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Abstract—While talent acquisition is a critical organizational
function, traditional lexical filtering methods exhibit limited
efficacy in extracting high-dimensional semantic signals from
unstructured applicant data. This review addresses the gap
in existing literature regarding recent advancements in AI by
proposing a systematic framework connecting these technologies
to specific recruitment stages. We synthesized cross-disciplinary
literature published between 2020 and 2025 and surveyed con-
temporary AI-driven recruitment tools to capture the early-stage
transition from discriminative to generative applications. To align
computational capabilities with human resource requirements,
this paper contributes a comprehensive taxonomy organized by
the recruitment lifecycle—encompassing job posting, candidate
matching, and assessment. Our synthesis centers on an end-
to-end recruitment pipeline that orchestrates diverse artificial
intelligence techniques to enable robust semantic representation
and bi-directional person-job fit. We analyze how these integra-
tions optimize data-intensive processes while exposing systemic
challenges such as algorithmic bias and limited explainability.
We conclude that the optimal division of labor—where automated
systems handle quantitative sourcing and screening while human
experts focus on high-entropy tasks like cultural assessment and
complex negotiations—remains an open research question.

Index Terms—AI Recruiting, Talent Acquisition, AI Screening.

I. INTRODUCTION

TALENT acquisition has transitioned from an administra-
tive process to a strategic organizational function. With

the expansion of global labor markets and digital platforms,the
volume of unstructured data has significantly increased. Cur-
rent recruitment systems exhibit a low signal-to-noise ratio,
complicating the extraction of actionable insights from large
datasets. Thus, robust talent identification methods are nec-
essary to improve operational efficiency and maintain market
competitiveness.

A. The Evolving Landscape: Motivation and Urgency of AI
Integration

Increasing applicant volumes have surpassed manual pro-
cessing capabilities, necessitating a trade-off between through-
put and selection precision [1], [2], [3]. Legacy keyword
filtering remains a primary bottleneck, failing to identify high-
potential talent or mitigate implicit human bias [4], [5], [6].
This discrepancy between data scale and legacy processing
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constraints requires the adoption of semantically aware com-
putational models to preserve institutional competitiveness and
hiring integrity [3], [7], [8].

Early rule-based frameworks provided baseline efficiency
but lacked adaptability to unstructured data [9], [10]. Subse-
quent classical machine learning architectures, such as Support
Vector Machines(SVMs) [11] and Random Forests [12],
enabled probabilistic categorization but remained dependent
on manual feature engineering [11], [12]. This reliance con-
strained the processing of unstructured semantics, creating
a performance ceiling for discriminative approaches and ne-
cessitating the transition to flexible, representation learning
architectures [13].

The shift toward deep neural architectures automated se-
mantic representation. [13]. Neural models, specifically those
utilizing Word2Vec [14] and Transformer-based encoders such
as BERT [15], capture the latent contextual relationships
within recruitment documents that previous methods over-
looked [16], [17], [8]. These discriminative models map can-
didate profiles and job requirements into high-dimensional
embedding spaces, facilitating a more granular alignment
than legacy lexical approaches; structural innovations such as
dual-tower architectures permit the independent encoding of
resumes and job descriptions into a shared latent space for effi-
cient similarity computation via cosine distance or dot product
operations [18], [7]. Concurrently, Graph Neural Networks
(GNNs) address the structural complexities of professional
histories by modeling relational dependencies between skills,
previous roles, and educational institutions as nodes within a
heterogeneous talent graph [19], [20]. By transforming discrete
textual inputs into continuous semantic vectors, these archi-
tectures provide a robust framework for quantifying person-
job fit and mitigating the longstanding semantic gap between
applicant capability and organizational demand [7], [4].

The emergence of Large Language Models (LLMs), such
as GPT-4 [21] and Llama, signals an emerging trend from
discriminative classification to generative reasoning within
recruitment workflows [22], [23], [24]. While traditional
discriminative models focus on binary matching, generative
architectures are beginning to transition the system from a
passive filter to a proactive virtual analyst capable of deep
contextual synthesis [24], [25], [22]. These models do not
merely calculate similarity scores between discrete vectors;
instead, they interpret the nuanced interplay between can-
didate trajectories and complex organizational requirements
through high-dimensional attention mechanisms [17], [22]. By
leveraging in-context learning and zero-shot reasoning, LLMs
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facilitate a transition from rigid person-job matching to a
framework capable of dual understanding and generation [21],
[26], [22]. This enables the autonomous creation of tailored
interview protocols, the extraction of implicit soft skills from
diverse textual artifacts, and the formulation of hiring rec-
ommendations based on multifaceted deductive logic [25],
[24], [22]. Consequently, the recruitment pipeline evolves into
an automated analytical workflow where AI agents execute
complex assessment tasks previously dependent on human
expertise, thereby expanding the computational scope of talent
identification and evaluation [25], [24].

B. Operational Efficacy of AI Integration in Recruitment
Integrating AI into recruitment workflows enhances op-

erational throughput by automating high-volume, repetitive
tasks that historically constrained scalability. Traditional man-
ual screening is labor-intensive, frequently creating bottle-
necks during the initial stages of the recruitment lifecycle.
Conversely, automated systems process large-scale datasets
of resumes and applications more efficiently than manual
methods. This increased processing capacity reduces time-
to-hire and broadens the evaluated candidate pool, enabling
organizations to apply consistent evaluation criteria across
numerous applicants without a linear increase in administrative
overhead. Consequently, the recruitment function shifts from
a resource-limited administrative gatekeeper to a scalable
selection mechanism capable of managing global labor market
fluctuations in real-time.

The transition from lexical, keyword-based retrieval to latent
semantic matching represents a significant methodological
advancement in talent identification and organizational align-
ment [4], [7], [22]. Early e-recruitment systems relied on exact
string matching, frequently overlooking qualified candidates
whose experience was described through latent semantic vari-
ations or synonymous terminology. Modern Natural Language
Processing (NLP) techniques solve these limitations by parsing
job descriptions to capture subtle skills and converting them
into structured data. Furthermore, recruitment recommenda-
tion systems increasingly adopt a reciprocal logic, recognizing
that effective hiring requires mutual suitability between the
candidate’s preferences and the employer’s requirements [27],
[28], [29]. Unlike standard recommendation tasks, this dual-
sided optimization accounts for job seeker interests alongside
employer-defined skill alignments. By capturing these complex
interdependencies, AI-driven models facilitate a more sophis-
ticated equilibrium in the labor market, ensuring that recom-
mendations satisfy the specific objectives of both stakeholders
while minimizing the noise inherent in traditional search-and-
match methodologies.

Beyond text-based analysis, the integration of multimodal
assessment tools provides a holistic view of candidate po-
tential by incorporating audio, visual, and behavioral data
streams [30], [31], [32]. Structured video interviews and
gamified assessments allow for the evaluation of soft skills and
professional etiquettes that resume parsing alone cannot cap-
ture. This transition to acomprehensive multimodal assessment
framework reduces the reliance on historical credentials, fo-
cusing instead on real-time performance metrics and cognitive

traits. Simultaneously, the recruitment paradigm moves from
a reactive, need-based process toward a proactive strategic
forecasting model [33], [34], [2]. Predictive analytics enable
organizations to anticipate talent gaps before they emerge by
analyzing internal turnover patterns and external market trends.
This forward-looking approach transforms talent acquisition
into a strategic function that informs long-term workforce
planning and resource allocation. By synthesizing diverse data
inputs into structured predictive metrics, AI-driven systems
assist hiring managers in mitigating traditional procedural
constraints, facilitating a human-in-the-loop framework that
improves selection accuracy and resource planning.

C. Survey Methodology

To ensure a rigorous and reproducible synthesis of the field,
we conducted a systematic literature review by querying pre-
mier academic databases, including the ACM Digital Library,
IEEE Xplore, the ACL Anthology, and Google Scholar. The
search strategy employed boolean combinations of domain-
specific keywords, such as: (”Recruitment” OR ”Talent Ac-
quisition” OR ”Person-Job Fit” OR ”Resume Parsing”) AND
(”Artificial Intelligence” OR ”Machine Learning” OR ”Large
Language Models” OR ”Graph Neural Networks” OR ”Fair-
ness” OR ”Algorithmic Bias”).

Regarding the temporal scope, our work synthesizes
cross-disciplinary literature focusing on recent
advances—particularly the emerging methodological shifts
brought by deep learning and Generative AI—while
deliberately including seminal works to establish a
foundational technical and sociological baseline.

Our inclusion criteria were strictly limited to peer-reviewed
publications from top-tier Computer Science venues (e.g.,
KDD, SIGIR, ACL, AAAI, NeurIPS, WWW), high-impact
journals, and highly relevant preprints that introduce novel
algorithmic architectures or benchmark datasets. Purely qual-
itative management papers lacking formal computational
methodologies were excluded, with the exception of authori-
tative human resource guidelines (such as the SHRM frame-
works) which are strictly necessary to ground the algorithmic
taxonomy in real-world operational definitions [35], [36].

To anchor this academic synthesis in applied deployment
contexts, we also surveyed contemporary AI-powered re-
cruitment tools in the human resources market. Specifically,
systems such as Mira [37] are introduced as representative case
studies. The explicit system selection criteria for this inclusion
required a platform that demonstrates an autonomous, end-
to-end integration of specialized sub-agents—encompassing
search, matching, and candidate engagement modules—within
a continuous pipeline. Mira serves as a representative imple-
mentation for this systemic integration because it effectively
operationalizes complex theoretical concepts into a deployed,
multi-agent architecture. Most notably, it utilizes a dedicated
Evaluation agent that acts as a system-level guardrail to
continuously validate output quality, monitor execution health,
and enforce policy compliance.
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D. Scope and Contributions

Our work synthesizes cross-disciplinary literature, focusing
on recent advances and seminal works. We survey contem-
porary AI-driven recruitment systems (e.g., Mira [37]) to
examine the emerging transition from discriminative to gen-
erative paradigms in talent acquisition. Integrating technical
advancements in AI with socio-technical frameworks from
human resource management establishes a rigorous theoretical
foundation for AI-driven recruiting.

However, existing literature frequently omits these recent
developments, particularly regarding LLMs and Retrieval-
Augmented Generation (RAG). Furthermore, the research
tends to be compartmentalized: computer science studies pri-
oritize algorithmic metrics, while management research often
lacks technical depth regarding multimodal analysis. There
is currently no lifecycle-oriented taxonomy or generative-AI-
specific framework connecting Generative Artificial Intelli-
gence (Generative AI) technologies to specific recruitment
stages while addressing explainability and ethical compliance.

This paper surveys the intersection of AI and recruitment,
aiming to align technical capabilities with human resource re-
quirements. We introduce a comprehensive taxonomy based on
the recruitment lifecycle (encompassing job posting, matching,
and assessment) rather than traditional algorithmic categories.
We then analyze how generative methods extend beyond
predictive modeling to facilitate downstream applications such
as job description debiasing and automated interviewing.

II. BACKGROUND

A. Recruitment Life Cycle

According to the professional guidelines and recruitment
toolkits provided by the Society for Human Resource Man-
agement (SHRM), Full-Cycle Recruiting—also referred to
as ”end-to-end recruiting”—encompasses the comprehensive
process ranging from the initial identification of a hiring
need to the successful onboarding of a new employee. While
operational nuances may exist depending on organizational
scale, the official SHRM framework typically categorizes this
process into the following six core stages [35], [36].

Structuring our review around this SHRM lifecycle, rather
than relying on traditional algorithmic taxonomies (e.g., clas-
sification, clustering, generation), provides a vital opera-
tional alignment rationale. In the context of Computer Sci-
ence and Machine Learning, isolated algorithmic optimiza-
tions—such as minimizing embedding distance in a shared la-
tent space—often fail to translate into practical utility without
a deep understanding of the target deployment environment.
By mapping Computer Science methodologies directly to the
SHRM lifecycle, we establish a robust socio-technical frame-
work. This approach clarifies the distinct data constraints,
latency requirements, and human-in-the-loop interactions in-
herent to each functional phase. Consequently, it bridges the
gap between abstract computational objectives and concrete
organizational outcomes, ensuring that AI-driven interventions
are evaluated holistically within their actual operational con-
text.

To successfully operationalize this socio-technical frame-
work, it is crucial to delineate the architectural boundary
between offline model training and online inference across the
recruitment pipeline [38]. The offline module predominantly
governs the computationally intensive phases of representation
learning and historical data assimilation. Within this offline
environment, deep neural encoders map heterogeneous enti-
ties—such as candidates and job descriptions—into a shared
latent space X , capturing complex, non-linear interactions
prior to deployment [39]. This division also facilitates of-
fline indexing and the longitudinal modeling required to re-
solve delayed feedback learning problems inherent in hiring.
Conversely, the online inference module must satisfy strict
temporal constraints to execute real-time decision support.
It manages low-latency operations such as MIPS during the
retrieval phase [40], [41], dynamic candidate engagement, and
the stochastic progression of candidates through sequential
lifecycle stages. Establishing this firm division ensures that
while underlying models continuously optimize their joint
probability distributions P (u, j) offline, the online inference
engines maintain the requisite operational throughput for in-
teractive and asynchronous recruitment workflows.

The lifecycle comprises the following functionally distinct
stages:

1) Preparation: This phase centers on Job Analysis, where
recruiters and hiring managers define core responsibilities and
performance metrics. By identifying essential competencies
and knowledge, skills, abilities, and other characteristics re-
quired for the role(KSAOs), they establish standardized job
descriptions, providing a scientific, objective framework for
subsequent talent sourcing and assessment.

2) Sourcing: The sourcing stage focuses on cultivating
high-quality talent pipelines by integrating internal and ex-
ternal channels. Recruiters leverage employee referrals and
professional networks to engage active and passive candidates,
emphasizing Employer Value Proposition (EVP) and diversity.
This ensures a robust, competitive applicant pool for subse-
quent selection.

3) Screening: This phase filters the applicant pool to iden-
tify qualified candidates by benchmarking credentials against
Minimum Qualifications (MQs) via an Applicant Tracking
System(ATS) or manual review. Preliminary interviews vali-
date KSAOs and motivation, minimizing assessment costs and
ensuring compliance while funneling high-potential talent into
selection.

4) Selecting: This phase utilizes high-validity instru-
ments—including structured interviews, psychometric testing,
and work samples—to rigorously verify KSAOs. By empha-
sizing objective scoring and cultural alignment, this stage
ensures legal compliance and optimizes organizational Return
on Investment (ROI) through evidence-based decision-making.

5) Hiring: This phase converts selection outcomes into
formal employment. Recruiters facilitate competitive total
rewards negotiations, balancing budgetary constraints with
candidate expectations. This stage prioritizes legal compliance,
timely communication, and professional feedback to secure
top talent and solidify long-term employer branding strategic
value.
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Fig. 1. An end-to-end pipeline of AI applications across the recruitment lifecycle. The framework illustrates six major functional stages: from (1) Job
Description Optimization and (2) Resume Parsing to (3) Semantic Matching, (4) Multimodal Assessment, (5) Candidate Engagement, and (6) Predictive
Workforce Planning. Each stage highlights core enabling technologies, such as Large Language Models (LLMs), Named Entity Recognition (NER), and
Explainable AI (XAI). Detailed data flow is depicted in three primary directions: a sequential left-to-right progression between the functional stages (blue
arrows), an upward ingestion of diverse data modalities—including text, audio, video, and structured databases—into specific stages from the bottom layer
(green arrows), and a top-level reverse feedback loop (orange arrow) that routes insights from the final predictive stage back to the initial stage. Dashed
annotations emphasize critical cross-cutting concerns including explainability, human-in-the-loop integration, and continuous feedback mechanisms for model
retraining.

6) Onboarding: This phase facilitates strategic assimila-
tion, focusing on cultural alignment, social cohesion, and role
clarity to accelerate productivity. By implementing continuous
support mechanisms, organizations enhance early engagement
and long-term retention, ensuring a seamless transition from
recruitment investment to measurable human capital value.

B. Formal Problem Formulation

To bridge the gap between operational human resource
frameworks and rigorous computational methodologies, it is
imperative to abstract the recruitment lifecycle into formal
mathematical representations. By doing so, we transition from
heuristic, stage-gate models to optimizable algorithmic pro-
cesses that account for mutual preference, sequential dynam-
ics, and temporal latency.

1) Person-Job Fit as Reciprocal Recommendation Problem:
Unlike traditional unilateral recommendation systems (e.g., e-
commerce product suggestions), matching within the talent
acquisition ecosystem is fundamentally a bi-directional, recip-
rocal decision-making process. Both the candidate (user u) and
the employer (job j) exert active selection preferences [42],
[43], [44], [45].

Let U represent the latent space of candidate representations
and J denote the latent space of job descriptions. The core

computational objective is not merely unilateral relevance, but
rather optimizing a joint probability distribution that captures
mutual suitability. We formally define the objective as maxi-
mizing the joint probability P (u, j), expressed as:

P (u, j) = Φ(f(u → j), g(j → u))

f(u → j) quantifies the utility or preference of candidate u
toward job j (capturing constraints like salary expectations,
remote flexibility, and career trajectory). g(j → u) represents
the employer’s utility function evaluating candidate u (cap-
turing the alignment of KSAOs, experience, and cultural fit).
Φ serves as an aggregation or link function (e.g., a multi-
layer perceptron or deep cross network) that synthesizes these
asymmetric, directional utilities into a unified reciprocal match
score [46], [47], [48].

2) The Recruitment Pipeline as a Sequential Decision Pro-
cess: Beyond static alignment, the operational recruitment
funnel must be modeled as a quantifiable, sequential pipeline.
Instead of treating sourcing, screening, and interviewing as
independent classification tasks, the trajectory of candidate u
can be framed as a stochastic progression through discrete
lifecycle stages [49], [50], [51].

Let S = {s1, s2, . . . , sn} represent the sequential stages of
the recruitment funnel. The candidate’s progression is gov-
erned by transition probabilities P (si+1|si) across sequential
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hiring stages. Predictive architectures aim to map historical
behavioral trajectories to these transition dynamics. By accu-
rately estimating P (si+1|si), automated systems can optimize
routing, anticipate candidate conversion rates, and proactively
mitigate talent attrition at distinct bottlenecks within the
pipeline [52], [53], [49], [50], [51].

3) Hiring as Delayed Feedback Learning: A defining chal-
lenge in algorithmic recruitment is the temporal dissociation
between an AI system’s immediate outputs and the actual
realization of business value. This necessitates framing the
terminal stages of the pipeline as a delayed feedback learning
problem [54], [55].

At a given timestamp t, the algorithmic decision or action
at (e.g., advancing a candidate to the final round or extending
a compensation package) is executed based on proxy signals
such as interview scores or offer acceptance likelihoods.
However, the ultimate organizational reward rt+k—defined by
longitudinal metrics such as long-term retention, job perfor-
mance, and cultural assimilation—only materializes after a sig-
nificant temporal delay k [56]. Shifting the optimization focus
from short-term efficiency proxies to this longitudinal career-
success modeling is essential for sustainable organizational
growth [57], [58]. Consequently, loss functions in predictive
matching models must be designed to handle sparse, delayed
reward signals, preventing algorithms from structurally over-
indexing on easily quantifiable but myopic targets (e.g., mere
offer acceptance) at the expense of long-term human capital
ROI [2], [59].

C. Technical Paradigms
1) Matching and Ranking: The cornerstone of AI-driven

recruitment lies in achieving high-precision alignment between
heterogeneous entities. Person-Job Fit has evolved from rudi-
mentary lexical keyword matching to sophisticated semantic
architectures that map candidates and job descriptions into
a shared latent space X , capturing non-linear interactions
through deep neural encoders [42], [43], [44], [45]. Modern
paradigms frequently hybridize Content-based Filtering (CBF)
and Collaborative Filtering (CF) to alleviate data sparsity,
yet the distinguishing factor in recruiting is its bi-directional
nature. Unlike traditional item recommendation, recruitment
is a reciprocal decision-making process; thus, current models
often formulate the objective as a joint probability P (u, j) =
Φ(f(u → j), g(j → u)), where f and g represent the mutual
utilities between candidate u and job j [46], [47], [48].
To ensure the deployment of these models is both ethical
and actionable, explainable ranking mechanisms have become
indispensable, providing granular justifications such as skill-
gap analysis or cultural affinity to bridge the transparency gap
in automated screening [60], [61], [62].

2) Information Extraction and Standardization: Informa-
tion Extraction (IE) serves as the infrastructural bedrock, trans-
forming the inherent noise of unstructured resumes and job
descriptions into machine-actionable schemata. This paradigm
predominantly employs sequence labeling frameworks for
Named Entity Recognition (NER) to isolate granular attributes
such as S (skills), E (experience), and D (educational creden-
tials) from diverse document layouts [63], [64], [65], [66],

[67]. To mitigate the linguistic variance across candidate-
generated content, the process further necessitates a transi-
tion from surface-level extraction to semantic standardization.
Through entity disambiguation and ontology alignment, het-
erogeneous mentions—such as ”Java Specialist” and ”Back-
end Engineer”—are mapped onto canonical representations
within a recruitment Knowledge Graph (KG) [68], [69], [70],
[71].

3) Prediction and Decision Support: Beyond static align-
ment, the paradigm of Prediction and Decision Support lever-
ages historical behavioral trajectories to model the recruitment
funnel as a quantifiable pipeline. By estimating transition prob-
abilities P (si+1|si) across sequential hiring stages, predictive
architectures can anticipate candidate conversion rates and
offer acceptance likelihoods, effectively mitigating the risks of
talent attrition [52], [53], [49], [50], [51]. This analytical layer
further integrates combinatorial optimization and constraint
satisfaction algorithms to streamline operational logistics, such
as multi-objective interviewer scheduling and dynamic budget
allocation across diverse sourcing channels. By shifting from
heuristic-based workflows to prescriptive interventions, these
models alleviate systemic bottlenecks and optimize the opera-
tional throughput of the talent acquisition lifecycle [53], [50],
[72], [73], [74].

4) Generative Artificial Intelligence: The integration of
Generative AI represents an early-stage transition from passive
discriminative analysis to proactive, conversational interac-
tion [75], [76]. LLMs facilitate the automated synthesis of
high-fidelity job descriptions, tailored candidate outreach, and
multi-dimensional evaluation summaries, thereby exploring
ways to reduce the cognitive load on human recruiters [77],
[78], [79], [80]. To address the inherent challenge of stochastic
hallucinations in sensitive hiring contexts, RAG is deployed to
anchor model outputs in verified corporate policies and legal
frameworks, ensuring factual consistency. Beyond text genera-
tion, the emergence of LLM-based autonomous agents enables
the orchestration of complex, multi-step workflows—such as
cross-platform interview scheduling and candidate sentiment
tracking—through external tool-calling mechanisms [81], [82].

5) Speech and Multimodal Analysis: The integration of
Speech and Multimodal analysis transcends the limitations
of text-centric evaluation by quantifying ”non-verbal cues”
that are pivotal to holistic interpersonal assessment. Beyond
traditional Automatic Speech Recognition (ASR), acoustic
paradigms extract prosodic and phonetic features to model
candidate emotional stability and communication efficacy dur-
ing initial screenings [83]. In synchronous video interviews,
contemporary frameworks leverage multimodal fusion to syn-
chronize facial micro-expressions, kinesic postures, and vocal
tonality with textual semantics, mapping these heterogeneous
signals into a joint latent representation Z = Γ(V,A, T )
[84], [85]. This high-dimensional profiling is further fortified
by cross-modal consistency checks, which serve as a criti-
cal defense mechanism against identity fraud and Deepfake-
mediated deception, ensuring the ecological validity and in-
tegrity of remote evaluation environments [86], [87].
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D. Evaluation Metrics

The robust assessment of AI-driven recruitment architec-
tures necessitates a multi-dimensional evaluation framework
that bridges computational efficacy with operational utility
and ethical compliance. Rather than relying on a single loss
function, system performance is benchmarked across three
distinct taxonomic categories:

1) Offline Metrics (Algorithmic Performance):
• Precision@K and Recall@K: These rank-agnostic met-

rics evaluate the proportion of relevant matches within
the top-K recommendations. Precision@K quantifies the
exactness of the model by measuring the fraction of
recommended candidates or jobs that are actually rele-
vant. Recall@K measures completeness by capturing the
fraction of all true relevant matches that were successfully
retrieved in the top K [88], [61]. However, these metrics
treat all positions within the top K equally. This limita-
tion is particularly pronounced in recruitment platforms,
where users exhibit severe exposure bias and rarely scroll
past the first few results [46].

• Normalized Discounted Cumulative Gain
(NDCG@K): To address position bias, NDCG@K
is the predominant rank-aware metric in modern
Person-Job Fit evaluation [89], [90], [28]. It assigns
exponentially decaying weights to lower-ranked items,
explicitly rewarding models that place highly relevant
candidates or jobs at the very top of the list. For
multi-graded relevance scores—such as varying degrees
of semantic skill overlap—NDCG is highly robust
because it normalizes the Discounted Cumulative Gain
(DCG) against the Ideal DCG (IDCG), ensuring metric
comparability across queries of varying lengths and
candidate [91].

• Mean Reciprocal Rank (MRR): MRR is highly inter-
pretable and evaluates how quickly a system retrieves
the first relevant result. It is calculated as the average of
the reciprocal ranks of the first relevant match across all
queries [88]. In high-stakes recruitment scenarios, finding
a single optimal candidate is frequently prioritized over
returning a large pool of semi-relevant matches, making
MRR a critical proxy for search efficiency [45], [46].

While these offline metrics provide a foundational assess-
ment of predictive accuracy, they are inherently limited by
the nature of historical interaction data. Models evaluated
solely on these metrics frequently suffer from selection bias, as
they are tested only on candidates who historically interacted
with or were hired for a position, thus ignoring counterfac-
tual outcomes for unobserved matches. Consequently, these
algorithmic indicators must be systematically triangulated with
business and fairness metrics to establish a holistic evaluation
framework [61], [92].

2) Business Metrics (Operational Utility):
• Time-to-Hire: This metric measures the temporal latency

between the initial job posting and the final candidate
conversion. AI-driven throughput acceleration aims to
compress this timeframe. By automating repetitive ad-
ministrative overhead and cross-platform scheduling ,

these systems reduce the time-to-interview cycle, which
directly mitigates the risk of talent attrition caused by
scheduling delays in competitive labor markets [81], [82].

• Interview Conversion Rate:This rate tracks the success-
ful progression of candidates through sequential decision
points. Predictive architectures map historical behavioral
trajectories to these transition dynamics, allowing systems
to anticipate candidate conversion rates, optimize routing,
and proactively address bottlenecks [50], [51].

• Offer Acceptance Rate:The terminal stages of the re-
cruitment pipeline represent a delayed feedback learning
problem, where immediate algorithmic actions are exe-
cuted based on proxy signals such as offer acceptance
likelihoods. Predictive models estimate these offer ac-
ceptance likelihoods to optimize decision-making inter-
ventions. Tracking this metric ensures that algorithmic
optimizations do not structurally over-index on easily
quantifiable short-term proxies at the expense of long-
term human capital ROI [57], [58], [93].

3) Fairness Metrics (Algorithmic Equity): By embedding
fairness metrics directly into the evaluation framework, re-
searchers and human resource practitioners can systemati-
cally quantify the trade-offs between predictive utility and
algorithmic fairness, enabling the targeted application of pre-
processing, in-processing, or post-processing mitigation strate-
gies.

• Demographic Parity (Statistical Parity):This metric
mandates that the probability of a positive algorithmic
decision (e.g., advancing a candidate to the interview
stage, Ŷ = 1) must be statistically independent of a
candidate’s protected attribute A (such as gender, age, or
race). Formally, it requires P (Ŷ = 1|A = 0) = P (Ŷ =
1|A = 1) [94], [95]. Within the recruitment pipeline,
Demographic Parity ensures that the baseline selection
rate remains equitable across all demographic cohorts,
functioning as a macro-level safeguard against disparate
impact [96].

• Equal Opportunity:While Demographic Parity enforces
equal selection rates across groups, it does not account
for the underlying distribution of actual qualifications
(the ground truth label Y = 1). Equal Opportunity ad-
dresses this limitation by requiring that the True Positive
Rate (TPR) is identical across protected and unprotected
groups. Mathematically, it is defined as P (Ŷ = 1|Y =
1, A = 0) = P (Ŷ = 1|Y = 1, A = 1) [97]. In
talent acquisition, this metric guarantees that a highly
qualified candidate from a marginalized subgroup has the
exact same algorithmic probability of being selected as
an equally qualified candidate from the majority group,
effectively balancing ethical compliance with operational
validity [57].

III. APPLICATION OF AI IN THE RECRUITMENT PROCESS

A. Job Description Generation and Optimization

1) Generating Job Descriptions using LLM: The traditional
drafting of job descriptions relies heavily on manual exper-
tise, rendering the process labor-intensive and susceptible to
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subjective bias. To standardize this pipeline, recent literature
demonstrates a transition toward utilizing generative AI, mov-
ing away from rigid slot-filling mechanisms to more dynamic,
context-aware generation.

Current applications predominantly employ LLMs opti-
mized via instruction tuning, few-shot learning, and RAG.
Instruction-tuned models are leveraged to embed organiza-
tional context, team technology stacks, and soft skill require-
ments directly into generation prompts, yielding highly tar-
geted text [79]. To ground the generation process and mitigate
semantic drift, RAG architectures are increasingly utilized . By
retrieving high-frequency keywords and syntactic structures
from verified repositories of historical job descriptions, these
systems constrain the LLM output to align with established
industry frameworks [81]. Furthermore, advanced pipelines
employ LLMs for structural mapping, extracting specific en-
tities from unstructured hiring manager inputs and aligning
them with standardized skill taxonomies like ESCO (Euro-
pean Skills, Competences, Qualifications and Occupations) to
facilitate downstream matching algorithms [82].

Despite these architectural advancements, deploying LLMs
for job description generation introduces significant tech-
nical hurdles, primarily concerning latent bias amplifica-
tion and structural ambiguity. Base language models fre-
quently hallucinate or amplify social stereotypes present
in their pre-training corpora, resulting in implicitly bi-
ased outputs (e.g., gender-coded or age-discriminatory lan-
guage) that compromise fairness. While systems increasingly
employ LLMs as bias ”denoisers” via Chain-of-Thought
(CoT) reasoning—programmatically substituting masculine-
coded terms (e.g., ”aggressive”) with neutral equivalents
(e.g., ”driven”) [76]—ensuring deterministic, robust debiasing
across diverse linguistic contexts remains computationally
complex. Additionally, an ongoing architectural challenge lies
in parsing vague, heterogeneous human inputs into rigidly
structured, machine-readable text; current systems struggle
to enforce strict formatting without degrading the semantic
nuance required for accurate downstream candidate matching.

Consequently, several critical research gaps persist beyond
these immediate deployment constraints. First, there is a
distinct lack of domain-specific evaluation metrics designed
to rigorously quantify generative fairness; current method-
ologies evaluate explicit proxy term substitution but cannot
adequately measure whether intersectional and latent socio-
cultural biases are eradicated without degrading the model’s
descriptive fluency. Second, while extraction architectures
currently map entities to static taxonomies like ESCO [82],
future research must develop dynamic, bidirectional ontologies
capable of autonomously updating LLM-generated text to
reflect rapidly evolving, real-world skill requirements. Finally,
a significant theoretical gap exists in aligning job description
generation with Generative Engine Optimization (GEO) [98].
The community must explore how generative models can
iteratively refine unstructured postings through query expan-
sion and structured schema generation to maximize retrieval
probability and favorable exposure against zero-shot rankers
in AI-mediated search environments [99].

2) Search Engine Optimization: LLMs optimize job post-
ings to maximize their retrieval probability in both traditional
search engines and generative AI interfaces. This approach
supports Generative Engine Optimization, where frameworks
iteratively refine content using rhetorical strategies, such as
including statistical evidence, to increase visibility in AI-
generated responses [98]. Beyond surface-level visibility, gen-
erative models address semantic alignment by using query
expansion to identify potential search terms, thereby bridg-
ing the vocabulary gap between job requirements and user
queries [100]. Additionally, unified information extraction
frameworks convert unstructured descriptions into structured
schemas containing key entities like salary ranges and re-
mote work eligibility, which improves indexing by aggrega-
tors [101]. Prior to publication, these models also serve as
zero-shot rankers that simulate algorithmic prioritization to
predict exposure against competitor listings [99].

B. Candidate-Job Matching: From Semantic Alignment to
Generative Reasoning

Accurate matching of candidates to job descriptions
(Person-Job Fit) is central to recruitment. Methodologies in
this domain have evolved from keyword-based information
retrieval to latent representation learning, and recently, to
generative reasoning enabled by LLMs. These models allow
for contextual understanding that goes beyond surface-level
text matching.

1) Advanced Semantic Representation and Graph-Based
Matching: Early resume-job matching relied on statistical
relevance models to bridge the vocabulary gap between semi-
structured resumes and job descriptions [44]. However, these
methods often failed to capture the contextual nuance of
professional skills, resulting in superficial alignment. Re-
cent work focuses on mapping unstructured text into shared
high-dimensional embedding spaces. For instance, Career-
BERT [102] uses domain-specific pre-training to map resumes
to standardized ontologies (e.g., ESCO). This unifies diverse
terminologies to enable generic job recommendations even
without interaction data. To address data scarcity in specific
domains, techniques like ConFit [103] use contrastive learn-
ing and data augmentation to refine the semantic alignment
between resumes and job descriptions.

Beyond static text matching, the industry has shifted toward
modeling relationships within professional networks using
GNNs. LinkedIn’s LinkSAGE framework advances this ap-
proach by employing an encoder-decoder GNN on a hetero-
geneous graph of billions of nodes to optimize matching at
scale [62]. To operationalize these semantic representations
within latency-constrained production environments, contem-
porary matching architectures typically adopt a decoupled
retrieve-and-rank paradigm [89]. In the retrieval phase, dual-
tower models encode candidate profiles and job descriptions
independently into a shared latent space, permitting efficient
offline indexing and low-latency maximum inner product
search (MIPS) for candidate retrieval [104]. However, because
dual-tower architectures delay the interaction between query
and document representations, they often sacrifice granular
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semantic alignment [105]. To address this, the subsequent
ranking phase frequently employs cross-encoder architectures.
While computationally prohibitive for full-corpus retrieval
due to the necessity of processing the candidate-job pair
jointly, cross-encoders facilitate deep token-level attention
interactions, thereby optimizing high-accuracy ranking over
a truncated candidate shortlist [106]. Balancing these online
and offline serving constraints remains a critical architectural
consideration for high-throughput signal integration systems
and learning-to-retrieve frameworks [90].

2) Modeling Reciprocity and Career Trajectories: A dis-
tinct characteristic of recruitment, compared to product rec-
ommendation, is its reciprocity: a successful match requires
preference from both the job seeker and the recruiter. Recent
literature emphasizes the need to move beyond unilateral
matching. The MIRROR framework proposes a multi-view
approach, modeling users through search, active, and passive
views to capture reciprocal interactions [107]. Similarly, [108]
explicitly model two-way selection preferences to align ex-
pectations bet ween parties, promoting long-term employment
relationships.

Temporal dynamics are also critical for matching quality.
[109] argue that a candidate’s career path contains hidden pref-
erences regarding consistency and continuity, which predict
future job fit. Validating this behavioral perspective, historical
interview choices have been shown to reveal latent preferences
of recruiters and candidates that static text cannot capture. This
has led to the development of profiling memory modules to
improve matching accuracy [110].

3) LLM-Driven Ranking, Reasoning, and Explainability:
LLMs introduce new capabilities to person-job fit, including
the ability to reason, rank, and explain matches in zero-shot or
few-shot settings. Generative job recommendation frameworks
use the extensive world knowledge in LLMs to interpret
complex career profiles without task-specific training [111].

While generative architectures introduce unprecedented
contextual understanding, their deployment as zero-shot or
few-shot rankers reveals significant technical limitations. First,
the high computational inference costs of LLMs render them
impractical for large-scale, low-latency screening [112]. Sec-
ond, generative models are highly susceptible to ranking
instability, often manifesting as position bias where the model
structurally overvalues candidates presented at the beginning
or end of the prompt context window [113].

Furthermore, in zero-shot settings lacking domain-specific
anchoring, LLMs are prone to hallucinatory reasoning, where
they may fabricate skill alignments or misinterpret latent
trajectory signals [114]. Consequently, an observational study
comparing GPT-4 with human recruiters found that while
prompt engineering techniques like CoT improve performance,
LLM scoring is not yet fully interchangeable with human
judgment [115]. This necessitates rigorous human-in-the-loop
verification to mitigate these epistemic and operational vulner-
abilities, although LLMs do not exhibit higher demographic
bias than human baselines [115], [116].

To bridge the gap between black-box recommendations and
user trust, the ReasoningRec framework uses LLMs to gen-
erate interpretable explanations alongside recommendations,

identifying why a candidate fits a specific role. Finally, the
field is expanding toward agent-based simulation. Frameworks
like MockLLM [117] use multi-agent collaboration to simulate
interactions between job seekers and recruiters, allowing for
the optimization of matching strategies in a dynamic environ-
ment before deployment. These generative approaches mark a
transition from calculating similarity scores to understanding
the reasoning behind hiring decisions.

C. Candidate Assessment and Interviewing
Recruitment relies fundamentally on robust candidate eval-

uation and interviewing. Although traditionally manual, these
processes now increasingly incorporate computational meth-
ods to transcend subjective limitations and improve both
efficiency and fairness.

1) Automated Technical Assessment and Code Generation:
Technical skills assessment has shifted from static question
banks to dynamic generation using LLMs. Early benchmarks
like APPS established that these models can effectively mea-
sure coding proficiency [118]. However, generative tools such
as ChatGPT require rigorous verification of functional cor-
rectness to mitigate hallucinatory risks [119]. Systems like
CodeJudge address this by validating AI-based grading against
functional outcomes [120]. As technology evolves, continuous
evaluation frameworks are necessary to ensure assessment
accuracy remains aligned with rapid software updates [121].

2) Gamification in Cognitive Assessment: Game-based
strategies offer an alternative to traditional testing, potentially
reducing candidate anxiety while evaluating cognitive abili-
ties and personality traits. [122] find that these interactive
environments maintain fairness and predictive validity com-
parable to standard methods. A key challenge, however, lies
in algorithmic transparency. Consequently, [123] argue that
organizations must explain the underlying grading mechanisms
to demystify the process, foster trust, and improve perceived
fairness.

3) Personality and Soft Skills Analysis via NLP: Beyond
technical prowess, AI analyzes linguistic patterns in interview
transcripts to infer soft skills and communication proficiency.
For instance, [124] evaluate the granularity of candidate
responses. Recent work extends this to personality detection
from video-derived text, where models deduce traits directly
from verbal content [125]. Rather than producing opaque
numerical scores, collaborative AI agents can assist screen-
ing by offering interpretable rationales for decisions, thereby
enhancing human-AI decision-making [126].

4) Multimodal Analysis in Asynchronous Video Interviews
(AVI): AVI generate complex multimodal streams compris-
ing visual, acoustic, and textual data. Early deep learning
models analyzed these streams for body language and speech
patterns indicative of confidence or stress [127]. Current
research focuses on higher-resolution signals; [128] use
facial analysis to predict job fit, while [129] highlight the
importance of non-verbal cues—such as vocal tone and micro-
expressions—arguing they are as predictive of performance as
spoken content.

However, from a rigorous computational and psychome-
tric perspective, extracting latent psychological traits from
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high-dimensional non-verbal cues introduces profound con-
cerns regarding construct validity [57]. Machine learning
architectures optimized solely for predictive utility frequently
conflate correlation with causation. The statistical presence
of specific micro-expressions or acoustic features does not
intrinsically guarantee a causal relationship with longitudinal
job performance [130]. Furthermore, these multimodal repre-
sentations are highly susceptible to unobserved confounding
variables—such as a candidate’s cultural background, physical
disabilities, or neurodivergence—which an algorithm may
erroneously penalize as negative behavioral signals [131],
[132]. Consequently, relying on opaque physiological corre-
lations rather than verifiable competencies exposes organiza-
tions to severe legal risks and compliance challenges under
algorithmic fairness regulations, as the predictive validity
of automated micro-expression analysis remains empirically
contested [133], [134].

D. Candidate Engagement

In the modern recruitment ecosystem, efficient candidate
engagement and the reduction of coordination costs are critical
determinants of hiring success, comparable in importance to
core person-job matching algorithms, as effective engagement
ultimately converts theoretical matches into actual hires. With
advancements in NLP and intelligent agent technologies, AI
has evolved from a passive screening tool into an interac-
tive system capable of maintaining candidate relationships,
automating administrative workflows, and assisting in back-
ground investigations.

1) Personalized Outreach Email Generation: During the
active sourcing phase, recruiters frequently distribute cold
emails to a broad pool of potential candidates. Traditional
template-based approaches often lack specificity, resulting in
low response rates. The integration of Generative AI en-
ables large-scale personalized communication. By analyzing
specific job descriptions and candidate resumes, AI models
dynamically generate outreach emails that are both engaging
and contextually relevant. Text generation in job recommen-
dation scenarios through a template-based approach [135].
Leveraging structured job attributes alongside natural language
generation techniques yields personalized text more persuasive
than generic templates, thereby enhancing candidate perceived
relevance and willingness to respond. This automated gener-
ation not only increases recruiter efficiency but also ensures
consistency and professionalism in communication, effectively
standardizing the quality of initial candidate interactions.

Current architectures predominantly utilize LLMs config-
ured for sequence-to-sequence generation, often hybridized
with template-augmented NLG pipelines to ensure determin-
istic formatting [136]. The primary challenge lies in main-
taining factual consistency (mitigating generative hallucina-
tions) while parsing extensive candidate histories within finite
context windows [136], [137]. Additionally, systems struggle
with zero-shot domain adaptation when balancing personal-
ized semantic generation with strict corporate communication
constraints [138], [137]. There is a distinct lack of standard-
ized, offline evaluation metrics for measuring ”persuasiveness”

beyond rudimentary open-rates [139]. Furthermore, the ap-
plication of Reinforcement Learning(RL) from Human Feed-
back (RLHF) optimized explicitly for recruitment conversion
rates—rather than general conversational alignment—remains
underexplored [140], [139].

2) Conversational Interaction and Q&A Bots: As recruit-
ment scales, timely responses to candidate inquiries regard-
ing salary ranges, responsibilities, and interview procedures
impose a significant burden on human resource departments.
Question-answering (Q&A) chatbots serve as all-weather in-
terfaces that effectively alleviate this pressure. However, exist-
ing literature suggests that providing accurate answers is in-
sufficient; the conversational style directly influences candidate
experience and employer brand perception. [141] investigate
the impact of chatbot dialogue styles on interaction quality.
Their findings indicate that adopting humanized strategies
characterized by empathy or specific social styles strength-
ens candidate engagement and satisfaction. This implies that
future recruitment chatbots should not be viewed merely as
information retrieval tools but designed as virtual assistants
equipped with affective computing capabilities to establish
positive relationships during preliminary screening, thereby
mitigating the impersonal nature of automated systems.

These systems typically deploy Dialogue State Tracking
(DST) models coupled with RAG frameworks to fetch local-
ized HR policies [142], supplemented by affective computing
classifiers for sentiment analysis [143]. Maintaining multi-
turn conversational context over extended temporal horizons
(e.g., weeks between interview rounds) introduces severe
memory state degradation [144]. RAG architectures also face
high-latency retrieval bottlenecks when querying unstructured,
highly specific, and frequently updated HR databases [145].
A significant gap exists in developing lightweight, domain-
specific open-weight models that guarantee data privacy (en-
abling on-premise deployment for sensitive candidate data)
while matching the conversational fluency of proprietary,
cloud-based LLMs [146]. Mitigating the ”uncanny valley”
effect in highly empathetic affective computing models also
remains an open socio-technical problem [147].

3) Intelligent Interview Scheduling: Interview scheduling
represents a typical low-value, high-frequency task often char-
acterized by repetitive email exchanges between recruiters and
candidates. Intelligent scheduling agents integrate multi-party
calendars and constraints to automatically negotiate optimal
time slots. [148] propose a human-centric decision support
system for agenda scheduling. While applicable to general
agenda management, this approach is particularly critical in
recruitment scenarios. The system accounts not only for time
slot availability but also incorporates intelligent reasoning
regarding user preferences and potential conflicts to achieve
optimal solutions within complex, multi-stakeholder interview
rounds. By automating this segment, AI shortens the time-to-
interview cycle and mitigates the risk of talent attrition caused
by scheduling delays, which often serve as a critical bottleneck
in competitive hiring markets.

Underlying algorithms rely heavily on Constraint Satis-
faction Problem (CSP) solvers, Multi-Agent Reinforcement
Learning (MARL), and heuristic search algorithms combined
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with Natural Language Understanding (NLU) modules for
parsing unstructured email intents [149], [150]. The system
must resolve high-dimensional constraints under incomplete
information, such as the hidden temporal preferences of hir-
ing managers [151]. Accurately parsing varied, unstructured
temporal expressions from candidate emails and handling the
delayed feedback inherent in asynchronous negotiation present
substantial algorithmic hurdles [152], [151].

The field must transition from static, reactive constraint
solvers to predictive scheduling paradigms that anticipate
multi-party bottlenecks before they occur [153], [154]. Fur-
thermore, standardizing the formal mathematical representa-
tion of multi-stakeholder recruitment scheduling as a dynamic
Markov Decision Process (MDP) is required to benchmark
future algorithmic improvements [153], [154].

4) Social Media Screening and Digital Footprint Analysis:
Beyond traditional resumes and interviews, public data on
social media, known as digital footprints, offers employers
a supplementary dimension to assess candidate personality,
values, and professional interests. AI technologies facilitate
the automated retrieval and analysis of this unstructured data
to assist in comprehensive background screening. [155] focus
on social media usage within the low-wage labor market,
revealing how employers leverage these platforms to identify
latent candidate traits. The study notes that while social media
screening provides insights beyond the resume, such as com-
munication skills and professional literacy, it introduces chal-
lenges related to privacy infringement and algorithmic bias.
Consequently, when deploying AI for social media analysis,
system design must establish a balance between information
gain and ethical compliance through algorithmic transparency,
explicitly safeguarding fair hiring practices against unintended
discrimination.

Implementations rely on GNNs for social network topol-
ogy analysis, multi-modal feature extractors (combining text
embeddings with visual classifiers), and zero-shot latent trait
predictors [156], [157]. Algorithms face a critically low
signal-to-noise ratio in unstructured social data, the temporal
degradation of data relevance, and the complexities of cross-
platform identity resolution without violating strict privacy
boundaries [156], [158].

The most pressing gap is establishing rigorous construct
validity—empirically proving that latent features extracted
from social media correlate causally with job performance,
rather than serving as proxies for protected demographic
attributes. Developing mathematically provable fairness con-
straints (e.g., counterfactual fairness) optimized specifically
for unstructured, multi-modal digital footprint data remains
an urgent requirement for equitable system design [159].

E. Predictive Applications

While screening and matching address immediate hiring
needs, integrating AI into recruiting facilitates predictive ana-
lytics. This moves human resources from reactive functions
to proactive strategies that anticipate business requirements
and optimize resource allocation. By using historical data, het-
erogeneous graphs, and sequential modeling, current systems

can forecast talent demand, predict turnover, and model career
trajectories with high granularity.

1) Talent and Skill Demand Forecasting: Given job market
volatility, organizations must accurately forecast talent needs.
Early approaches used tensor factorization to capture latent
trends in skill demands, mitigating data sparsity issues com-
mon in market data [160]. Recent research addresses increas-
ing data complexity by employing deep learning and dynamic
graph architectures to model the heterogeneity of talent supply
and demand [161], [162], [163]. These models use attentive
neural sequences and dynamic graph autoencoders (DyGAE)
to forecast overall headcount and specific occupational skill
requirements [161], [163]. To standardize evaluation across
these granularities, the community has adopted benchmarks
such as Job-SDF [164].

2) Employee Turnover and Career Mobility Prediction:
Predicting turnover and understanding mobility are essential
for retention. Studies indicate that turnover is rarely an isolated
event but is influenced by workplace social contagion and ex-
ternal market dynamics [165], [166]. By modeling these social
effects via market-aware heterogeneous graph neural networks
(HGNNs), predictive models incorporate competitor attractive-
ness and internal social shifts into attrition forecasting [165],
[166]. Additionally, modeling interactions between employees,
companies, and positions improves long-term career trajectory
prediction [167], [168], [169], [170]. These methods employ
variable interval sequence modeling, attentive heterogeneous
graph embeddings, and Temporal Knowledge Graphs (TKGs)
to map realistic career paths and predict future mobility [167],
[168], [169], [170].

3) Predictive Matching and Career Development: Unlike
standard matching, which ranks candidates against descrip-
tions, predictive matching forecasts hiring outcomes, such as
mutual satisfaction (Person-Job Fit) and retention. Current
frameworks treat recruitment as a bilateral process, employing
reciprocal recommendation models and quasi-metric learning
to capture the asymmetric preferences of both job seekers
and recruiters [171], [172]. Performance is further improved
by integrating contextual intelligence. Models incorporating
external knowledge, career paths, and professional networks
demonstrate that a candidate’s broader context significantly
influences Person-Job Fit assessments [173], [109], [174].
Finally, predictive applications support internal mobility. By
analyzing career trajectories, systems can suggest personalized
training or skill acquisition, often using Bayesian variational
approaches and Deep Reinforcement Learning (DRL) to bal-
ance learning costs against career utility [175], [176], [177].

IV. CHALLENGES AND ETHICAL CONSIDERATIONS

A. Bias and Fairness
The risk of bias in recruitment algorithms has been substan-

tiated by several high-profile cases, such as those involving
Google [178], Amazon [179], [180], and Facebook [181].
These incidents demonstrate that since AI systems frequently
assimilate discriminatory factors from historical data, pre-
existing societal biases can easily be transposed into algorith-
mic unfairness during the training process, thereby posing a
severe threat to recruitment equity [182].
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1) Fairness Challenges in the AI-Driven Recruitment
Pipeline: First, job descriptions often use gendered or stereo-
typical language [183], which discourages diverse applicants
and limits the talent pool. While researchers promote inclusive
language [184], many ads remain unchecked. This persis-
tence wastes organizational resources and diminishes the self-
efficacy of marginalized jobseekers [182]. Bias is also baked
into AI models through training data that reflects cultural,
gender, and racial prejudices [185]. Consequently, these biases
lead to discriminatory ad recommendations on platforms like
Facebook and Google [181], [178].

In the screening stage, LLMs often perpetuate institutional
biases found in historical hiring data, leading to the exclusion
of qualified candidates from underrepresented groups. Studies
have shown that LLMs can assign lower scores based on race
or gender even when qualifications are identical [186], [187].
Mitigation strategies include reweighting fairness metrics and
using adversarial testing to identify scoring disparities across
protected attributes [188], [189], [190].

Third, in the interview stage, significant fairness concerns
have emerged regarding visual and auditory cues, leading
to regulatory actions like the Illinois AI Video Interview
Act [191]. Bias often stems from unrepresentative training
sets—like the First Impressions dataset [192]—and ASR in-
accuracies for non-native speakers or individuals with speech
disabilities [193], [194]. To counter this, researchers are im-
plementing adversarial learning and fairness-aware classifiers
to detect harmful interactions and reduce demographic bias in
trait prediction [195], [196], [197].

The final stage involves candidate selection and negotiation,
where AI tools like Oracle Recruiting Cloud and Pactum
AI forecast acceptance probabilities and automate salary dis-
cussions [198], [199]. While intended to minimize human
prejudice, these tools can reinforce information asymmetry and
may inadvertently use prohibited data like salary history [200].
Furthermore, a widespread lack of feedback for rejected
candidates reduces perceived fairness and trust. Organizations
evaluate the final process based on validity, utility, and fair-
ness [201], but existing legal guidelines may struggle to keep
pace with algorithmic complexities and the biases inherent in
hybrid human-AI decision-making [202].

2) Causes of Bias:
(a) Training data: Data is the source of AI’s capabilities.If

the sample data is skewed or the synthetic data has dis-
tributional shift, the AI will make biased decisions [182],
[203].

(b) Label definitions: The ”target label” is the specific metric
a model is tasked with predicting.When these labels are
defined too broadly or vaguely, it opens the door for
disparate impact. For instance, Amazon’s hiring algo-
rithm once found that because its historically successful
engineers were predominantly male, the model would
automatically lower the score of resumes containing the
word ”female” (such as ”president of a women’s chess
club”) [204].

(c) Proxies: Even when sensitive attributes (such as gender)
are removed, AI can still infer protected information
through related features like named and word embed-

ding vectors [205]. Experimental results show that when
LLMs making hiring decisions, they tend to disadvan-
tage names associated with underrepresented groups. In
particular, Hispanic names receive the least favorable
treatment [206].

(d) The Memory Amplification Effect: While personalized
memory enhances the utility and relevance of recom-
mendations, it also creates pathways for bias to infiltrate
various stages, including personalized query generation,
resume retrieval, and results re-ranking. Experiments
demonstrate that even when using models subjected to
rigorous safety training or utilizing de-gendered resumes,
agents still acutely capture and amplify biased charac-
teristics from a recruiter’s historical memory, leading
to unfair decisions based on latent gender-associated
terms [207].

(e) Multimodal Fusion: Multimodal fusion strategies can
influence fairness in AI-driven recruitment. Using the
FairCVdb dataset—which integrates image, text, and tab-
ular data across simulated gender and racial bias sce-
narios—Swati et al. empirically demonstrate that early-
fusion can outperform alternative architectures, though
this finding is specifically constrained to this dataset and
the specific experimental tasks evaluated. By synthesizing
unique cross-modal features within this controlled setting,
early-fusion achieved the lowest Mean Absolute Error
(MAE), maintaining predictive accuracy while mitigat-
ing demographic bias. Conversely, late-fusion exhibited
higher error rates and score homogenization in these
trials due to its sensitivity to visual outliers. These find-
ings suggest that, within the context of this benchmark,
strategic multimodal integration may offer advantages
over unimodal approaches for bias reduction, positioning
mid-fusion as a potential frontier for further empirical
investigation into optimizing algorithmic equity [208].

3) Mitigation Strategies for AI Discrimination: To en-
sure algorithmic fairness in AI-driven recruitment, mitigation
strategies must shift from isolated technical fixes to a holis-
tic governance framework [209]. This requires implementing
interventions across the entire machine learning lifecycle,
strictly categorized into pre-processing, in-processing, and
post-processing techniques.

Pre-processing: Data and Design Interventions
Mitigation begins before model training by addressing biases
at the data source and aligning strategic design with legal
frameworks. Because legislation like the EU AI Act classifies
AI in recruitment as a ”high-risk” application, organizations
must establish compliance standards prioritizing rigorous risk
assessments [210]. Traditional performance metrics must be
redefined to establish Demographic Parity and Equal Op-
portunity as core optimization objectives [211]. At the data
level, the scarcity of high-quality, annotated HR data often
forces a reliance on generic datasets like the Census Income
Dataset [212]. To counter representational harms, synthetic
data generation can simulate features of underrepresented
groups, thereby enhancing the demographic balance of the
training corpus [211]. Additionally, practitioners must sanitize
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the feature space by critically auditing proxy variables; for
instance, proximity-based filtering must be re-evaluated, as it
frequently acts as a proxy for race or socioeconomic status due
to residential segregation [205]. Biases identified at this stage
are typically neutralized using techniques such as reweighting
or resampling within the feature space [210].

In-processing: Algorithmic Constraints and Auditing
During the modeling phase, fairness must be integrated as
a structural mathematical constraint within the learning ob-
jective. In-processing techniques, such as adversarial debi-
asing, embed fairness constraints directly into the model’s
loss function, compelling the algorithm to jointly minimize
prediction error and demographic disparity [210]. As founda-
tion models—such as LLMs for text generation and Whisper
for speech-to-text—become ubiquitous in resume parsing and
interview analysis, deep algorithmic auditing is required to
quantify inherent linguistic and cultural biases [210], [208],
[213]. Furthermore, democratizing AI auditing by reducing
computational overhead is essential; this enables indepen-
dent researchers to rigorously audit commercial ”black-box”
systems, ensuring accountability beyond internal corporate
reviews [210].

Post-processing: Calibration and Human Oversight
The final stage of mitigation relies on post-hoc output cal-
ibration and the preservation of human-in-the-loop architec-
tures. Post-processing adjustments involve dynamically cali-
brating decision thresholds to guarantee equitable selection
rates across protected groups, often augmented by Explainable
AI (XAI) techniques to provide transparent justifications for
specific algorithmic paths [214]. A mandatory human-in-the-
loop mechanism is critical here, ensuring that human domain
experts retain oversight at pivotal decision nodes to provide
ethical and contextual judgments that purely mathematical
models cannot encode [210]. This establishes a continuous
feedback loop wherein HR professionals feed real-world hiring
outcomes back to technical teams. Such an iterative optimiza-
tion process captures ”contextual bias”—nuanced discrimina-
tion often missed by automated metrics—and triggers targeted
model retraining, ensuring the system adapts to evolving socio-
technical landscapes [211].

B. Recruitment Interaction Data Challenges

The efficacy, fairness, and predictive validity of algorithmic
systems are intrinsically constrained by the quality, structure,
and temporal dynamics of the data upon which they rely [182].
This critical domain encompasses the multifaceted ways in
which the data generated by human-computer interaction
within recruitment platforms degrades the learning process of
machine learning models.

This chapter examines the critical vulnerabilities embedded
within recruitment interaction data, systematically exploring
four foundational pillars: the noise of implicit feedback,
the structural distortions of exposure bias, the historical en-
trenchment of selection bias, and the temporal complexities
associated with delayed rewards in RL. By dissecting these
interconnected phenomena, this analysis elucidates the opera-
tional challenges that prevent automated hiring systems from

achieving optimal predictive validity, while detailing the state-
of-the-art mitigation strategies emerging in computer science
and algorithmic fairness research.

1) The Noise of Implicit Feedback in Talent Recommenda-
tion: In the development of large-scale, deep learning-based
recommendation systems for recruitment, acquiring explicit
feedback is fundamentally prohibitive. Explicit feedback oc-
curs when hiring managers or candidates actively rate the
quality of a match on a numerical or qualitative scale (e.g.,
a five-star rating or a written review). The cognitive load and
administrative effort required to manually evaluate and assign
accurate ratings acts as a severe operational disincentive, mak-
ing it impossible to assemble large, comprehensively annotated
datasets and contributing to extreme data sparsity [215], [216].

Consequently, modern e-recruitment systems rely almost
exclusively on implicit feedback. This involves harvesting
passive behavioral signals such as profile clicks, resume down-
loads, dwell time (the duration a user spends viewing a specific
document), bookmarking, and application submissions [217].
These actions are automatically collected at scale, providing
the massive volume of data necessary to train parameter-
heavy neural architectures. However, while implicit feedback
solves the volume problem, it introduces a profound level
of epistemic noise, severely complicating the extraction of
genuine user preferences [218].

The fundamental flaw in implicit feedback lies in its binary,
ambiguous, and non-deterministic nature, which generates
massive influxes of false positives and false negatives [219],
[220]. For instance, a hiring manager clicking a profile might
be driven by exploratory curiosity or a stylized resume layout
rather than genuine candidate suitability, creating a false
positive if it does not lead to a hire. Conversely, failing to
click a candidate often simply indicates the manager stopped
reviewing the list before reaching that profile, generating a
false negative rather than a definitive rejection [220], [221].
In traditional machine learning optimization paradigms using
standard pointwise or pairwise loss functions, these false
signals are ingested as absolute ground truth, forcing the
algorithm to fit noisy data and obscuring the actual manifold
of person-job fit [219]. Recent academic research highlights
a critical mathematical dilemma regarding this dynamic: there
is a significant overlap between normal, highly relevant inter-
actions and noisy, irrelevant interactions within the model’s
overall loss distribution [219], [222], [221]. Because human
behavior in recruitment is highly stochastic, traditional denois-
ing algorithms systematically misclassify noisy interactions as
normal and vice versa, a problem that becomes even more
pronounced when transitioning to pairwise loss functions.

To counteract this pervasive noise without destroying dataset
utility, the field has developed sophisticated architectures like
Adaptive Denoising Training (ADT) [222], [221]. Based on
the empirical observation that noisy feedback typically exhibits
large loss values during the early epochs of neural network
training, ADT dynamically prunes these interactions during
the training process rather than applying static filters. This
is achieved by reformulating the loss function through either
truncated loss, which discards training samples exceeding a
dynamic threshold to prevent gradient updates from highly



13

anomalous interactions, or reweighted loss, which applies a
continuous decay function to adaptively lower the weight of
large-loss samples [222], [221].

Beyond loss modification, addressing implicit noise requires
advanced negative sampling and topological noise filtration
strategies. Because implicit datasets are heavily skewed to-
ward ”positive” interactions, systems must sample unobserved
interactions as negative examples; however, naive random sam-
pling frequently selects highly relevant but unseen candidates,
severely confusing the model [219]. Advanced frameworks
utilize differential community detection within the implicit
feedback graph to deploy personalized noise filtration, re-
liably identifying false negatives and converting them into
positive training samples, while neighborhood-guided feature
optimization refines these features to ensure the model distin-
guishes meaningful professional alignments from superficial
noise [219], [216].

Finally, the advent of LLMs has introduced a new paradigm
of post-training denoising that leverages worldly knowledge
to apply semantic common sense to purely mathematical
interaction graphs. Researchers utilize the zero-shot reasoning
capabilities of LLMs to act as semantic filters over collabora-
tive filtering profiles by analyzing a user’s historical interaction
sequence. By prompting the LLM to identify anomalous or
contradictory behavior—such as a recruiter who typically
seeks senior backend engineers suddenly clicking on a junior
graphic designer—the system can successfully denoise the
user profile before it is used for downstream candidate gen-
eration, yielding substantial improvements in recommendation
effectiveness [219].

2) The Structural Distortion of Exposure Bias: While im-
plicit feedback noise involves misinterpreting human actions,
exposure bias is a deeper structural flaw concerning which
candidates get the opportunity to be seen in the first place.
In talent acquisition, this is often called presentation or po-
sition bias, occurring when a candidate’s likelihood of being
presented to a hiring manager is unfairly distributed. Because
AI-driven systems rank millions of candidates but only present
the top fraction to recruiters, those ranked lower suffer from
a severe lack of exposure, rendering them practically invisible
to human decision-makers [223], [224], [225].

A critical error in standard machine learning is the as-
sumption that an unobserved interaction represents a negative
preference. A recruiter failing to click on a qualified candidate
buried on the tenth page is a function of algorithmic presenta-
tion, not candidate quality, and treating these indiscriminately
as negative feedback introduces massive bias [220], [224],
[223]. When models are naively retrained on this data, they
trigger a highly destructive recommendation feedback loop.
The system recommends easily identifiable profiles, time-
constrained recruiters interact heavily with them, and the
system records this as absolute ground-truth validation [226],
[227], [228]. Over time, this amplifies initial biases, creates
severe echo chambers, and systemically underexposes highly
qualified talent that does not fit the historically dominant
archetype [220], [223], [227].

This structural flaw is intricately linked to popularity bias,
where algorithms inherently favor candidates with high inter-

action metrics or mainstream features—such as elite university
degrees or major tech company experience—leaving non-
traditional candidates in algorithmic obscurity [229], [230],
[231]. Furthermore, modern recruitment platforms function as
multi-sided environments that must simultaneously address the
demand side of recruiters and the supply side of candidates.
Consequently, exposure bias degrades system utility for em-
ployers by hiding top talent, while simultaneously violating
multi-sided fairness for candidates by denying them equal
market opportunity based on arbitrary initial sorting [229],
[225].

To counteract these distortions, researchers deploy advanced
debiasing strategies that alter how interaction data is weighed,
such as Inverse Propensity Scoring (IPS). IPS statistically
reweights observed interactions based on the inverse of their
exposure probability. If a highly visible candidate at the top of
a list is clicked, the interaction receives a lower weight during
model retraining. Conversely, if a recruiter expends effort to
find and click on a deeply buried candidate, that interaction
receives a massive weight multiplier. By mathematically cor-
recting the skewed distribution through these estimators, the
loss function artificially amplifies the value of interactions that
occurred despite low visibility [232], [226].

Additionally, the field has achieved breakthroughs by in-
tegrating discrete choice models and explicit fairness con-
straints to further neutralize presentation distortion [223],
[233]. Discrete choice models decouple true user preference
from presentation bias by evaluating decisions relative to the
specific choice set presented on the screen, actively logging
which candidates were observed but ignored. Advanced rank-
ing systems now also bake exposure constraints directly into
their optimization objectives using a joint loss function. This
function balances accuracy loss (Lacc), item bias loss (Litem),
and exposure bias loss (Lexp) [234]. By using hyperparameters
to balance these constraints alongside techniques like Fair-
PG-Rank, models can efficiently learn ranking functions that
ensure all candidates receive a statistically fair minimum
threshold of visibility without sacrificing relevance [234],
[235].

3) Selection Bias and the Imperative of Counterfactual
Evaluation: While exposure bias controls who is seen by
recruiters, selection bias dictates who is permitted to ex-
ist within the system’s foundational knowledge base. AI
recruitment models are typically trained on artificially re-
stricted datasets comprised only of candidates who historically
survived human-mediated screening and were subsequently
evaluated [236], [237]. Because algorithms mathematically
ingest these historical decisions as objective ground truth, they
inevitably codify and amplify past prejudices [236], [238],
[230]. This manifests profoundly as Feature Selection Bias,
where variables like zip codes or names inadvertently serve as
proxies for protected characteristics—famously demonstrated
when an AI tool downgraded resumes containing the word
”women’s” [230], [231]. It also appears as Evaluation Bias,
where the target labels the algorithm is trained to predict,
such as performance review scores, are themselves tainted by
subjective human prejudice [236], [238].

The ultimate mathematical consequence of this restricted
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data is the sample selection problem. Because the model
trains exclusively on the sub-population of hired individuals,
it remains entirely blind to the counterfactual reality of how
rejected candidates would have performed [230], [236]. With-
out this ground truth for the unselected population, traditional
machine learning evaluation metrics—such as precision, recall,
and F1-score—become mathematically deceptive. An algo-
rithm boasting a 95% accuracy rate on historical data produced
by systematic exclusion is merely demonstrating high profi-
ciency at replicating discrimination [236], [238]. Therefore,
the goal of applied machine learning in hiring must be to
maximize performance improvement against a counterfactual
decision-making process, rather than maximizing precision
against a flawed historical baseline [236].

Addressing selection bias requires moving beyond stan-
dard observational metrics to embrace causal inference and
counterfactual evaluation. Classical econometric approaches
are frequently utilized to address observationally biased data.
Methods such as propensity score matching simulate random-
ized trials, while the Heckman two-step correction models the
probability of an individual being selected into the sample ini-
tially. By applying inverse propensity weighting to re-weight
observations based on their probability of passing the initial
screening stage, researchers can account for the missing data
of rejected candidates and generate mathematically unbiased
estimates of true candidate quality [239].

In contemporary AI, this econometric logic has evolved into
the strict pursuit of counterfactual fairness. A model achieves
this if, and only if, its prediction for a specific individual is
identical to what it would be in a hypothetical world where
their protected demographic attributes were altered, holding
all other causal variables constant. Implementing this requires
structural causal models, such as Pearl’s twin networks. These
networks allow developers to map causal relationships, simu-
late alternative realities, and trace the flow of information to
ensure sensitive attributes do not causally influence the final
hiring recommendation, whether directly or through subtle
proxy variables [231], [240], [239].

Recent advancements have operationalized counterfactual
fairness testing through generative AI and data augmentation,
particularly to audit black-box systems like Asynchronous
Video Interviews [240], [241]. Researchers use deep gener-
ative frameworks to dynamically modify protected attributes
in candidate videos—such as perceived age, skin tone, or
gender markers—while leaving speech and behavioral patterns
identical. These counterfactual videos are then fed back into
the scoring model alongside the originals. By utilizing metrics
like Disparate Impact to compare the scores, auditors can
empirically prove the existence of selection bias if there is
a statistically significant variance between the profiles [240].
This critical shift from passive observation to active, causal
perturbation represents the frontier of mitigating selection bias
in AI recruitment.

4) The Temporal Complexity of Delayed Rewards in Rein-
forcement Learning: While implicit noise and exposure bias
primarily affect supervised learning and traditional recom-
menders, the recruitment technology sector is shifting toward
dynamic frameworks using RL [242], [243]. In this model,

recruitment is framed as a complex Markov Decision Pro-
cess where an autonomous agent learns to make sequential
decisions—such as dynamic channel selection or automated
screening—to maximize cumulative long-term organizational
utility [244], [245], [246], [247], [248]. However, this intro-
duces the profound challenge of managing sparse and heavily
delayed rewards. Unlike traditional RL benchmarks where
feedback is rapid, a successful hire is defined by long-term
metrics like retention and performance that take months or
years to materialize [248]. This extreme delay creates a severe
temporal credit assignment problem, making it mathematically
difficult for the system to determine which specific action
in a complex sequence was responsible for the ultimate
outcome [242].

Compounding this temporal disconnect is the sparse nature
of recruitment rewards. The vast majority of an agent’s actions,
such as evaluating thousands of resumes, yield zero immediate
feedback. This results in a flat gradient landscape where the
algorithm struggles to refine its policy efficiently [248]. Fur-
thermore, real-world employment is highly stochastic. External
noise completely invisible to the algorithm—such as a candi-
date resigning due to a personal crisis or a toxic manager—can
generate an inaccurate negative long-term reward signal. This
unfairly penalizes the RL agent for a fundamentally optimal
sourcing decision and heavily corrupts the policy update.

To optimize these models under such extreme delay and
sparsity, developers deploy foundational solutions like Tempo-
ral Difference (TD) learning and Q-learning. These algorithms
blend immediate rewards with predictions of future rewards to
bootstrap the learning process. By updating action-value esti-
mates based on immediate feedback plus a discounted estimate
of the optimal future value, the agent can mathematically prop-
agate delayed reward signals backward through time [246],
[247]. Modern extensions, such as Deep Q-Networks (DQN),
utilize neural networks and experience replay buffers to further
stabilize learning across delayed feedback and optimize long-
horizon performance [247].

To accelerate convergence, practitioners also heavily employ
reward shaping, which introduces dense, artificial auxiliary
rewards for intermediate actions that logically correlate with
the ultimate goal (e.g., passing a technical assessment) [249].
However, poorly calibrated shaping risks ”reward hacking,”
where the AI exploits proxy metrics—like sourcing unqualified
candidates who reply quickly to emails—at the expense of
true hiring quality [248]. To prevent this, developers utilize
potential-based constraints. By applying the strict mathemati-
cal equation F (s, a, s′) = γΦ(s′)−Φ(s), the shaped rewards
represent a difference in a defined potential function between
states [249]. This guarantees that intermediate feedback does
not corrupt the optimal policy of the original delayed-reward
environment.

Finally, one of the most advanced frameworks for ad-
dressing severe temporal delays is Return Decomposition
for Delayed Rewards (RUDDER). Leveraging Long Short-
Term Memory (LSTM) neural networks and advanced pattern
recognition, RUDDER fundamentally restructures the reward
landscape. The LSTM is trained to identify the specific state-
action pair patterns truly responsible for the final return. By
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redistributing the final delayed reward directly backward to
those causative actions, RUDDER mathematically bypasses
the temporal delay and dramatically simplifies the credit as-
signment problem, enabling the agent to learn complex, multi-
step strategies with the efficiency of immediate feedback [250],
[251], [252].

C. Explainability and Transparency

1) Why Transparency Matters?: From a human rights per-
spective, transparency in AI recruitment is directly linked to a
candidate’s right to the truth’ and their legal and moral right to
seek redress when subjected to unfair treatment. Transparency
ensures that candidates clearly understand the ’rules of the
game’ behind hiring decisions, thereby safeguarding their
autonomy within the labor market and maintaining public trust
in the fairness of societal operations [253].

From a legal perspective, transparency in AI recruitment
serves as the core pillar to ensure system compliance, fair-
ness, and the protection of candidates’ fundamental rights.
Candidates typically view transparency through the lens of
procedural justice, expecting to understand the evaluation logic
to ensure the hiring process is both predictable and legitimate,
thereby safeguarding their rights to the truth and to seek
redress when treated unfairly. While HR practitioners may
prioritize efficiency and ’person-job fit’ in practice, trans-
parency remains a necessary prerequisite for them to fulfill
their supervisory duties and ensure the system operates within
preset legal parameters [254].

Within specific legal frameworks, anti-discrimination laws
rely on transparency to identify and expose complex ’proxy
discrimination,’ preventing algorithms from using seemingly
neutral data as substitutes for legally protected characteris-
tics [95], [255]. Furthermore, the General Data Protection
Regulation (GDPR) explicitly mandates that personal data
processing must adhere to the principles of ’fairness and
transparency,’ granting candidates the ’right to be informed’
and the ’right to an explanation’ regarding automated decision-
making logic to offset power asymmetries and protect their
statutory rights [256]. Finally, the EU AI Act classifies recruit-
ment AI as a ’high-risk’ system, mandating strict transparency
and explainability standards to ensure traceability, enable
human oversight, and mitigate the risks of systemic social
injustice [257].

From the perspective of candidate trust, transparency in AI
recruitment is paramount, as it directly mitigates applicant
confusion and provides a lucid understanding of the underlying
decision logic. By elucidating the rationale behind automated
screening, transparency demystifies the algorithmic ’black-
box,’ ensuring candidates feel they are being treated with fair-
ness, which in turn bolsters confidence in both the recruitment
system and the employer brand [258].

Particularly in cases where a candidate is not selected,
transparency enables organizations to provide constructive
feedback through ’counterfactual explanations’—such as iden-
tifying specific missing certifications or skills. This effectively
transforms a cold rejection into actionable advice for the
candidate’s professional development. By prioritizing clarity

of communication over mere technical minutiae, this approach
conveys a sense of sincerity and professionalism, establishing
a vital bridge of trust between humans and technology within
automated processes [258].

From a technical and operational standpoint, transparency
is what allows teams to see under the hood and identify the
specific features driving screening outcomes. This visibility
is essential for engineering and talent teams to pinpoint and
resolve data quality issues, feature leakage, or misaligned
metrics, ensuring the algorithm’s signals stay tightly aligned
with business reality [258].

Beyond that, a transparent architecture provides a necessary
audit trail for reproducibility. It allows teams to do more
than just see the results; they can retrace specific decision
paths and benchmark model iterations to diagnose hiring
anomalies. By keeping a close watch on explanation stability
and model calibration, companies can continuously iterate on
their systems—maintaining high predictive performance while
ensuring the entire pipeline operates according to the intended
business logic [258], [259].

2) Effective Pathways: From Black-Box to XAI: XAI refers
to systems designed to provide stakeholders with contextually
relevant insights or justifications, thereby rendering internal
operational mechanisms transparent and intelligible [260].
Traditional algorithmic debiasing is often insufficient on its
own; fundamental bias identification and auditing require the
”transparency” afforded by XAI techniques. While conven-
tional mitigation strategies—such as pre-processing or post-
processing—typically focus on optimizing the statistical met-
rics of final outcomes, XAI facilitates a paradigm shift from
”statistical parity” to ”comprehensive process auditability.” By
dismantling the ”black-box” nature of recruitment tools, XAI
translates intricate evaluation logic into human-interpretable
explanations.

Specifically, XAI allows developers to map correlations
between protected attributes (e.g., gender or ethnicity) and
biased concepts within the algorithmic vector space, enabling
the precise localization of bias at its source. By utilizing
standardized reporting frameworks like Model Cards, XAI
can rigorously document performance variances across pro-
tected groups and flag specific features or data representations
that escalate bias risk. This functionality provides a critical
evidentiary basis for human-AI collaboration. Rather than
reflexively following algorithmic outputs, HR professionals
are empowered to critically evaluate decisions against logical
evidence, effectively rectifying discriminatory biases that arise
from data over-generalization or a lack of socio-contextual
awareness [261], [262].

To operationalize this transparency, several prevailing
frameworks have been adapted for the recruitment pipeline.
SHAP (Shapley Additive Explanations) is frequently em-
ployed to quantify the marginal contribution of features like
academic credentials, allowing auditors to isolate proxy vari-
ables that may obscure latent gender or racial biases [259],
[261], [214]. While LIME (Local Interpretable Model-agnostic
Explanations) provides ”local fidelity” by explaining individ-
ual screening outcomes for specific resumes, Counterfactual
Explanations offer actionable ”what-if” scenarios that satisfy
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legal requirements for candidate recourse under frameworks
like the GDPR [214], [261], [262], [263]. Finally, inherently
transparent ”glass-box” models, such as Decision Trees, re-
main a preferred choice for initial eligibility screening where
procedural fairness and strict adherence to predefined criteria
are paramount [214], [261], [263].

Despite their widespread adoption, post-hoc explanation
methods such as SHAP and LIME exhibit significant technical
limitations when applied to the complex, high-dimensional
feature spaces typical of recruitment data. A primary vulner-
ability lies in their handling of highly correlated features—a
common occurrence in human resources datasets where at-
tributes such as education level, years of experience, and
specialized skills often exhibit strong multicollinearity. In such
environments, perturbation-based methods may sample unre-
alistic feature combinations from outside the data manifold,
generating out-of-distribution artifacts that skew the resulting
feature importance weights [264], [265]. Furthermore, there
remains a fundamental disconnect between local and global
explanations. While LIME may achieve local fidelity by ap-
proximating the decision boundary for a single candidate’s
rejection, aggregating these local approximations often fails
to yield a mathematically consistent global representation of
the model’s overall behavior. This gap can inadvertently mask
systemic, macro-level biases under the guise of individualized,
micro-level justifications [266].

Additionally, these post-hoc techniques suffer from epis-
temic instability, a critical flaw that severely undermines their
reliability in high-stakes hiring scenarios. Because methods
like LIME rely on random perturbations around a given data
point to construct a localized surrogate model, two candi-
dates with nearly identical profiles—or even the exact same
candidate evaluated across different random seeds—can yield
fundamentally divergent explanatory outputs [267], [268].
This local instability not only diminishes stakeholder trust but
also exposes the auditing process to adversarial vulnerabilities;
minor, semantically meaningless modifications to a resume
could theoretically alter the generated explanation without
changing the underlying predictive outcome [266], [269].
Consequently, relying solely on post-hoc proxy models risks
providing a false sense of transparency, suggesting that an
explanation of the model is equivalent to the model itself.

3) Native Explainability in LLMs: From Behavioral Ratio-
nales to Mechanistic Interpretability: The pursuit of explain-
able AI for LLMs has bifurcated into behavioral abstractions
and mechanistic structural realities, driven by the models’ re-
liance on stochastic rather than deterministic reasoning [270],
[271], [272]. Behavioral explainability treats the LLM as
a communicative agent, utilizing techniques like Chain-of-
Thought prompting or explanation-aware training to generate
natural language rationales alongside predictions [273], [272].
While these self-explanations are highly accessible to users,
their utility is fundamentally constrained by the discrepancy
between human alignment and model faithfulness. Prompt-
generated rationales frequently act as post-hoc justifications
rather than true cognitive traces, often failing causal faith-
fulness metrics like the Flip Rate [273]. However, because
these rationales yield significant Normalized Simulatability

Gains (NSG), researchers acknowledge they contain privileged
self-knowledge predictive of future model behavior [274].
Frameworks like NeuroFaith attempt to bridge this gap by
mathematically tethering the semantic concepts in textual self-
explanations to decoded internal hidden states to verify their
causal role [275].

To move beyond the potential unreliability of generated
text, structural feature attribution methods seek to quantify
the precise causal influence of input tokens on the output
logit distribution. Integrated Gradients (IG) serves as a gold-
standard pa,th-attribution method, resolving the shattering gra-
dient problem of standard saliency by calculating the path
integral of gradients from a non-informative baseline [271],
[276]:

IGi(x) = (xi − x′
i)

∫ 1

α=0

∂F (x′ + α(x− x′))

∂xi
dα

This mathematically rigorous approach has proven particu-
larly vital for diagnosing positional biases during In-Context
Learning. Parallel to gradient methods is the intense academic
debate over whether transformer self-attention mechanisms
inherently provide explainability. While the consensus dictates
that raw attention weights do not cleanly map to semantic
feature importance—demonstrated by adversarial shuffling ex-
periments—they undeniably provide a critical structural map
of internal information routing rather than high-level semantic
summaries [277].

To truly reverse-engineer these routing maps, Mechanistic
Interpretability decomposes attention heads into precise func-
tional units, such as Query-Key (QK) circuits for routing and
Output-Value (OV) circuits for data writing [278], [279].This
structural dismantling has revealed specialized mechanisms
like induction heads, which drive in-context learning, along-
side active-dormant and name-mover heads. Furthermore, un-
derstanding the model’s intermediate reasoning requires de-
coding the residual stream using techniques like the Tuned
Lens, or mapping associative factual memories directly within
Multi-Layer Perceptrons via causal tracing frameworks like
Rank-One Model Editing (ROME) [280], [281].

Despite these mapping successes, structural interpretability
faces the profound obstacle of superposition, where mod-
els compress concepts into highly polysemantic, almost-
orthogonal linear combinations of neurons [282], [283]. To
disentangle this, researchers deploy Sparse Autoencoders
(SAEs) to project dense activations into an overcomplete
dictionary of monosemantic, human-interpretable features, ap-
proximated as:

x ∼ x0 +

M∑
i=1

fi(x)di

While SAEs enable unprecedented feature steering and active
model manipulation, they are currently constrained by astro-
nomical computational costs and performance degradation in
noisy downstream tasks, necessitating hybridized multi-scale
approaches for future LLM transparency [282], [284], [281],
[283].
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4) Challenges in Converging XAI with Bias Governance:
The integration of XAI into bias governance frameworks
is hindered by several formidable challenges. First is
the semantic chasm between mathematical abstraction and
human-centric intuition. Current post-hoc explanation tech-
niques—notably SHAP and LIME—frequently generate out-
puts that are overly technical and semantically ambiguous.
For non-expert stakeholders, such as job applicants, these
explanations offer little utility. Critically, oversimplified in-
terpretations risk facilitating ”fairwashing,” where an illusion
of procedural fairness is projected to grant a system ”false
legitimacy” without substantively addressing underlying algo-
rithmic biases [261], [259].

Second, XAI frameworks exhibit significant fragility when
addressing intersectional discrimination or atypical cohorts
(e.g., individuals with disabilities). Because explanation logic
tends to reflect the behavioral norms of majority demograph-
ics, it often fails to capture the nuanced biased distortions
that affect specific intersectional subgroups. Furthermore, the
inherent interpretability-accuracy trade-off remains a funda-
mental barrier; the most performant deep learning architectures
often exhibit the highest levels of epistemic opacity, making
granular transparency technologically elusive [261], [263],
[262].

Finally, there is a distinct mismatch between current XAI
capabilities and the stringent ”meaningful information” re-
quirements (e.g., causal inference) mandated by regulatory
frameworks like the GDPR and the EU AI Act. Current tools
struggle to provide the causal grounding necessary for robust
compliance auditing. In many organizational contexts, expla-
nation results are leveraged to satisfy institutional legitimacy
rather than to substantively empower affected individuals to
challenge or rectify automated decisions [261].

V. FUTURE DIRECTIONS

The convergence of LLMs and autonomous agent architec-
tures is facilitating a shift in recruitment automation, moving
from task-specific point optimizations toward end-to-end sys-
tem integration. While current methodologies have enhanced
efficiency within isolated modules—such as document pars-
ing and preliminary screening—they remain fundamentally
fragmented when applied to highly variable, long-horizon re-
cruitment workflows that require complex sequential decision-
making. Achieving a substantive intelligent transformation re-
quires a research shift beyond isolated algorithmic refinements
toward the construction of comprehensive frameworks incor-
porating environmental perception, long-term trajectory plan-
ning, and seamless tool orchestration. This section explores
the evolutionary trajectories and critical challenges of next-
generation recruitment AI systems across four dimensions:
lifecycle orchestration, proactive interaction, tool-augmented
intelligence, and the shifting boundaries of human-AI teaming.

A. Full-Lifecycle Orchestration

Current recruitment automation remains fragmented, with
document parsing and candidate ranking operating as decou-
pled functional blocks [285]. Transitioning toward autonomous

agents necessitates a structural integration of sourcing, multi-
channel outreach, and scheduling into a continuous process-
ing pipeline. This development requires cross-stage logical
consistency to prevent semantic drift as candidates transition
through disparate system modules [286]. Future research must
prioritize maintaining a persistent evaluation state to ensure
assessment criteria remain traceable and invariant across the
pipeline. By unifying these high-latency asynchronous tasks,
systems move beyond isolated toolsets toward comprehensive,
end-to-end autonomous workflows.

B. Proactive Agentic Recruiting
Current recruitment architectures often rely on static scoring

models that process batch inputs in isolation, which may
contribute to delayed interaction loops. A shift toward agent-
based frameworks could involve integrating planning and
action modules capable of initiating outreach via Voice-over-
IP (VoIP) or Interactive Voice Response (IVR) protocols [287],
[288]. These autonomous agents might evaluate interaction
feedback to dynamically recalibrate recruitment strategies,
potentially replacing rigid decision trees with more adaptive,
goal-oriented planning. Technical maturation in this direction
is poised to involve a transition from primarily text-based
parsing toward multimodal interfaces that support concurrent
audio and video streams [289].

C. Tool-Augmented Intelligence
Future recruitment systems shift from closed-loop infer-

ence to tool-augmented architectures capable of orchestrating
complex environment interactions. By leveraging function-
calling interfaces, autonomous agents interface with ATS and
third-party verification platforms to automate administrative
tasks [290]. Reliability in these distributed workflows hinges
on enforcing transactional atomicity across disparate APIs,
ensuring that state changes—such as updating a candidate’s
status while modifying a synchronized calendar—either com-
mit fully or fail safely [291], [292], [293]. Securing these
tool invocations requires robust validation layers to prevent
adversarial prompt injection from compromising sensitive or-
ganizational data. Maintaining system integrity across high-
cardinality action spaces remains a primary research challenge
for production deployments [294].

D. Evolving Boundaries of Human-AI Teaming
Traditional human-AI collaboration models typically em-

ploy a linear handoff where automated systems execute ini-
tial filtering prior to human intervention. Future frameworks
propose moving beyond these discrete stages to explore con-
current interaction between autonomous agents and domain
experts as a primary research area [295], [296], [297]. Rather
than merely filtering resumes, the extent to which AI can
manage the deterministic elements of high-volume sourcing
while human recruiters are reserved for ”high-entropy” sce-
narios—situations where success depends on interpreting non-
verbal social cues, navigating the emotional nuances of high-
stakes salary negotiations, and applying subjective judgment
to non-traditional career paths—remains an open research
question [298].



18

VI. CONCLUSION

This survey has systematically charted the convergence of
artificial intelligence and recruitment, tracing the technological
evolution from heuristic, rule-based screening to a contempo-
rary computational framework shaped by a broad spectrum
of AI-driven methodologies. Our analysis indicates that the
field has progressed beyond lexical keyword matching to-
ward high-dimensional semantic embeddings and multi-stage
ranking architectures that have been empirically shown to
improve scalability and matching precision. A defining trend
established through this synthesis is the early-stage transition
toward an emerging paradigm, particularly the shift from
discriminative to generative architectures; here, the hypothesis
that automated systems can reliably optimize data-intensive
sourcing and preliminary screening, thereby allocating human
recruiters to focus on complex evaluative tasks(a concept
frequently marketed as human-AI partnership), represents a
critical open research question. By establishing a taxonomy
of these AI interventions across the recruitment lifecycle,
this paper clarifies how the integration of generative models
and deep learning is iteratively modifying the computational
pipeline of talent acquisition.

While this review provides a comprehensive synthesis of
the intersection between artificial intelligence and talent ac-
quisition, it is imperative to acknowledge the inherent lim-
itations of our survey methodology. First, the boundaries
of our literature coverage, strategically constrained to high-
impact venues and peer-reviewed publications, may inadver-
tently omit parallel advancements in niche sociological or
specialized human-computer interaction domains. Second, and
more critically, evaluating commercial AI-driven recruitment
platforms introduces fundamental challenges regarding scien-
tific reproducibility. The proprietary, closed-source nature of
these industry systems—coupled with closely guarded model
weights, private training corpora, and undisclosed architectural
pipelines—precludes rigorous independent verification of their
stated algorithmic efficacy and fairness metrics. Consequently,
our analysis of these commercial platforms necessarily re-
lies on externally observable behavioral proxies and vendor-
provided technical documentation rather than direct mechanis-
tic auditing.

Despite these methodological developments, the field faces
persistent limitations, particularly regarding the ”black-box”
nature of deep learning models and the documented risk
of algorithmic bias inherited from historical hiring data. To
address these gaps, future research should prioritize the de-
velopment of domain-specific XAI frameworks that provide
transparent, legally defensible justifications for candidate rank-
ings. Additionally, there is a demonstrable utility in develop-
ing multimodal integration, synthesizing text-based resumes
with video interview analytics and psychometric signals—is
necessary to construct more robust latent representations of
candidate profiles. Finally, shifting the focus from short-term
efficiency metrics to longitudinal career-success modeling will
be essential for aligning AI recruitment tools with predictive
validity and formalized ethical fairness constraints.
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