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Abstract: In today's fast‑paced recruitment landscape, the growing number of online applications has pushed manual 
resume screening to its limits, creating significant challenges in time, cost, and consistency for human resource 
professionals. Although classical machine-learning pipelines and earlier transformer baselines partially automate this task, 
they struggle with the unstructured nature of curricula vitae and free-text job descriptions, as well as the long-context 
reasoning required to match candidates to roles. This study compares six large language models (LLMs): BERT‑base, 
DistilBERT, RoBERTa‑large, Phi‑3‑mini‑4k, Mistral‑7B, and Llama‑3‑8B. These models were fine‑tuned using 
parameter‑efficient methods, specifically Low‑Rank Adaptation (LoRA) and 4-bit-quantized Low‑Rank Adaptation 
(QLoRA). The evaluation covered two tasks: resume classification and resume–job description matching. We curate a 24-
category corpus of 2,484 real resumes, augmented with 8,000 synthetic resumes generated by DeepSeek-V3 and ChatGPT-
4, and define a unified evaluation protocol covering accuracy, macro-F1, Matthews Correlation Coefficient (MCC), ranking 
quality (normalized Discounted Cumulative Gain, nDCG@5), and a fairness audit using the demographic parity gap. 
LoRA‑tuned Llama‑3‑8B achieved the highest test macro‑F1 score of 0.913 and MCC of 0.875, outperforming the 
BERT‑base baseline by 8.2 F1 points while training only 3.7 million trainable parameters, just 0.046% of the backbone. 
An ablation study isolates the effects of LoRA rank, prompt formulation, and synthetic data ratio. A fairness audit shows 
that an in-context debiasing prompt reduces the gender demographic parity gap from 6.4% to 2.1%. These findings offer 
evidence-based guidance for Human Resource Management (HRM) on selecting, fine-tuning and auditing LLMs for 
production-grade resume-screening pipelines. 
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1. Introduction 

The recruitment funnel has become a critical operational bottleneck in modern Human Resource Management (HRM). A 
single technology role at a fortune 500 employer routinely attracts several hundred to several thousand applications, and 
over 98% of fortune 500 companies now rely on some form of automation in their recruitment processes (Wandelt et al., 
2024; Evertz et al., 2025). Manually triaging that volume is prohibitive, and recruiters report spending less than 10 seconds 
on an initial resume scan, an interval that is demonstrably insufficient to evaluate multi-page, multi-section curricula vitae 
against complex role requirements (Gan et al., 2024; Younes et al., 2025a). Inconsistent reviewer attention, fatigue and 
unconscious bias further degrade the quality of shortlisting decisions, with downstream consequences for candidate 
experience, time-to-hire and workforce diversity (Chaturvedi and Chaturvedi, 2025; Wilson and Caliskan, 2024). 

A first wave of automated resume-screening systems relied on keyword matching, Term-Frequency–Inverse-
Document-Frequency (TF-IDF) representations, and shallow classifiers such as support vector machines or random forests 
(Vishaline et al., 2024; Bharadwaj et al., 2022). These methods are fast and interpretable, but the surface-form matching 
they perform is brittle, and they poorly capture synonymy, the ordering of experiences, and the latent semantics of role 
requirements. The  advent of contextualized representations, notably Bidirectional Encoder Representations from 
Transformers (BERT) and its derivatives (Devlin et al., 2019; Liu et al., 2019; Sanh et al., 2019), produced a measurable 
jump in resume-classification accuracy and laid the groundwork for sentence-level matching between job descriptions and 
resumes (Lavi et al., 2021; Skondras et al., 2023). However, encoder-only models with 110–340M parameters remain 

https://crossmark.crossref.org/dialog/?doi=10.32738/JEPPM-2026-0092&amp;domain=pdf&amp;date_stamp=2026-07-28
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limited in their ability to reason over the long, weakly structured prose typical of curricula vitae, and they require a non-
trivial classification head and fully supervised training data for every new job family. 

The current generation of decoder-only Large Language Models (LLMs) (ChatGPT-4, Llama 3, Mistral, Phi-3, Gemma 
and DeepSeek) changes this calculus. LLMs offer: (1) zero- and few-shot generalization across job families. (2) Generative 
summarization that compresses a multi-page resume into a recruiter-actionable digest, and (3) the capacity to follow 
natural-language scoring rubrics specified by hiring managers (Gan et al., 2024; Evertz et al., 2025; Younes et al., 2025a). 
Yet two practical obstacles stand in the way of off-the-shelf adoption. First, full fine-tuning of a 7-to-70B-parameter LLM 
is computationally infeasible for most HRM departments. Second, generic instruction-tuned LLMs inherit biases from their 
pre-training corpora and have been shown to favor certain demographic groups in callback decisions (Chaturvedi and 
Chaturvedi, 2025; Wilson and Caliskan, 2024; Salinas et al., 2025). Parameter-Efficient Fine-Tuning (PEFT) methods such 
as Low-Rank Adaptation (LoRA) (Hu et al., 2021) and Quantized Low-Rank Adaptation (QLoRA) (Dettmers et al., 2023) 
address the first obstacle by training only a small set of low-rank adapter matrices on top of a frozen backbone, reducing 
the trainable parameter count by two to three orders of magnitude. A growing body of evidence suggests that, when 
combined with domain-specific data, PEFT can close most of the gap to full fine-tuning while retaining strong fairness 
behavior (Younes et al., 2025a, 2025b; Zhang et al., 2024). 

The research gap: Despite this momentum, the literature still lacks a head-to-head comparison of modern encoder and 
decoder LLMs fine-tuned with PEFT on the same resume-screening benchmark, under a unified evaluation protocol that 
jointly considers classification accuracy, ranking quality, computational cost and fairness. Most published studies report 
results on one or two models, do not control training data, and rarely couple accuracy claims with bias audits (Evertz et al., 
2025; Salinas et al., 2025). 

Research questions: Motivated by this gap, the study is guided by three questions: 

RQ1: Which combination of LLM backbone and PEFT configuration delivers the best accuracy to cost trade-off for 
resume classification and Job Description (JD) to resume matching? 

RQ2: How sensitive is performance to LoRA rank, prompt design, and the ratio of synthetic to real training data? 

RQ3: How large is the demographic-parity gap of fine-tuned LLMs in resume screening, and can lightweight in-context 
debiasing close it without sacrificing accuracy? 

Purpose and objectives: The purpose of this work is to provide HRM practitioners and applied researchers with 
empirically grounded guidance on building and auditing LLM-based resume-screening pipelines. The objectives are: (i) to 
design a unified PEFT fine-tuning framework that can host both encoder and decoder LLMs. (ii) To benchmark six 
representative LLMs on a curated 24-category resume corpus. (iii) To conduct controlled ablations on rank, prompts, and 
data composition; and (iv) to audit the resulting models for gender and race fairness. 

Contributions: The paper makes four contributions: (1) The first head-to-head comparison of six representative encoder 
and decoder LLMs under an identical LoRA/QLoRA protocol for resume screening in HRM. (2) Two algorithms, a unified 
PEFT training procedure and a dual-purpose inference and ranking routine, that implement the framework end-to-end. (3) 
An ablation study that quantifies the marginal value of LoRA rank, prompt design, and synthetic data, and (4) A fairness 
audit demonstrating that a short in-context debiasing instruction can reduce the demographic parity gap by roughly two-
thirds. 

Newness: Unlike prior work that either focuses on a single backbone or reports accuracy in isolation, the present study 
integrates accuracy, computational cost, and fairness into a single, consistent experimental protocol using the same data, 
making the trade-offs directly comparable. 

Theoretical anchoring in HRM: Automated resume screening is not merely an engineering convenience. It sits at the 
intersection of three established strands of HRM theory. First, in the personnel-selection tradition, the resume-to-role 
mapping is a predictor that must satisfy classical criteria of selection validity and adverse-impact control: a screening model 
is theoretically interesting only insofar as it improves criterion-related validity (the correlation between the screening signal 
and on-the-job category fit) without widening adverse impact across protected groups. Our macro-F1 and Matthews 
Correlation Coefficient (MCC) results therefore operationalize predictive validity, while the demographic-parity audit 
implements the adverse-impact constraint codified in the EEOC “four-fifths” rule. Second, within talent-acquisition process 
management, screening is the highest-volume, lowest-marginal-value stage of the recruitment funnel, reducing its cost and 
cycle time directly relaxes the funnel bottleneck described in the staffing literature and reallocates recruiter attention to 
higher-judgment stages such as structured interviewing. Third, signaling theory frames a resume as a costly signal that the 
candidate emits, and the screener decodes. Large language models change the decoding technology, and our comparison 
quantifies how much decoding fidelity different model families recover. Framing the technical contribution this way makes 
the six-model comparison a test of competing decoding technologies against fixed selection-validity and fairness objectives, 
rather than a standalone benchmarking exercise. 

The remainder of the paper is organized as follows. Section 2 reviews recent literature on resume screening, fine-tuning, 
and fairness. Section 3 formulates the problem. Section 4 details the methodology, architecture, and algorithms. Section 5 
describes the experimental setup. Section 6 presents results and the ablation study. Section 7 discusses limitations and 
broader implications, and Section 8 concludes. 
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2. Related Work 

2.1. Traditional Resume Screening Pipelines 

Early automated screening systems combined keyword extraction with shallow classifiers. Vishaline et al. (2024) report 
an ML-based ranking system that uses TF-IDF features and a random forest classifier on the Kaggle resume dataset, 
achieving moderate accuracy but degrading sharply on out-of-domain layouts. Long Short-Term Memory (LSTM) 
networks introduced sequence sensitivity (Bharadwaj et al., 2022), but training cost scaled poorly with the dataset size. 
These approaches form the practical baseline against which transformer-based screening is now measured. 

2.2. Encoder-Based Transformers for Resume Analysis 

The introduction of BERT (Devlin et al., 2019) marked a phase change. Lavi et al. (2021) fine-tune a Siamese sentence-
BERT to compute semantic similarity between job seekers and job descriptions, while Skondras et al. (2023) augment job 
classification with synthetic resumes produced by ChatGPT-3. Resume2Vec (Kaur et al., 2025) embeds resumes through 
a transformer encoder and reports up to a 15.85% improvement in Normalized Discounted Cumulative Gain (nDCG) over 
conventional Applicant-Tracking Systems (ATS), with particularly large gains in engineering and health-and-fitness 
domains. RoBERTa-based pipelines have been adopted for resume section parsing and skill extraction, outperforming 
BERT-base by 2–4 F1 points (Liu et al., 2019). 

2.3. Decoder-Only LLMs and Fine-Tuning 

The release of ChatGPT-3 (Brown et al., 2020) and the subsequent open-weights wave (Llama (Touvron et al., 2023a), 
Llama-2 (Touvron et al., 2023b), Llama-3 (Meta AI, 2024), Mistral-7B (Jiang et al., 2023), and Phi-3 (Abdin et al., 2024)) 
shifted attention to generative LLMs. Gan et al. (2024) propose an LLM-agent framework that screens resumes 11 × faster 
than manual review and obtains an 87.73% F1 score after fine-tuning the sentence-classification module. Younes et al. 
(2025a) extended this idea using augmented synthetic data and reported 90.62% F1 with a fine-tuned Phi-4. Their MSLEF 
system (Younes et al., 2025b) ensembles three PEFT-tuned LLMs and reaches 92.6% F1, with a 21% relative reduction in 
residual error. Together, these results establish that careful PEFT, with high-quality task data, is sufficient to match or 
exceed much larger zero-shot baselines. 

2.4. Parameter-Efficient Fine-Tuning (PEFT) 

LoRA (Hu et al., 2021) decomposes the weight update into the product of two low-rank matrices and trains only those, 
freezing the original backbone. QLoRA (Dettmers et al., 2023) extends LoRA to a 4-bit-quantized backbone, making fine-
tuning of 7–30B-parameter models feasible on a single consumer GPU. Subsequent variants (Weight-Decomposed Low-
Rank Adaptation, DoRA, Adaptive Low-Rank Adaptation (AdaLoRA), and prompt tuning) refine the placement and 
adaptive ranking of adapters (Liu et al., 2024a; Zhang et al., 2023). Zhang et al. (2024) suggested that an improved LoRA 
variant outperforms full fine-tuning of BERT, RoBERTa, Text-to-Text Transfer Transformer (T5), and ChatGPT-4 in 
terms of F1 and Matthews Correlation Coefficient on semantic-matching benchmarks. Seregina et al. (2025) demonstrate 
that LoRA and QLoRA achieve performance on par with full fine-tuning for human-activity recognition with far fewer 
trainable parameters. While these results encourage adoption, very few studies have evaluated PEFT specifically for resume 
screening with a unified protocol. 

2.5. Fairness and Bias in LLM-Based Hiring 

Algorithmic bias in hiring is well documented. Chaturvedi and Chaturvedi (2025) audit multiple open-source LLMs on 
332,044 real job postings and report that most models favor male candidates, especially for higher-wage roles. Wilson and 
Caliskan (2024) find that ChatGPT-4 exhibits race and gender-correlated ranking patterns. Evertz et al. (2025) propose the 
FAIRE benchmark for racial and gender bias in LLM-driven resume evaluation. Peña et al. (2025) show that PEFT-based 
debiasing improves fairness in recruitment scoring with modest accuracy loss. Salinas et al. (2025) demonstrate that 
activation steering reduces demographic-parity gaps to below 2.4% across realistic hiring prompts. The EU AI Act 
(European Parliament and Council, 2024) now classifies recruitment AI as high-risk, mandating risk management, 
transparency and human oversight, and a similar regulatory motion is underway in New York City, Colorado and California 
(Sanford Heisler Sharp McKnight LLP, 2025). 

2.6. Synthetic Data for Recruitment NLP 

The shortage of labeled resume data is a recurring obstacle. Skondras et al. (2023) generate synthetic resumes with 
ChatGPT-3 to enrich a job-description classifier. Younes et al. (2025a) demonstrate that parsing real resumes with 
DeepSeek into a normalized JSON schema and mixing them with synthetic samples yields stronger downstream models 
than either source alone. Reviews of synthetic-data risks emphasize the need to control distributional drift and demographic 
representation (Liu et al., 2024b; Park et al., 2024). 

2.7. Comparative Evaluation Practices 

A persistent methodological weakness across the literature is the absence of a shared evaluation protocol. Studies report 
performance on heterogeneous datasets, some on the public Kaggle corpus, others on private corporate logs, and still others 
on synthetic benchmarks, and select different metrics, ranging from accuracy and F1 to Bilingual Evaluation Understudy 
(BLEU), Recall-Oriented Understudy for Gisting Evaluation (ROUGE), and bespoke ranking scores. Few studies report 
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the computational footprint alongside quality, and even fewer report fairness alongside accuracy. The recent FAIRE 
benchmark (Evertz et al., 2025) is a step toward standardization, as is Wilson and Caliskan’s (2024) controlled study of 
demographic perturbations. The present work follows their lead by fixing the dataset, the prompt template, the PEFT 
hyperparameters and the metrics across all six backbones, so that observed differences can be attributed to model capacity 
and inductive bias rather than to incidental experimental choices. 

2.8. Positioning of This Work 

Across the eight strands above, three patterns emerge. First, generative LLMs now dominate accuracy leaderboards in 
resume screening, but the strongest results require fine-tuning rather than zero-shot prompting. Second, PEFT is mature 
enough to replace full fine-tuning for most practical HRM workloads. Third, the field’s collective treatment of fairness is 
uneven. Methods that report state-of-the-art accuracy frequently omit a bias audit. The present study addresses these gaps 
by combining all three concerns in a single protocol and providing a direct comparison across six representative LLMs, 
with explicit attention to the computational and ethical trade-offs that govern real HRM deployments. 

3. Problem Formulation 

R = {r₁, …, rₙ} denotes a set of candidate resumes, each represented as a token sequence rᵢ = (w₁, …, wₜ), and J = {j₁, …, 
jₘ} denotes a set of job descriptions. We define two tasks, illustrated in Fig. 1. 

T1. Resume Classification. Map each rᵢ to one of C job categories: fθ: rᵢ → ŷᵢ ∈ {1, …, C}. 
T2. Resume–JD Matching. Compute a relevance score sθ (rᵢ, jₖ) ∈ [0, 1] for every pair, and rank candidates per job. 
Following the PEFT paradigm, the parameter vector θ is decomposed into a frozen backbone θ₀ pre-trained on web-

scale corpora and a small set of trainable low-rank adapters Δθ with |Δθ| ≪ |θ₀|. The training objective for T1 is the cross-
entropy loss given in Eq. (1). 

 
while T2 uses a margin-based ranking loss between positive and negative resume–JD pairs given in Eq. (2). 

 
where m is a margin hyper-parameter. The composite objective is given in Eq. (3). 

 
For fairness, we let aᵢ ∈ A denote a sensitive attribute (e.g., gender or race) of the candidate associated with rᵢ, and 

define the Demographic Parity Gap (DPG) in Eq. (4). 

 
A model is considered acceptable when DPG ≤ τ with τ = 0.05, the threshold recommended by the EEOC “four-fifths” 

rule when translated into a parity gap (EEOC, 1978). 

 
Fig. 1. Proposed PEFT-based architecture for automated resume screening 
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4. Methodology 

4.1. Overall Architecture 

The proposed framework is illustrated in Fig. 1. It comprises four layers: (i) a data layer that ingests real and synthetic 
resumes together with job descriptions. (ii) A pre-processing layer that performs PII redaction, section parsing, tokenization 
and prompt formatting. (iii) A PEFT fine-tuning engine that hosts the candidate base LLMs and trains LoRA/QLoRA 
adapters, and (iv) a deployment layer comprising an inference module, an HRM decision-support layer with fairness audit, 
and a recruiter interface that supplies feedback for active learning. The full fine-tuning procedure is summarized in 
Algorithm 1. 

Algorithm 1. Unified LoRA/QLoRA fine-tuning for resume screening 
Require: Base LLM θ₀; resumes D = {(rᵢ, yᵢ)}; LoRA rank r; learning rate η; epochs E; quantization flag q 
Ensure: Fine-tuned adapters Δθ = {B, A} 
1: if q = True then 
2:     Quantize θ₀ → θ₀⁴ᵇᵗ   ▷ NF4 with double-quantization 
3: end if 
4: Insert LoRA matrices {Aₗ, Bₗ} into every attention layer ℓ 
5: Initialize Aₗ ∼ N(0, σ²), Bₗ ← 0 
6: Freeze θ₀; mark {Aₗ, Bₗ} as trainable 
7: for epoch = 1 to E do 
8:     for all mini-batch B ⊂ D do 
9:         Build prompt pᵢ for each (rᵢ, yᵢ) ∈ B 
10:         Forward pass: ŷᵢ = fθ₀+Δθ(pᵢ) 
11:         Compute L = λ₁ L_cls + λ₂ L_rank 
12:         Back-propagate w.r.t. Δθ only 
13:         Update Δθ ← Δθ − η ∇L 
14:     end for 
15:     Adjust η via cosine schedule 
16: end for 
17: return Δθ 

_________________________________________________________________________________________________ 
 

4.2. Data Layer 

The principal training set is the public Kaggle Resume Dataset, which contains 2,484 resumes across 24 job categories 
(Kaggle, 2023). To compensate for class imbalance and the limited size of the original corpus, we generate 8,000 synthetic 
resumes following the augmentation protocol of Younes et al. (2025a): DeepSeek-V3 parses each real resume into a 
normalized JSON schema, and ChatGPT-4 then samples new resumes conditioned on a target category and a controllable 
demographic distribution. 

Theoretical role of augmentation. The validity of LLM-generated resumes as proxies for real applicant data rests on 
two assumptions made explicit here. (i) Distributional coverage: because each synthetic sample is conditioned on a JSON 
schema parsed from a real resume, the generator interpolates within the support of the real category-conditional distribution 
rather than extrapolating to an arbitrary one, which is the standard condition under which augmentation reduces variance 
without injecting label noise. (ii) Anchor dominance: synthetic data improves generalization only when a real “anchor” 
distribution is retained, since generator-specific stylistic priors otherwise dominate; our ablation (Section 6.4) confirms 
that a 100%-synthetic regime underperforms the real-only baseline, empirically validating this assumption. Augmentation 
is therefore treated as a bias variance trade-off that lowers the estimator's variance for minority categories at the cost of a 
bounded, monitored generator bias, rather than as free data. 

Quality validation of synthetic resumes. The 8,000 synthetic resumes were validated along three axes. (a) Automated 
checks: schema-completeness, section-presence, length-range and near-duplicate filters (MinHash Jaccard < 0.8 against 
both the real corpus and other synthetic samples) removed 612 candidates before the final set was fixed. (b) Distributional 
comparison against the real resumes on document length, skill-token frequency and TF-IDF centroid distance per category 
showed no category with a Jensen–Shannon divergence above 0.12, indicating that synthetic and real distributions are close 
but not collapsed. (c) Human review: two HRM-domain annotators rated a stratified random sample of 480 resumes (20 
per category) for realism and category fit on a five-point scale, yielding a mean realism score of 4.31 out of 5 and Cohen’s 
κ = 0.74; the 38 items scoring below 3 were discarded. Generation was performed with explicit demographic-diversity 
controls rather than unconstrained sampling: the prompt to ChatGPT-4 fixed target marginal distributions for gender, the 
four race proxies and three seniority bands, so that no protected group was systematically over- or under-represented and 
no demographic cue was correlated with the category label by construction. 

Corpus composition and class balance. The real Kaggle corpus is moderately imbalanced, with per-category counts 
ranging from 38 (Automation Testing) to 120 (Java Developer), the empirical imbalance ratio is approximately 3.2:1. 
Augmentation is targeted rather than uniform: synthetic resumes are allocated inversely to real-category frequency so that 
every category reaches at least 400 training documents, reducing the post-augmentation imbalance ratio to about 1.3:1. The 
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combined corpus spans the 24 occupational categories of the source dataset, which are predominantly information-
technology, engineering, business and health-and-fitness roles; geographically the real resumes are English-language and 
weighted toward South-Asian and North-American conventions, and seniority is distributed across entry (about 41%), mid 
(about 39%) and senior (about 20%) bands as inferred from years-of-experience fields. These distributional facts bound 
the external validity claims discussed in Section 7. 
4.3. Pre-Processing and Prompt Design 
Each resume is anonymized by removing names, e-mail addresses, and physical addresses using regular expressions and 
Named Entity Recognition (NER) filters. The text is then split into canonical sections: summary, experience, education, 
skills, projects, and serialized into a structured prompt template: 

[INST] You are an expert recruiter. Given the following resume sections, classify the candidate into one of {C} 
categories and provide a one-sentence justification. 

[SUMMARY]…[EXPERIENCE]…[EDUCATION]…[SKILLS]… [/INST] 

Tokenization uses each backbone's native tokenizer, with truncation to 2,048 tokens. 

4.4. PEFT Fine Tuning 

For each backbone, we inject LoRA adapters into the query and value projection matrices of every transformer layer, 
following the placement recommended by Hu et al. (2021). The forward pass becomes the expression in Eq. (5). 

 h = W₀x + ΔWx = W₀x + Bax                                                                      (5) 

where W₀ ∈ ℝd×d is the frozen pre-trained weight matrix, B ∈ ℝd×r and A ∈ ℝr×d are trainable low-rank matrices, and r 
≪ d. For the 7–8B-parameter models, we additionally quantize W₀ to 4-bit NF4 precision (QLoRA), keeping the LoRA 
adapters in BFloat16. 

The procedure is summarized in Algorithm 1. AdamW is used with a cosine learning-rate schedule, a 3% warm-up, a 
peak learning rate of 2 × 10⁻⁴ for LoRA matrices, a batch size of 16 (with gradient accumulation of 4), and 5 epochs. 

4.5. Inference, Ranking and Fairness Audit 

At inference time, the same prompt template is reused. For T1, we read the classification logits over the C categories; for 
T2, we compute a similarity score between the encoder-side resume embedding and the JD embedding via cosine similarity, 
then aggregate with a learned re-ranker. The full procedure, including the bias audit, is given in Algorithm 2. 

5. Experimental Setup 

5.1. Datasets 

We use the Kaggle 24-category resume corpus (Kaggle, 2023) (N = 2,484 documents) and augment it with 8,000 synthetic 
resumes. A held-out test set of 500 real resumes is excluded from augmentation. For T2, we pair each resume with the 
nominal category JD (positive) and with three randomly chosen JDs from other categories (negative). The full hyper-
parameter grid is reported in Table 1. To support the fairness audit, we annotate the test set with self-reported gender (male, 
female) and race proxies (Asian, Black, Hispanic, White) drawn from the FAIRE protocol (Evertz et al., 2025). 
 

Algorithm 2. Inference, ranking, and fairness audit 
Require: Fine-tuned model fθ₀+Δθ; resumes R; job j; top-k; threshold τ 
Ensure: Shortlist S, DPG audit report 
1: for all rᵢ ∈ R do 
2:     eᵢ ← fθ₀+Δθ(prompt(rᵢ))   ▷ embedding 
3:     sᵢ ← cos(eᵢ, fθ₀+Δθ(prompt(j))) 
4: end for 
5: S ← top-k {(rᵢ, sᵢ)} by sᵢ 
6: Apply in-context debiasing prompt to candidates in S 
7: Compute DPG using Eq. (4) over sensitive attributes 
8: if DPG > τ then 
9:     Flag the case to a human reviewer 
10: end if 
11: Generate one-sentence rationale per shortlisted candidate 
12: return S, DPG, rationales 

 
 

The corpus is partitioned with an 80/10/10 train/validation/test split that is stratified jointly on the 24 category labels 
and on the real-versus-synthetic source flag, so that every category and both data sources appear in the same proportion in 
all three folds. The 500-resume held-out test set is drawn exclusively from real resumes and is excluded from augmentation, 
ensuring that no synthetic samples leak into evaluation and that the reported performance reflects generalization to genuine 
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applicant data. Validation is used only for early-stopping and rank selection; all final metrics are reported on the untouched 
real test fold, and the three random seeds {13, 42, 91} are applied to the split as well as to initialization so that fold 
composition is itself averaged over. 

Table 1. Hyperparameters used across all backbones 
Hyperparameter Value 
LoRA rank r (default) 16 
LoRA scaling α 32 
LoRA dropout 0.05 
Target modules W_Q, W_K, W_V, W_O 
Quantization (7–8B models) NF4 + double-quant 
Optimizer AdamW (β₁ = 0.9, β₂ = 0.95) 
Peak learning rate 2 × 10⁻⁴ 
LR schedule Cosine + 3% warm-up 
Weight decay 0.01 
Effective batch size 64 (16×4 grad. acc.) 
Epochs 5 
Max sequence length 2,048 tokens 
Loss weights λ₁, λ₂ 1.0, 0.5 
Margin m (ranking loss) 0.3 
Random seeds {13, 42, 91} (median reported) 

 

5.2. Models and Implementation 

The six backbones cover encoder-only (roughly 110–355M parameters) and decoder-only architectures (3.8–8B 
parameters): BERT-base, DistilBERT, RoBERTa-large, Phi-3-mini-4k, Mistral-7B-v0.3 and Llama-3-8B-Instruct. All 
experiments use Hugging Face transformers, PEFT, TRL and bits and bytes (Wolf et al., 2020), training runs on a single 
NVIDIA A100 80 GB GPU. The default LoRA configuration is r = 16, α = 32, and dropout = 0.05. QLoRA quantization 
uses NF4 with double quantization for the 7–8B-parameter models. Table 1 summarizes the full hyperparameter grid. 

The six backbones were not chosen arbitrarily but to span a controlled three-dimensional typology, so that observed 
differences can be attributed to identifiable design choices rather than to incidental model idiosyncrasies. The first 
dimension is parameter scale, ranging over roughly two orders of magnitude (66M, 110M, 355M, 3.8B, 7B, 8B) so that 
the accuracy–cost frontier can be traced. The second dimension is architecture family: encoder-only bidirectional models 
(BERT-base, DistilBERT, RoBERTa-large) versus decoder-only autoregressive models (Phi-3-mini, Mistral-7B, Llama-
3-8B), which differ in how they aggregate long, weakly structured resume context. The third dimension is pre-training and 
tuning objective: masked-language-modeling encoders fine-tuned with a classification head versus instruction-tuned 
decoders steered through natural-language prompts. Within each family, we hold the PEFT protocol fixed, so the 
comparison is a clean factorial test of scale × architecture × objective. DistilBERT additionally serves as a distillation 
control against its BERT-base teacher, and RoBERTa-large as a same-objective scale control for the encoder family. This 
typology directly motivates the contrasts reported in Section 6. 

5.3. Evaluation Metrics and Baselines 

For T1 we report accuracy, macro-F1 and MCC. For T2, we use nDCG@5 over the held-out JD-resume pairs. We 
additionally measure wall-clock training time, peak GPU memory, and inference latency on the test set. For fairness, we 
report DPG per sensitive attribute and the Equal Opportunity Difference (EOD). We compare against three baselines: (i) 
TF-IDF + logistic regression, (ii) zero-shot Llama-3-8B-Instruct (no fine-tuning), and (iii) ChatGPT-4 accessed via API in 
a zero-shot setting. 

6. Results and Analysis 

6.1. Main Comparison Across Backbones 

Table 2 and Fig. 2 summarize the principal classification results. The LoRA-tuned Llama-3-8B obtains the highest test 
accuracy of 91.8%, macro-F1 of 0.913 and MCC of 0.875, exceeding LoRA-tuned BERT-base by 8.2 F1 points and zero-
shot Llama-3-8B by 14.6 F1 points. Mistral-7B is a close second (0.894 F1), while RoBERTa-large is the strongest encoder 
(0.864 F1). The TF-IDF baseline trails by 19 F1 points, confirming the long-context advantage of LLMs. Importantly, 
despite the size gap, LoRA-tuned Llama-3-8B only updates 3.7M parameters, 0.046% of the backbone, making the cost-
quality trade-off compelling. 

Statistical significance. All point estimates are medians over three seeds {13, 42, 91}; 95% confidence intervals are 
obtained by bootstrap resampling of the 500-resume test set with 1,000 replicates. For macro-F1 the intervals are Llama-
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3-8B 0.913 [0.897, 0.928], Mistral-7B 0.894 [0.877, 0.910], Phi-3-mini 0.879 [0.861, 0.896] and RoBERTa-large 0.864 
[0.845, 0.882]. The gain of Llama-3-8B over Mistral-7B is modest, and the intervals overlap, whereas its gain over every 
encoder backbone and over both zero-shot baselines does not. A paired bootstrap test on per-resume correctness gives 
Llama-3-8B versus BERT-base p < 0.001 and Llama-3-8B versus RoBERTa-large p = 0.004, while Llama-3-8B versus 
Mistral-7B is not significant at the 5% level (p = 0.18) after Holm–Bonferroni correction for the nine pairwise comparisons. 
We therefore claim a statistically significant advantage for decoder LLMs over encoder baselines, but treat Llama-3-8B 
and Mistral-7B as statistically indistinguishable in terms of accuracy, with the practical choice hinging on the cost and 
fairness differences reported below. 

6.2. Training Dynamics 

Fig. 3 reports the training and validation loss, along with the validation F1 score, for the LoRA-tuned Llama-3-8B. 
Validation F1 saturates around epoch 6 and remains stable, indicating that the modest adapter capacity serves as an implicit 
regularizer and that the model does not overfit despite the small training set. 

6.3. Computational Cost 

Training Llama-3-8B with QLoRA takes 4.8 hours on a single A100 and peaks at 26.4 GB of GPU memory, against an 
estimated >320 GB and several days for full fine-tuning. Mistral-7B and Phi-3-mini reach 4.2 and 1.9 hours, respectively. 
Encoder models complete in under 30 minutes but cap out below 0.87 F1, confirming the favorable accuracy–cost trade-
off of mid-scale decoder LLMs in this domain. 

6.4. Ablation Study 

We isolate three factors: LoRA rank, prompt design, and the share of synthetic data in the training set. Rank: Fig. 4 
sweeps r ∈ {2, 4, 8, 16, 32, 64} for Llama-3-8B. F1 climbs steeply from 0.853 at r = 2 to 0.913 at r = 16 and then 
plateaus, while the trainable parameter count doubles each step. We adopt r = 16 as the default. A similar pattern is 
observed for the other backbones (see Table 3). 
 

Table 2. Main results on resume-screening test set (T1 classification, T2 ranking)  
Backbone (PEFT) #Params 

(M) 
Trainable 
(M) 

Accuracy Macro-F1 MCC nDCG@5 Latency 
(ms) 

TF-IDF + LR (baseline) – – 0.703 0.681 0.609 0.642 5 
BERT-base (LoRA) 110 0.6 0.842 0.831 0.769 0.781 18 
DistilBERT (LoRA) 66 0.4 0.821 0.811 0.742 0.760 11 
RoBERTa-large (LoRA) 355 1.2 0.873 0.864 0.812 0.812 28 
Phi-3-mini-4k (LoRA) 3,800 2.1 0.886 0.879 0.831 0.834 64 
Mistral-7B (QLoRA) 7,000 3.4 0.901 0.894 0.851 0.852 92 
Llama-3-8B (QLoRA) 8,000 3.7 0.918 0.913 0.875 0.871 108 
Llama-3-8B (zero-shot) 8,000 0 0.781 0.767 0.679 0.724 104 
ChatGPT-4 (zero-shot, API) – – 0.844 0.832 0.762 0.811 1,900 

Note: Trainable parameters are reported in millions (M) 
 

 
Fig. 2. Performance comparison of LoRA fine-tuned LLMs on the resume-screening test set 
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Prompt design: Replacing the structured-section prompt with a free-text concatenation reduces F1 by 3.1 percentage 
points (pp). Removing the instruction header further decreases F1 by 4.2 pp, confirming that explicit role framing matters 
for decoder LLMs. 

Synthetic data: Training on the real 2,484 resumes alone yields F1 = 0.864; mixing in 76% synthetic data lifts F1 to 
0.913. Using only synthetic data is worse (F1 = 0.846), highlighting the need for a real anchor distribution (Liu et al., 
2024b). 

6.5. Fairness Audit 

Fig. 5 reports demographic-parity gaps. Out of the box, every fine-tuned model exceeds the 5% EEOC-derived threshold 
for at least one attribute, with the largest gaps observed for BERT-base (9.4% for gender, 11.8% for race). Llama-3-8B 
reduces these to 6.4% and 7.9%. Adding a short debiasing instruction at inference time, “Evaluate the candidate solely on 
documented skills, experience and education; ignore any reference to gender, race, age, nationality or appearance”, further 
lowers the gender gap to 2.1% and the race gap to 2.9%, at the cost of less than 0.4 pp in F1. This supports the claim that 
lightweight in-context interventions can deliver meaningful fairness gains without retraining (Salinas et al., 2025). 

Scope of the audit and operationalization. The audit covers two demographic dimensions, gender (male, female) and a 
four-category race proxy (Asian, Black, Hispanic, White), following the FAIRE protocol (Evertz et al., 2025). Age and 
disability status are not audited here because the source resumes do not reliably disclose them, and we flag this as a 
limitation rather than treating the two audited axes as exhaustive. Demographic attributes were operationalized on the 
controlled synthetic and annotated test data, where each resume carries a generator-assigned or self-reported attribute label, 
rather than inferred from names or other free-text cues, precisely because self-disclosure norms for gender, race, age and 
disability vary across cultures and legal jurisdictions, and name-based inference would itself introduce measurement bias. 
The Demographic Parity Gap and Equal Opportunity Difference are therefore computed against ground-truth attribute 
labels, not predicted ones, thereby avoiding the compounding of screening error with attribute-inference error. 

Transferability of the debiasing prompt. To test whether the in-context debiasing instruction is specific to Llama-3-8B 
or transfers across backbones, we applied the identical prompt, unchanged, to the other two decoder models. It reduced the 
gender DPG from 7.1% to 2.6% on Mistral-7B and from 7.8% to 3.0% on Phi-3-mini, and the race DPG from 8.6% to 3.4% 
and from 9.1% to 3.7%, respectively, with accuracy losses below 0.5 pp in every case. The intervention is thus broadly 
transferable across instruction-tuned decoders, although the residual gap is consistently a little larger than for Llama-3-8B, 
suggesting that prompt-level debiasing interacts with the strength of a model’s instruction-following ability. For encoder 
backbones steered by a classification head rather than a natural-language instruction, the same prompt has no effect; for 
those models, an embedding-space or post hoc calibration intervention would be required instead. 

 
Fig. 3. Training and validation curves for LoRA-tuned Llama-3-8B with rank r = 16 and scaling α = 32 

 

6.5. Fairness Audit 

Fig. 5 reports demographic-parity gaps. Out of the box, every fine-tuned model exceeds the 5% EEOC-derived threshold 
for at least one attribute, with the highest gaps observed for BERT-base (9.4% gender, 11.8% race). Llama-3-8B reduces 
these to 6.4% and 7.9%. Adding a short debiasing instruction at inference time, “Evaluate the candidate solely on 
documented skills, experience and education; ignore any reference to gender, race, age, nationality or appearance”, further 
lowers the gender gap to 2.1% and the race gap to 2.9%, at the cost of less than 0.4 pp in F1. This supports the claim that 
lightweight in-context interventions can deliver meaningful fairness gains without retraining (Salinas et al., 2025). 

Scope of the audit and operationalization. The audit covers two demographic dimensions, gender (male, female) and a 
four-category race proxy (Asian, Black, Hispanic, White), following the FAIRE protocol (Evertz et al., 2025). Age and 
disability status are not audited here because the source resumes do not disclose them reliably, and we flag this as a 
limitation rather than treating the two audited axes as exhaustive. Demographic attributes were operationalized on the 
controlled synthetic and annotated test data, where each resume carries a generator-assigned or self-reported attribute label, 
rather than inferred from names or other free-text cues, precisely because self-disclosure norms for gender, race, age and 
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disability vary across cultures and legal jurisdictions and name-based inference would itself introduce measurement bias. 
The Demographic Parity Gap and Equal Opportunity Difference are therefore computed against ground-truth attribute 
labels, not predicted ones, which avoids compounding screening error with attribute-inference error. 
 

 
Fig. 4. Ablation on LoRA rank for Llama-3-8B  

Note: F1 saturates at r = 16 while the trainable parameter budget grows linearly with r 
 

Transferability of the debiasing prompt. To test whether the in-context debiasing instruction is specific to Llama-3-8B 
or transfers across backbones, we applied the same prompt to the other two decoder models. It reduced the gender DPG 
from 7.1% to 2.6% on Mistral-7B and from 7.8% to 3.0% on Phi-3-mini, and the race DPG from 8.6% to 3.4% and from 
9.1% to 3.7%, respectively, with accuracy losses below 0.5 pp in every case. The intervention is thus broadly transferable 
across instruction-tuned decoders, although the residual gap is consistently a little larger than for Llama-3-8B, suggesting 
that prompt-level debiasing interacts with the strength of a model’s instruction-following ability. For encoder backbones 
steered by a classification head rather than a natural-language instruction, the same prompt has no effect; for those models, 
an embedding-space or post hoc calibration intervention would be required instead. 

 
Fig. 5. Demographic-Parity Gap (DPG) across fine-tuned LLMs before and after lightweight in-context debiasing 

Note: The dashed line marks the 5% threshold derived from the EEOC “four-fifths” rule 
 

6.6. Comparison with Prior Work 

The Llama‑3‑8B configuration outperforms the F1 of 0.877 reported by Gan et al. (2024) and matches the 0.906 F1 
achieved by Younes et al. (2025a) with fine‑tuned Phi‑4, despite using a smaller backbone. The MSLEF ensemble (Younes 
et al., 2025b) remains marginally higher (0.926 F1) but at three times the inference cost, suggesting that a single LoRA-
tuned 8B-parameter model is a strong default for production-grade HRM pipelines. 

6.7. Answering the Research Questions 

Returning to the research questions: (RQ1) LoRA-tuned Llama-3-8B provides the best accuracy–cost trade-off. (RQ2) 
LoRA rank r = 16, structured prompts and about 75% synthetic-to-real ratio are jointly necessary to reach 0.913 F1. (RQ3) 
The off-the-shelf demographic parity gap can be reduced by roughly two-thirds with a short in-context debiasing instruction, 
at negligible accuracy cost. We also note (RQ4, raised by reviewers) that unexpected category-level errors cluster around 
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overlapping fields such as “Data Science” versus “Business Analyst”, a finding consistent with the human-LLM matching 
study of Wilson and Caliskan (2024). 

7. Discussion 

For HRM practitioners, three practical implications follow. First, the choice of backbone matters less than the choice of 
fine-tuning protocol: a well-tuned 7–8B-parameter model with LoRA can match or beat much larger zero-shot LLMs while 
remaining cheap to deploy. Second, fairness monitoring should be a continuous activity built into the deployment pipeline, 
not a one-off audit. Third, recruiters should treat LLM scores as decision-support signals reviewed by humans, not as final 
decisions; the recruiter-feedback loop in Fig. 1 is essential to keep the system in calibration. A fourth implication, less 
frequently discussed in the literature, is the importance of documentation. The EU AI Act (European Parliament and 
Council, 2024) and the Colorado AI Act both require employers using AI for hiring to maintain risk-management records, 
conduct annual bias audits, and inform candidates that an automated tool was used. The proposed architecture supports 
these obligations by externalizing the audit step (Algorithm 2, lines 6–9) and producing one-sentence rationales for every 
shortlisted candidate, which can be archived for regulatory review. 

Table 3. Ablation on prompt design and synthetic-data ratio (Llama-3-8B, r = 16) 
Configuration Macro-F1 Δ vs. best 
Section-structured prompt + 76% synth. (default) 0.913 — 
Free-text prompt + 76% synth. 0.882 −3.1 pp 
Section-structured prompt + 0% synth. 0.864 −4.9 pp 
Section-structured prompt + 100% synth. 0.846 −6.7 pp 
No instruction header 0.871 −4.2 pp 

 

7.1. An HRM Decision Framework for LLM Adoption 

Synthesizing the empirical findings into managerial guidance, we propose a four-stage decision framework that an HRM 
function can follow when selecting, deploying and auditing an LLM-based screening tool. The stages are summarized in 
Table 4. (1) Scoping: classify the role as high-risk under the EU AI Act and map the jurisdictions involved before any 
model is chosen, since this fixes the audit and disclosure obligations. (2) Model selection: choose the smallest model on 
the accuracy–cost frontier that clears the organization’s validity threshold; our results indicate a mid-scale instruction-tuned 
decoder (7–8B) with QLoRA as the default, reserving encoders for latency-critical or on-device settings. (3) Deployment: 
place the model as a decision-support ranker with the human-override points defined in Section 7.4, and attach the in-
context debiasing instruction by default. (4) Auditing: run the DPG/EOD audit on a recurring schedule, archive rationales, 
and trigger re-validation whenever the candidate pool or the underlying model version drifts. The framework is deliberately 
model-agnostic so that it survives vendor and version changes. 

Table 4. HRM decision framework for LLM-based resume screening 

Stage Key decision Evidence/artifact 

1. Scoping Is the role high-risk? Which jurisdictions 
apply? 

EU AI Act risk classification; Section 7.2 
compliance map 

2. Model selection Smallest model clearing the validity 
threshold 

Table 2 accuracy–cost frontier; default 7–8B 
+ QLoRA 

3. Deployment Where do humans override? Debiasing on by 
default? 

Section 7.4 override points; Algorithm 2 
debiasing step 

4. Auditing How often to re-audit and re-validate? Recurring DPG/EOD audit; archived 
rationales; drift triggers 

 

7.2. Legal and Regulatory Compliance 

Automated recruitment screening is now governed by a tightening web of law that any deployment must engage directly. 
Under the EU AI Act (European Parliament and Council, 2024), recruitment AI is classified as high-risk, which requires a 
risk management system, data governance documentation, technical transparency, logging, and meaningful human 
oversight. In the United States, New York City Local Law 144 requires an independent bias audit and candidate notification 
for automated employment decision tools; the Colorado AI Act imposes analogous duties from 2026, and Illinois and 
California have parallel measures. The long-standing EEOC “four-fifths” rule supplies the adverse-impact yardstick that 
our DPG threshold operationalizes. The architecture in Section 4 is designed for compliance-by-construction: PII redaction 
satisfies data-minimization duties; the externalized audit step (Algorithm 2) produces bias-audit evidence; the per-candidate 
rationale satisfies explainability and candidate-notification duties, and the recruiter-feedback loop instantiates the required 
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human oversight. Organizations remain responsible for legal sign-off in their own jurisdiction; the framework lowers but 
does not remove that burden. 

7.3. Organizational Change Management 

Introducing LLM-based screening reshapes the roles of the HRM team rather than simply removing work. The recruiter’s 
task shifts from high-volume manual triage to exception handling, rationale review and audit stewardship, which raises the 
role's skill profile and calls for training in interpreting model scores and fairness reports. Interviewer workload is reallocated 
downstream: because the shortlist is smaller and pre-justified, interviewers spend less time filtering and more time on 
structured assessment of a higher-signal pool. Candidate experience can improve through faster acknowledgment and 
consistent criteria, but only if notification and appeal channels are in place; otherwise, opaque automation risks eroding 
employer-brand trust. We therefore recommend a phased rollout, with model scores running in shadow mode alongside 
human decisions before going live, and explicit change-management communication to both recruiters and candidates, 
consistent with established socio-technical adoption practices. 

7.4. Human–AI Collaboration Design 

We position the model as decision support with three explicit human-override points in the pipeline of Fig. 1. First, at the 
shortlist boundary: any candidate whose score lies within a calibrated margin of the top-k cutoff is routed to a recruiter, 
since these borderline cases are where model error is concentrated. Second, at the fairness flag: whenever the DPG audit 
exceeds τ (Algorithm 2, lines 8–9), the shortlist is held for human review before release. Third, during the rationale check, 
recruiters can reject a shortlisting whose one-sentence justification is unconvincing, and that signal feeds back into the 
active-learning loop. Human judgment should override the model, rather than merely review it, under two conditions: when 
the candidate falls within a protected group and sits near a fairness boundary, and when the role is novel or low-volume, 
so that the model is operating off-distribution. Routine, high-volume, in-distribution decisions can be automated using 
sampling-based human spot checks. This graduated allocation keeps human attention where it adds the most value while 
preserving the throughput gains that motivate automation. 

7.5. Cost and Efficiency Management Value 

To quantify the operational value, consider a representative requisition attracting 1,000 applications. At the widely reported 
manual rate of roughly 7–10 seconds per first-pass scan, a recruiter spends about two to three hours of attention per 
requisition, and far more if a deeper read is given. The fine-tuned Llama-3-8B ranks the same 1,000 resumes in 
approximately 108ms each, totaling about 1.8 minutes of compute, leaving the recruiter to review only the top-k shortlist 
and the flagged borderline cases, on the order of 20–30 resumes. Under conservative assumptions, this reduces recruiter 
screening time by roughly 80–90% per requisition; at a fully loaded recruiter cost of about USD 45 per hour, the screening-
labor cost falls from approximately USD 110–135 to under USD 20 per requisition, with the residual being human review 
rather than triage. Time-to-shortlist compresses from one to several working days to effectively the same day, and the 
marginal compute cost of a single A100-hour amortized over thousands of resumes is negligible relative to the labor saved. 
Against a classical TF-IDF baseline, the efficiency gain is smaller because that baseline is already fast, but the quality gap 
of about 23 F1 points means the classical pipeline shifts downstream costs into mis-shortlisted interviews; the LLM pipeline 
therefore lowers both screening costs and the more expensive cost of interviewing poorly matched candidates. These figures 
are organization-dependent and are offered as a planning template instantiated with the present study’s measured latencies 
rather than as audited savings. 

A further limitation concerns external validity. While augmentation improves performance, reliance on synthetic data 
may limit generalization: models tuned on DeepSeek-V3 and ChatGPT-4 samples inherit the stylistic and distributional 
priors of those generators, and the 5% threshold used here is a regulatory proxy rather than a guarantee of equitable 
outcomes. Different datasets, for example, industry-specific or multilingual resumes, may significantly affect the reported 
results, and the findings should therefore be read as evidence from a single English-language benchmark rather than as 
universal performance claims. 

Practitioners should not treat fairness as a one-time deliverable: drift in either the candidate population or the underlying 
LLM (for example, after a vendor pushes a new model version) can reopen the gap that an audit closed. 

8. Conclusion 

This paper has presented a unified, comparative analysis of six LLMs (BERT-base, DistilBERT, RoBERTa-large, Phi-3-
mini, Mistral-7B and Llama-3-8B) fine-tuned with LoRA and QLoRA for automated resume screening in HRM. The 
LoRA-tuned Llama-3-8B obtained the best results on the curated 24-category benchmark, with macro-F1 of 0.913 and 
MCC of 0.875, while training only 0.046% of the backbone parameters. Ablation studies identified LoRA rank, prompt 
structure and the synthetic-data ratio as the three principal levers of performance, and a fairness audit showed that a short 
in-context debiasing instruction reduced the demographic parity gap for the gender attribute from 6.4% to 2.1% with 
negligible accuracy loss. The findings give HRM practitioners actionable guidance for building resume-screening pipelines 
that are accurate, computationally tractable, and aligned with emerging regulatory expectations under the EU AI Act and 
comparable US state-level statutes. 

The study shows that mid-scale decoder LLMs, fine-tuned with parameter-efficient adapters on as few as ten thousand 
resumes, can reach an accuracy level previously associated with full fine-tuning of much larger models, while remaining 
within the computational reach of a typical HRM department. The fairness audit further demonstrates that simple in-context 
interventions, when paired with a clearly documented bias-monitoring pipeline, can keep the demographic-parity gap below 
the EEOC-derived threshold for the dominant sensitive attributes. 
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Promising avenues for future research include multilingual extension using cross-lingual encoders; longitudinal 
evaluation against actual hiring outcomes; integration of structured competency ontologies (for example, O*NET or ESCO) 
to constrain LLM reasoning; the use of activation-steering techniques (Salinas et al., 2025) as an alternative to prompt-
level debiasing; and the development of standardized reporting cards that document model lineage, training data, fairness 
audits, and known failure modes for every fine-tuned LLM placed into a hiring workflow. Multimodal extensions that 
ingest scanned PDFs, video introductions, or coding-portfolio metadata are an obvious next step, but they intensify both 
the privacy and the fairness considerations discussed above and should be approached only with explicit candidate consent 
and a clear regulatory basis. 
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