantee methodological 
transparency and reproducibility [16].  The search technique focused on five leading 
academic databases: Scopus, Web of Science, IEEE Xplore, ACM Digital Library, and 
Semantic Scholar. The search parameters were strictly limited to peer-reviewed litera-
ture published from January 2020 to January 2025.  This temporal limitation was inten-
tional, aimed at encapsulating the paradigm shift brought about by the transformer ar-
chitecture and the post-pandemic digital transformation of HR.  A multi-stage screening 
approach, which included automated deduplication and manual quality assessment, re-
duced an initial pool of 735 records to a final corpus of 83 high-quality research. 
A bibliometric analysis of keyword co-occurrence was performed to illustrate the intel-
lectual structure of this area (see Fig. 1). 

 

Fig. 1. Keywords Associations 

Fig. 1 demonstrates that the network analysis uncovers distinct groupings of infor-
mation that infrequently engage with one another.  The visual distinction between the 
technical clusters (centered on "Machine Learning" and "Optimization") and the soci-
otechnical clusters (centered on "Algorithmic Fairness" and "Ethics") offers actual 
proof of the disciplinary silos obstructing the area. 
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4.2. The "Structural Gap" and Its Causes 

The synthesis of these clusters unveiled a significant bifurcation, termed the "Structural 
Gap." The research landscape is distinctly polarized: 

1.  Technical Optimization (The "Green" Cluster): Research concentrated on math-
ematical programming and predictive analytics to enhance efficiency and minimize 
costs [18].  

2. Ethical Governance (The "Red" Cluster): Research concentrated on normative 
ethics, disability justice, and the sociological implications of automation (Tilmes, 
2022; Mujtaba, 2019)[14, 21]. 

This analysis indicates that this disparity arises from underlying disciplinary differ-
ences.  Computer science research frequently regards justice as a quantitative restriction 
to be fulfilled within a cost function, while social science research challenges the in-
herent validity of assessing human potential, sometimes failing to provide technical 
alternatives.  As a result, solutions are often designed to be either efficient or equitable, 
but seldom at the same time. 

4.3. The Imperative for a Novel Artifact vs. Adaptation 

A crucial inquiry emerges in Design Science Research: Why create a novel artifact 
(CurAIEval) instead of modifying pre-existing commercial technologies (e.g., 
LinkedIn Recruiter, standard ATS)? The literature presents three compelling arguments 
against adaptation: 

• The "Black Box" Problem: Commercial products that are already on the market 
are "black boxes" that only work with certain software.  Their algorithms are hard 
to understand, so it's hard to check their decision-making or see if they are making 
previous biases worse [24].  For a serious academic study, there needs to be a 
"white box" architecture that lets you see and change how efficiency (LLM em-
beddings) and ethics (fairness restrictions) work together. 

• Reactive vs. Proactive Design: Many commercial solutions see fairness as some-
thing to fix after the fact or as a UI feature.  The research, on the other hand, says 
that "Fairness-by-Design" is needed to effectively reduce bias. This means putting 
protections deep into the data input and vectorization layers [1].  This basic archi-
tectural need can't be added to old systems that were only developed for speed. 

• The Metrics Deficit: Right now, most systems are just good at "Time-to-Hire."  
There is a clear shortage of solutions that natively incorporate balanced dash-
boards that show both "Allocational Harm" and processing speed[9].  Making 
CurAIEval lets you test these new, balanced measures in a safe setting. 

4.4. Robust Fairness: Beyond Legal Compliance 

Finally, the evaluation requires a more nuanced definition of "Fairness" than what is 
already offered in conventional hiring instruments.  Early methods used "Fairness 
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through Unawareness," which meant getting rid of protected class labels like "gender." 
This didn't work because of proxy bias, which happens when models learn to discrimi-
nate based on features that are related, like zip codes, language patterns, or university 
affiliations [4]. 
 The CurAIEval artifact is thus required by the necessity to progress beyond just legal 
compliance to Algorithmic Equity.  This means dealing with Allocational Harm, which 
is when certain populations are systematically left out of economic opportunities.  The 
literature necessitates systems that implement active mitigation strategies, including 
counterfactual testing (evaluating how a resume would be ranked if the gender were 
altered) and intersectional analysis (ensuring equity for subgroups, such as Black 
women, rather than merely broad categories)[3].  Because "off-the-shelf" LLMs have 
built-in biases, the only way to safely deploy them is to make a custom artifact with a 
"Fairness Engine." 

5 Proposed Artifact: CurAIEval Objectives 

The CurAIEval system is the main IT tool for this project. It was made to turn the 
theoretical ideas found in the literature review into a working solution. Five intercon-
nected goals set in the problem-framing phase influence its development: 
1. Bias Mitigation (RQ3): Fight implicit bias by making algorithms that put job-related 

skills first, which will lead to fair hiring. 
2. Process Optimization (RQ1/RQ2): Use LLMs for semantic matching to improve pre-

diction validity beyond just using keywords 
3. Strategic Repositioning (RQ2): Automate low-value administrative tasks so that HR 

professionals can focus on high-value interactions. 
4. Performance Transparency (RQ4): Set up balanced Key Performance Indicators 

(KPIs) that look at both how well the process works (like time to hire) and how fair 
it is (like disparate impact). 

5.  Ethical Compliance: Make sure that algorithms follow the law so that the system 
can be audited and defended. 

5.1. Artifact Architecture and Design 

CurAIEval is designed as a modular socio-technical system that is run by "Fairness-by-
Design" to make these goals happen. Instead of using retroactive ethical patches, fair-
ness constraints are built into the architecture itself.  We used Unified Modeling Lan-
guage (UML) to model the system and show three important points of view. 

5.1.1. Functional View: Operationalizing Human Sovereignty 
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Fig. 2. Use Case Diagram for CurAIEval 

The functional design (Fig. 2) rejects full automation in favor of a Human-in-the-Loop 
(HITL) protocol, aligning with the consensus that AI lacks the nuance required for final 
hiring decisions. The recruiter initiates automated tasks but retains sole authority over 
validation. Crucially, the "Fairness Audit" is modeled as a mandatory <<include>> re-
lationship, preventing the bypass of bias checks for speed. Additionally, an "Explaina-
bility Request" use case addresses "black box" trust issues by providing natural lan-
guage justifications for scoring. 
5.1.2. Structural View: Decoupling Ethics from Intelligence 
The Component Diagram (Fig. 3) talks about scalability by architecturally separating 
the Matching Service from the LLM API. This means that backend model modifica-
tions (such as going from GPT-3.5 to LLaMA) may be made without having to change 
the whole system.  Most importantly, the Fairness Engine is set apart as an independent 
auditor.  This engine maintains mathematical fairness restrictions (such as demographic 
parity) on the output, no matter how the semantic model behaves. This is a hard stop 
against allocational harm, as suggested by Delecraz et al. and Zhou[7, 25]. 

 

Fig. 3. Component Diagram for CurAIEval 

5.1.3. Behavioral View: The Pre-Emptive Fairness Loop 
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Fig. 4. Sequence Diagram for CurAIEval 

The Sequence Diagram (Fig. 4) shows how data flows to get rid of the risk of "proxy 
bias." Before semantic embedding, a Sanitization stage removes PII (names, gender 
markers) to keep the LLM from encoding preconceptions. The system also uses the re-
ranking logic that Gan et al. suggested. If the Ethical Audit Phase finds that a protected 
group is being unfairly left out, the Fairness Engine automatically starts re-ranking al-
gorithms. This makes sure that efficiency never comes at the expense of fairness, which 
is what balanced metrics need. 

6 Discussion and Conclusion 

This study pinpoints a significant operational and ethical impediment in contemporary 
Human Resource Management (HRM).  As established, traditional manual recruiting 
is increasingly unsustainable due to the globalization of talent pools and the sheer num-
ber of digital applications, resulting in significant administrative expenses and lengthy 
timescales [5].  At the same time, manual screening is still legally risky and open to 
unconscious human biases that undermine the fairness of the selection process [8].  This 
study, using a comprehensive Systematic Literature Review (SLR), identified a notable 
"structural gap" in the current academic landscape: a division between research solely 
concentrating on technical optimization [18] and research addressing ethical govern-
ance [21].  There are not many alternatives right now that are designed to be both op-
erationally efficient and verifiably fair. 
This work introduces CurAIEval, an IT artifact created through the Design Science 
Research approach [10], to address this gap.  CurAIEval is not a "black box" automation 
tool; instead, it is thought of as a socio-technical system that follows a "Fairness-by-
Design" philosophy.  The system's goal is to automate high-volume parsing and seman-
tic matching while tightly protecting human sovereignty for ultimate, context-aware 
decision-making by following the academic agreement on Human-in-the-Loop (HITL) 
protocols[13, 23].  The suggested architecture radically changes the role of the HR 
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professional from an administrative data processor to a strategic partner. This lowers 
legal risks and makes the hiring process more accurate[20]. 
Preliminary Design and Limitations: It is vital to note that the architectural design 
shown in this work is still in the early stages.  The conceptual model does a good job 
of separating the "Fairness Engine" from the "Semantic Matcher" such that efficiency 
doesn't take precedence over fairness. However, the artifact has not yet been fully coded 
or put into use in a real setting.  The current design is based on theoretical validation 
from the SLR instead of real-world data from field testing.  As a result, the proposed 
algorithmic interventions, such as preprocessing data sanitization and postprocessing 
re-ranking, are still only theoretical ideas that need to be tested against real-world data 
noise and organizational complexity. 
Work in the Future: The next steps in the Design Science Research cycle, Demon-
stration and Evaluation, will shape the direction of this research.  The next step will be 
to work on the technical side of the CurAIEval prototype, going from architectural plans 
to a working piece of software that can work with current HR information systems.  We 
will use this prototype in the real-world setting of our industrial partner, SEG Automo-
tive Portugal, to test high-volume screening scenarios. 
The most important next step is to use the proposed Balanced KPI Dashboard to test 
the artifact in real life.  Future study will meticulously evaluate the system's effective-
ness not just against efficiency criteria, such as time-to-hire and cost reduction, but also 
against fairness measurements, including the Disparate Impact Ratio and Allocational 
Harm indices [9].  Future studies will ascertain whether these automated outcomes ef-
fectively diminish the "metrics gap" identified by [12] by contrasting them with a man-
ual baseline, thereby establishing a validated framework for the responsible and equi-
table implementation of large language models in recruitment. 
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