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Abstract

Background: Large-scale hospital recruitment requires accurate and auditable
matching between heterogeneous resume evidence and job-specific requirements.
Methods: This study developed an internet search–augmented, soft-prompt-
tuned large language model (LLM) framework integrating structured resume
extraction, targeted retrieval of publication evidence, continuous task-specific
prompt embeddings attached to a frozen Qwen backbone, deterministic expert
rules, and weighted ranking. Institutional recruitment records comprised 5,419
applications across 38 positions. Ranking experiments included nine positions
with complete archived reference shortlists, encompassing 4,339 applications and
150 reference candidates. The pipeline-based model was compared with a Raw
Prompt baseline across multiple manual-review pool sizes, and an ablation study
of the abstract module was conducted. Model interpretability was evaluated
based on field-level agreement with manually reviewed reference standards and
correlations between job-specific module scores and archived expert shortlists.
Results: The overall F1 score for key-information extraction was 98.45%.
Across the nine positions, macro-average R-Precision increased from 61.18%
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with the Raw Prompt baseline to 82.64% with the pipeline-based model
(paired mean improvement, 21.46 percentage points; position-level bootstrap 95%
confidence interval (CI), 8.73–37.51; exact Wilcoxon test, P = 0.0078). Macro-
average NDCG@R increased from 0.6632 to 0.8702 (P = 0.0039). When the
manual-review pool was approximately 2R, macro-average recall reached 97.83%.
Removal of the publication-abstract module reduced macro-average R-Precision
for research positions by 10.32 percentage points. The Research/Experience
module showed the strongest association with archived expert shortlists (macro-
average Spearman correlation across positions, ρ = 0.587; 95% CI, 0.521–0.642;
P = 0.002).
Conclusions: The framework provides a valuable, scalable, and auditable
decision-support system for healthcare recruitment: it can standardize resume
evidence extraction, prioritize qualified candidates within a manageable review
pool, and expose the evidence and module contributions underlying each ranking.
It is designed to reduce repetitive screening effort while preserving account-
able human oversight. External and prospective validation are required before
deployment beyond the study institution.

Keywords: large language model, healthcare recruitment, person–job fit, soft prompt
tuning, evidence grounding, explainable ranking

1 Background

Person–job fit is a core component of recruitment and aims to determine the degree of

alignment between applicants’ qualifications, experience, professional profiles, and job

requirements [1, 2]. This task is particularly complex in hospital recruitment: while

processing large volumes of application materials that vary in format and content,

recruiters must simultaneously evaluate professional licensure, clinical training, spe-

cialty experience, research output, and educational background [3]. Manual review

is time-consuming and may be subject to inter-reviewer variability; although purely

rule-based systems are efficient, they have limited ability to interpret implicit or

context-dependent information.

Early automated systems primarily used keyword matching, support vector

machines, random forests, and neural text classifiers [4–6]. These approaches improved

evaluation consistency but typically relied on task-specific labeled data and often

represented resumes as fixed feature vectors. Consequently, they may not generalize
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reliably when equivalent qualifications are expressed using different wording or when

evaluation criteria vary substantially across hospital job categories.

Large language models provide an alternative adaptation mechanism. Continuous

soft prompts can transfer linguistic and general domain knowledge acquired dur-

ing pretraining to a downstream task while leaving the foundation-model parameters

unchanged [7–11]. This is attractive when only a limited amount of task-specific labeled

data is available. However, an unconstrained single-pass LLM call may combine extrac-

tion, interpretation, and scoring within the same process, making the output difficult

to audit. The static parametric knowledge encoded within a model may also be out-

dated or unverifiable, which is particularly problematic when academic publications

and professional evidence influence recruitment decisions [11, 12].

Accordingly, this study developed an internet search–augmented soft prompt

tuning framework for resume screening in healthcare recruitment. Its principal con-

tribution is a hybrid decision architecture in which a compact trainable soft prompt

adapts a frozen Qwen backbone, while document parsing, external evidence ground-

ing, deterministic rule assessment, weighted score fusion, and ranking remain explicit

and auditable. The framework was compared with a Raw Prompt baseline, evalu-

ated through an ablation study of the abstract module, and further examined using

module-level interpretability and statistical agreement analyses.

1.1 Automated Resume Screening and Person–Job Fit

Research on person–job fit has progressed from exact keyword matching to represen-

tation learning and bidirectional preference modeling [2, 4–6]. When sufficient labeled

data are available, conventional supervised-learning systems can achieve favorable

classification performance; however, the decision boundaries they learn are often dif-

ficult to transfer to new positions with different qualification requirements. Moreover,
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recruitment decisions are inherently ranking problems rather than simple binary-

classification tasks: a system must prioritize relevant candidates within a small

manual-review pool while preserving a reasonable relative ordering.

1.2 Soft Prompt Tuning of Large Language Models

Soft prompt tuning represents a downstream task with a short sequence of continuous

virtual-token embeddings learned from labeled data, while the original parameters of

the foundation model remain frozen [9]. It differs from manually written hard prompts

because the learned vectors are optimized through backpropagation and are not

required to correspond to human-readable tokens. It also differs from full-parameter

fine-tuning and LoRA because only the prompt embedding matrix is updated. This

parameter-efficient design is suitable for hospital recruitment, where task-specific

labels are limited and the same linguistic backbone must support positions with differ-

ent qualification requirements. Human evaluation, transparent criteria, and safeguards

against unsupported outputs nevertheless remain essential [10, 11, 13].

1.3 External Evidence Grounding and Explainable Decision

Support

Retrieval-augmented generation improves performance on knowledge-intensive tasks

by conditioning generation on externally retrieved evidence [12]. Tool-use approaches

similarly allow models to request information from databases or web services during

inference [14, 15]. In recruitment settings, restricted external evidence grounding can

verify publication metadata and retrieve abstracts not provided in resumes. Inter-

pretability should not rely solely on a model-generated explanation; decisions should be

decomposable into input evidence, triggered rules, module scores, soft-prompt-derived
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semantic contributions, and their effects on the final ranking. This study opera-

tionalized these requirements through an auditable soft-prompt–augmented rule–LLM

scoring pipeline.

2 Methods

2.1 Study Design and System Overview

As presented in Figure 1, we introduce an internet search–augmented soft prompt

tuning framework for candidate–position matching and ranking. The framework com-

prises three components. (I) Evidence construction and serialization, which organize

the position description, structured resume fields, and publication evidence obtained

through restricted title-based retrieval using explicit field identifiers; (II) Soft prompt

adaptation, in which trainable continuous embeddings are prepended to each serial-

ized instance and processed by a frozen Qwen backbone; and (III) Match estimation

and hybrid ranking, in which candidate-level binary cross-entropy and within-position

pairwise supervision jointly optimize the semantic matching signal. During inference,

this signal is incorporated into the applicable job-specific module, combined with

deterministic rules and predefined module weights, and then used to produce the final

auditable score, ranking, and Top-K review pool described in Section 2.6.

This retrospective study was approved by the Ethics Committee of Shanghai Chest

Hospital (approval no. KS26065). All methods were carried out in accordance with

relevant guidelines and regulations and the Declaration of Helsinki. The requirement

for informed consent was waived by the Ethics Committee of Shanghai Chest Hospital

due to the retrospective nature of the study.

For clarity, the position description, structured resume, and retrieved publication

evidence for candidate–position instance i are denoted by Ji, Ri, and Ci, respectively.

The trainable soft prompt matrix P contains m virtual-token embeddings of dimen-

sion d and is parameterized by θ, whereas Φ denotes all original parameters of the

5
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Fig. 1 Internet search–augmented soft prompt tuning framework. The framework com-
prises (I) evidence construction and serialization, (II) soft prompt adaptation with a frozen Qwen
backbone, and (III) hybrid candidate ranking. Candidate-level binary cross-entropy and a within-
position pairwise logistic loss are combined with fixed equal contributions, and gradients update only
the soft prompt matrix P. During inference, deterministic rules and predefined module weights trans-
form the semantic matching probability into the final score used for ranking and Top-K selection.

Qwen3-235B backbone. Model operation is divided into training and inference phases.

During training, P is combined with the serialized evidence sequence and passed

through the frozen embedding layer, rotary positional encoding, Transformer blocks,

and language-model head. Binary cross-entropy provides candidate-level supervision,

while the within-position pairwise logistic loss encourages a reference candidate to

receive a larger ranking logit than a paired nonreference candidate applying for the

same position. The two mean log losses are added using fixed equal contributions,

without an additional loss-weight coefficient. Gradients are propagated through the

frozen computation graph only to θ, and Φ remains unchanged. During inference, both

θ and Φ are frozen. The model probability is used as a bounded semantic contribution

within the applicable job-specific module; deterministic rules and predefined module

weights then produce the final score FiJ , from which the position-specific ranking

and Top-K review pool are obtained. The fixed checkpoint, learned prompt, input
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schema, retrieval configuration, scoring rules, and ranking procedure together define

the reproducible analytical unit; deterministic inference uses temperature = 0 and

limits textual inputs to 20,000 characters before tokenization.

2.2 Structured Resume Parsing and Publication Evidence

For N candidate resumes provided as PDF, DOC, or TXT files, an unstructured file

loader implemented in Python first converted each document into machine-readable

text. A separate parsing prompt containing few-shot examples then extracted edu-

cational background, specialty, work experience, professional skills, publications, and

research experience into a constrained JSON schema. The workflow is shown in Figure

2. This hard-prompt parsing stage standardized the evidence supplied to the match-

ing model and was distinct from the trainable soft prompt used for candidate–position

matching.

Fig. 2 LLM-based resume-parsing workflow.

The parser retained missing fields as blank or missing rather than inferring them

from unrelated content. Personally identifying attributes were used only for record

linkage and were excluded from scoring. The few-shot template and JSON-structured

output are illustrated in Figure 3.
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Fig. 3 Few-shot prompt template and JSON-structured output.

For research-related positions, publication titles explicitly reported in the resumes

were used as restricted retrieval queries. The primary source was the Semantic Scholar

API; publicly accessible publisher and institutional pages were used only when further

confirmation was required. Retrieved titles, authors, years, journals or conferences, and

abstracts were linked to the corresponding resume record. The system did not conduct

unrestricted searches based on names, demographic attributes, or unrelated personal

information. Retrieved abstracts were incorporated as external evidence and, when

required by a research-position scoring scheme, were evaluated using a constrained

binary relevance criterion ai ∈ {0, 1}.

2.3 Candidate–Position Instance Construction

Hospital resume screening was formulated as a candidate–position matching task.

For candidate–position instance i, Ji denotes the target-position description, Ri the

structured resume, Ci the retrieved academic evidence when available, and yi ∈ {0, 1}

whether the candidate belongs to the archived reference shortlist for that position.

The recruitment dataset is defined as

D = {(Ji, Ri, Ci, yi)}
N
i=1 (1)
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Equation (1) defines D at the candidate–position level. Here, N is the number

of candidate–position instances rather than the number of unique applicants, and

index i identifies one applicant evaluated for one target position. This distinction

permits the same resume to form separate instances when an applicant is considered for

different positions. Ji contains the position-specific requirements, Ri the corresponding

structured resume, Ci only publication evidence traceable to the applicant, and yi ∈

{0, 1} the archived reference-shortlist label for that particular position.

Position requirements, resume fields, retrieved evidence, and the expected output

were concatenated using explicit field identifiers. The resulting textual representation

was

ci = [Position; Ji; Resume;Ri; Evidence;Ci; Output] (2)

In Equation (2), lower-case ci denotes the complete serialized representation,

whereas upper-case Ci denotes only the retrieved publication evidence. Square brack-

ets and semicolons indicate ordered concatenation rather than an arithmetic operation.

The literal field identifiers provide stable boundaries between position requirements,

resume attributes, supporting evidence, and the constrained output instruction. A

unified missing-value token was used for absent information so that the segment order

remained identical across instances.

Candidate records from the same individual were assigned to only one data sub-

set to prevent leakage. The optimization subset was used to learn θ, the evaluation

subset to select the checkpoint, and the test candidate pools exclusively for final rank-

ing. Because reference candidates were less common than nonreference candidates, all

positive instances were retained and negative instances were sampled within positions

during optimization; evaluation and test rankings preserved the complete candidate

pools and their original distributions.
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2.4 Soft Prompt Initialization and Frozen Qwen Backbone

A soft prompt is a sequence of continuous task-specific embeddings learned from

labeled instances. Unlike a human-readable hard prompt, its vectors need not corre-

spond to natural-language tokens. Let s denote an initial instruction describing priority

review according to position requirements and candidate education, experience, qual-

ifications, and research ability. If fθ(·) is the trainable prompt-embedding layer, the

soft prompt matrix is initialized from s as

P = fθ(s) = [p1,p2, . . . ,pm] ∈ R
m×d (3)

Each row pj ∈ R
d in Equation (3) represents one virtual prompt token; con-

sequently, P contains m trainable vectors and has shape m × d. The initialization

function fθ(·) uses instruction s to initialize these vectors, after which θ parameter-

izes their values directly. Because pj is continuous, it is not required to coincide with

an embedding in the Qwen vocabulary. The matrix P, rather than any original Qwen

parameter, is optimized for the matching task.

For each candidate–position instance, the shared initialization instruction and the

instance-specific serialized evidence formed

ti = [s, ci] (4)

In Equation (4), s supplies task-level initialization information shared across

instances, whereas ci supplies the evidence specific to candidate–position instance i.

The brackets indicate sequence composition in a fixed order; no numerical addition is

performed.

The complete instance was tokenized into token identifiers

zi = [zi,1, zi,2, . . . , zi,Li
] (5)
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In Equation (5), zi is the token-identifier sequence, zi,j is the jth token identifier,

and Li is the sequence length after tokenization. The same Qwen tokenizer and seg-

ment order were used for every instance, ensuring that input differences arose from

candidate and position content rather than from changes in serialization format.

Virtual prompt tokens were mapped by fθ(·), whereas position requirements,

resume fields, retrieved evidence, and the output instruction were mapped by the

frozen Qwen embedding layer. The resulting ordered embedding sequence was

Ei =
[
fθ(s);EΦ(Ji);EΦ(Ri);EΦ(Ci);EΦ

(
T out

)]
(6)

In Equation (6), each term is a sequence of d-dimensional vectors, and the semi-

colons denote concatenation along the token dimension. The first m positions are

supplied by fθ(s) = P, whereas EΦ(·) maps the position, resume, evidence, and out-

put tokens through the frozen Qwen embedding table. T out denotes the constrained

output instruction. This construction allows the trainable prompt to condition all

evidence tokens without changing their discrete token identities.

The concatenated sequence was then passed through K frozen Transformer blocks.

For token j of instance i, the layerwise hidden representation was

hi,j =
[
h
(1)
i,j ;h

(2)
i,j ; . . . ;h

(K)
i,j

]
(7)

In Equation (7), h
(k)
i,j ∈ R

d is the hidden representation of token j after Transformer

block k, and K is the total number of frozen blocks. The bracketed notation collects

the layerwise states to describe how the token representation evolves through the

backbone; the calculation at each block uses the output of the preceding block. Self-

attention therefore allows professional requirements to interact with specialty and

credentials, clinical requirements with work and training experience, and research

requirements with publications, abstracts, and projects.
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All original Qwen backbone parameters were frozen and excluded from the opti-

mizer. Gradients were propagated through the backbone only to update the trainable

soft prompt embeddings.

2.5 Matching Probability and Training Objective

The trainable matching task used two output labels. Label token '1' denoted

membership in the archived reference shortlist, whereas label token '0' denoted non-

membership. Given instance ti, let ℓ
(0)
i and ℓ

(1)
i be the logits of the two label tokens.

The candidate matching probability was

pi = pθ,Φ(yi = 1 | ti) =
exp

(
ℓ
(1)
i

)

exp
(
ℓ
(0)
i

)
+ exp

(
ℓ
(1)
i

) (8)

Equation (8) applies a two-class softmax to the label logits ℓ
(0)
i and ℓ

(1)
i . The

denominator normalizes the two scores so that pi ∈ (0, 1), while the difference ℓ
(1)
i −ℓ

(0)
i

determines the odds assigned to the reference label. A larger pi therefore indicates

stronger candidate–position correspondence. The soft prompt was optimized by max-

imizing the conditional probability of the observed reference label for each training

instance:

max
θ

log pθ,Φ(yi | ti) (9)

Equation (9) gives the instance-level maximum-likelihood criterion with respect to

θ while Φ remains fixed. Because the logarithm is monotonic, maximizing log proba-

bility has the same optimum as maximizing probability, while providing additive and

numerically stable instance contributions. For the complete training subset Dtrain,

containing |Dtrain| instances, the objective was

max
θ

|Dtrain|∑

i=1

log pθ,Φ(yi | ti) (10)
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Equation (10) sums the log-likelihood contributions across all training instances

and favors prompt parameters that assign high probability to each observed label.

Equivalently, the negative log-likelihood minimized by the optimizer was

L = −

|Dtrain|∑

i=1

log pθ,Φ(yi | ti) (11)

The leading minus sign in Equation (11) converts likelihood maximization into loss

minimization. For the binary label task, expanding the conditional likelihood yields

the binary cross-entropy objective:

LCE = −
1

N

N∑

i=1

[yi log pi + (1− yi) log(1− pi)] (12)

In Equation (12), N denotes the number of instances included in the loss calcula-

tion, yi ∈ {0, 1}, and pi is the probability defined by Equation (8). The first logarithmic

term penalizes a low probability for a reference candidate, whereas the second penal-

izes a high probability for a nonreference candidate. The averaging factor 1/N keeps

the loss scale comparable across optimization batches of different sizes.

Because candidate ordering was performed separately for each position, positive–

negative pairs were constructed only among applicants for the same position.

Candidate-level data splitting was completed before pair construction to prevent infor-

mation leakage. During each training epoch, every reference candidate was paired with

one nonreference candidate sampled uniformly from the corresponding position, and

negative candidates were resampled in subsequent epochs. This one-to-one strategy

exposed the model to different within-position comparisons without constructing the

complete Cartesian product of positive and negative candidates. Cross-position pairs

and hard-negative mining were not used.

Let ri = ℓ
(1)
i − ℓ

(0)
i denote the ranking logit of instance i. Because pi = σ(ri),

ordering candidates by ri is equivalent to ordering them by the matching probability

pi, while the unbounded logit difference provides a more stable pairwise optimization

13
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signal. For each optimization batch, a position-specific set of sampled reference–

nonreference pairs and the set of positions containing at least one valid pair were

defined. The position-balanced pairwise ranking loss was calculated as

Lrank = −
1

|JB |

∑

J∈JB

1

|PJ |

∑

(i+,i−)∈PJ

log σ(ri+ − ri−) (13)

In Equation (13), i+ and i− denote a reference candidate and a nonreference can-

didate from the same position, respectively; the inner sum is taken over the sampled

pair set for position J , the outer sum is taken over positions represented by at least

one valid pair in the batch, and σ(·) is the sigmoid function. The loss increases when

ri+ does not exceed ri− and decreases as the positive–negative logit difference becomes

larger. Computing a mean within each position and then averaging across positions

prevents positions with larger applicant pools from dominating prompt optimization.

A position with no valid reference–nonreference pair in a batch contributes no pairwise

term for that batch.

The binary cross-entropy term preserved candidate-level discrimination, whereas

the pairwise term regularized relative ordering within each position. Because both

terms were calculated as mean log losses, the total objective used fixed equal

contributions without an additional tunable coefficient:

Ltotal = LCE + Lrank (14)

Equation (14) adds the two normalized objectives directly, thereby avoiding unre-

ported loss weights. During backpropagation, gradients pass through the frozen Qwen

computation graph only to θ, the parameters of P; Φ is not included in the optimizer.

The pairwise term therefore regularizes the soft-prompt-derived semantic matching

signal rather than replacing the deterministic score fusion in Section 2.6.
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The checkpoint with the best evaluation performance was retained as θ⋆. Only the

learned prompt embeddings were saved, and the original Qwen checkpoint remained

unchanged.

2.6 Job-Specific Hybrid Scoring and Candidate Ranking

The matching probability was used as a bounded semantic contribution within the

applicable job-specific module rather than as an unverified final hiring decision. Each

position used a scoring scheme fixed before evaluation that defined allowable evidence,

maximum module scores, deterministic penalties, semantic items, and module weights.

Deterministic rules handled explicitly verifiable criteria, including age range, educa-

tional qualification, professional credentials, journal quartile, impact factor, project

level, and specified clinical experience. Soft-prompt-derived probabilities were used

only for context-dependent judgments such as specialty–position, research-direction,

and abstract relevance.

The predefined module weights for the nine evaluated positions are presented in

Table 1.

Table 1: Predefined module weights used for the nine evaluated positions

Cat. Pos. BI E/F R/E

Administrative Medical Affairs Department Officer 0.40 0.20 0.40

Administrative Finance Department Officer 0.40 0.20 0.40

Administrative Information Center Officer 0.30 0.30 0.40

Health Technical Nurses for Clinical Nursing Units 0.30 0.20 0.50

Health Technical Radiology Technician 0.20 0.30 0.50

Health Technical Thoracic Surgery Physician 0.20 0.20 0.60

Research Central Laboratory Technician 0.15 0.20 0.65

Research Thoracic Oncology Institute

Laboratory Technician

0.15 0.20 0.65

Research Cardiovascular Basic Research

Center Laboratory Technician

0.15 0.20 0.65

15



691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736

Abbreviations: Cat., category; Pos., position; BI, Basic Information; E/F, Education/Fit; R/E,

Research/Experience.

Let sik denote the raw score of candidate i in module k, and let MJ
k denote the

maximum score of that module for position J . The normalized module score was

s̃ik = 100
min

{
max(sik, 0),M

J
k

}

MJ
k

(15)

Equation (15) applies nested clipping before normalization: max(sik, 0) removes

negative module scores, and min{·,MJ
k } caps values at the maximum defined for

module k in position J . Division by MJ
k and multiplication by 100 then map the

normalized score s̃ik to [0, 100]. This operation makes modules with different raw point

ranges directly comparable before weighting.

The final candidate score combined the normalized modules and the recorded hard-

rule penalty:

FiJ =
∑

k

wJ
k s̃ik +HiJ ,

∑

k

wJ
k = 1 (16)

In Equation (16), wJ
k is the predefined nonnegative weight of module k for position

J , and
∑

k w
J
k = 1 makes the weighted component a convex combination of normal-

ized module scores. The term HiJ is the separate additive hard-rule adjustment for

candidate i under position J : it is zero when no hard rule is triggered and negative

when a mandatory criterion is violated. Keeping this adjustment outside the weighted

sum prevents an exclusionary rule from being diluted by high semantic scores in other

modules.

Candidates within each position were ordered in descending final-score order:

πJ = argsort
i

(FiJ ; descending) (17)

In Equation (17), πJ denotes the position-specific permutation of candidate indices

for position J , and πJ(r) denotes the candidate placed at rank r. Descending sorting
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places larger final scores earlier in the review order; predefined secondary keys are

invoked only when two candidates have exactly the same final score.

The first K candidates formed the priority manual-review pool:

CK
J = {πJ(1), πJ(2), . . . , πJ(K)} (18)

Equation (18) selects the first K indices from the position-specific permutation to

form the Top-K set. Here, K is an operational manual-review capacity rather than a

learned model parameter, and the resulting set is a priority review pool rather than

an automated final hiring decision. K was set to R, approximately 1.25R, 1.5R, 2R, or

3R, where R was the archived number of reference candidates for the position, thereby

reproducing the manual-review capacities evaluated in Section 2.9.

2.7 Inference, Interpretability, and Audit Trail

During inference, the learned soft prompt fθ⋆(s) was prepended to each candidate–

position instance. Both θ⋆ and Φ were fixed, and neither a loss nor gradients were

calculated. The operational sequence was: structured resume and position require-

ments → restricted publication evidence → candidate–position instance → learned

soft prompt plus frozen Qwen → bounded semantic contributions → deterministic

module fusion → ranked manual-review pool.

For each candidate, the system stored an explanation object containing (1)

extracted evidence; (2) the rule or semantic criterion applied to that evidence; (3) soft-

prompt-derived probabilities and raw module scores; (4) normalized module scores

and triggered hard rules; (5) weighted contributions; and (6) the final score and rank.

This design supported local inspection of individual candidates and global analysis

of which modules were most strongly associated with archived expert shortlists. The

LLM therefore did not directly issue an unverified recruitment decision; it supplied
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bounded semantic evidence within a deterministic, job-specific, and auditable ranking

procedure.

2.8 Data Sources and Reference Standards

Institutional recruitment records contained 5,419 applications for 38 positions dur-

ing the 2025 recruitment cycle. Application materials included structured registration

fields, PDF resumes, and, for some candidates applying to research positions, submit-

ted publication lists and retrieved abstracts. Ranking evaluation included only the nine

positions with complete archived reference shortlists and records meeting the model-

processing requirements, comprising 4,339 applications and 150 reference candidates,

as summarized in Table 2.

Table 2: Positions included in the ranking evaluation

Cat. Pos. N R

Administrative Medical Affairs Department Officer 127 25

Administrative Finance Department Officer 34 7

Administrative Information Center Officer 30 6

Health Technical Nurses for Clinical Nursing Units 3,559 58

Health Technical Radiology Technician 409 18

Health Technical Thoracic Surgery Physician 83 11

Research Central Laboratory Technician 65 12

Research Thoracic Oncology Institute Laboratory

Technician

11 6

Research Cardiovascular Basic Research Center

Laboratory Technician

21 7

Total — 4,339 150

Abbreviations: Cat., category; Pos., position; N , number of applications; R, number of reference candidates.

For the information-extraction evaluation, researchers manually cross-checked PDF

resumes, structured registration fields, and archived materials to establish field-level

reference standards. Archived shortlists were used as the operational reference for
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ranking analyses. These labels reflect historical expert decision-making processes and

should not be interpreted as immutable or completely unbiased definitions of candidate

quality.

2.9 Experimental Comparisons

Four groups of experiments were conducted. First, field-extraction results were com-

pared with manually reviewed reference standards. Second, under the same foundation

model and deterministic inference settings, the pipeline-based model was compared

with the Raw Prompt baseline. The Raw Prompt baseline did not perform prior field

extraction or modular decomposition; instead, the full resume text and scoring rules

were entered in a single model call. Third, performance was evaluated using manual-

review pool sizes of R, approximately 1.25R, 1.5R, 2R, and 3R, where R denotes the

number of reference candidates for the corresponding position. Fourth, the abstract-

relevance contribution was removed from the three research positions while all other

settings were held constant.

2.10 Evaluation Metrics and Statistical Analysis

Information-extraction performance was evaluated using accuracy, sensitivity, speci-

ficity, precision, and F1 score. Ranking performance was evaluated using R-Precision,

Recall@K, F1@K, average precision, and normalized discounted cumulative gain

(NDCG). When K = R, the predicted and reference sets have the same size; therefore,

Precision@R, Recall@R, and F1@R are numerically identical.

Paired position-level differences between the pipeline-based model and the Raw

Prompt method were assessed using exact one-sided Wilcoxon signed-rank tests. A

total of 20,000 bootstrap resamples across the nine positions were used to estimate

mean differences and their 95% CIs. The resampling and hypothesis-testing unit

was the position, not the individual application, because applications were clustered

within positions and the comparison concerned macro-average performance across
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positions. For the interpretability analysis, Spearman correlation coefficients between

the final or module scores and binary archived-shortlist labels were calculated within

each position. Macro-averages of the position-specific coefficients were reported, and

position-level bootstrapping was used to estimate 95% CIs. Exact one-sided Wilcoxon

tests were used to determine whether the position-specific correlations were greater

than 0, and paired Wilcoxon tests were used to compare correlations across modules.

Depending on the objective of each test, statistical analyses used either two-sided tests

or one-sided tests with a prespecified direction; the significance level was α = 0.05.

3 Results

3.1 Key-Information Extraction Performance

The key-information extraction results are presented in Table 3.

Table 3: Information-extraction performance against manually reviewed reference

standards

Field Acc. Sens. Spec. Prec. F1

Educational Background 98.40% 98.41% 98.76% 98.40% 98.41%

Research Experience 99.35% 97.25% 99.29% 96.99% 97.12%

Skills 98.14% 98.18% 97.02% 95.55% 96.85%

Work Experience 99.92% 99.84% 99.87% 99.86% 99.85%

Publications 99.66% 99.66% 99.66% 99.66% 99.66%

Overall 98.85% 98.68% 97.01% 98.22% 98.45%

Abbreviations: Acc., accuracy; Sens., sensitivity; Spec., specificity; Prec., precision; F1, F1 score.

3.2 Comparison With the Raw Prompt Baseline

Table 4 compares the performance of the pipeline-based model and the Raw Prompt

baseline at K = R. Across the nine positions, the pipeline-based model achieved
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higher R-Precision for seven positions and tied the baseline for two. Macro-average R-

Precision increased from 61.18% to 82.64%. The paired mean improvement was 21.46

percentage points (position-level bootstrap 95% CI, 8.73–37.51; exact Wilcoxon test,

P = 0.0078). Macro-average NDCG@R increased from 0.6632 to 0.8702, corresponding

to a paired mean improvement of 0.2070 (position-level bootstrap 95% CI, 0.0771–

0.3751; P = 0.0039).

Table 4: Person–job matching performance of the pipeline-based model and Raw

Prompt baseline at K = R

Cat. Pos. N R

RP

R-Prec.

PBM

R-Prec.

RP

NDCG

PBM

NDCG

Administrative Medical Affairs

Department Officer

127 25 68.00% 80.00% 0.7461 0.8409

Administrative Finance

Department Officer

34 7 71.43% 85.71% 0.6067 0.9084

Administrative Information Center

Officer

30 6 66.67% 83.33% 0.7409 0.8922

Health Technical Nurses for Clinical

Nursing Units

3,559 58 36.21% 82.76% 0.5060 0.8700

Health Technical Radiology

Technician

409 18 77.78% 77.78% 0.8410 0.8359

Health Technical Thoracic Surgery

Physician

83 11 9.09% 81.82% 0.1037 0.8822

Research Central Laboratory

Technician

65 12 66.67% 83.33% 0.7655 0.8173

Research Thoracic Oncology

Institute

Laboratory

Technician

11 6 83.33% 83.33% 0.8487 0.8829

Research Cardiovascular

Basic Research

Center Laboratory

Technician

21 7 71.43% 85.71% 0.8105 0.9021

Macro-average — — — 61.18% 82.64% 0.6632 0.8702
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Abbreviations: Cat., category; Pos., position; N , number of candidates; R, number of reference candi-

dates; RP, Raw Prompt; PBM, pipeline-based model; R-Prec., R-Precision; NDCG, normalized discounted

cumulative gain.

The largest improvement was observed for the Thoracic Surgery Physician posi-

tion, for which R-Precision increased from 9.09% to 81.82% and NDCG@R increased

from 0.1037 to 0.8822. Despite the substantially larger number of candidates for the

Nurses for Clinical Nursing Units position, its R-Precision increased from 36.21% to

82.76%. For the Radiology Technician position, R-Precision was identical under the

two methods, and NDCG@R differed by only 0.0051.

3.3 Performance Across Manual-Review Pool Sizes

The pipeline-based model maintained higher macro-average Recall@K across all pool

sizes (Table 5). Recall increased from 82.64% at R to 88.47% at approximately

1.25R, 92.75% at 1.5R, and 97.83% at 2R. Further expansion of the pool from 2R

to 3R increased recall by only 0.83 percentage points, whereas F1 decreased as more

nonreference candidates entered the review pool.

Table 5: Macro-average performance across manual-review pool sizes

Pool

RP

Recall

PBM

Recall

RP

F1

PBM

F1

RP

NDCG

PBM

NDCG

R 61.18% 82.64% 61.18% 82.64% 0.6632 0.8702

Approx. 1.25R 66.58% 88.47% 57.35% 76.44% 0.6959 0.9050

Approx. 1.5R 73.15% 92.75% 57.28% 72.57% 0.7328 0.9287

Approx. 2R 83.35% 97.83% 55.03% 64.19% 0.7852 0.9548

Approx. 3R 86.39% 98.66% 44.11% 50.05% 0.7993 0.9592

Abbreviations: Pool, manual-review pool size; RP, Raw Prompt; PBM, pipeline-based model; F1, F1 score;

NDCG, normalized discounted cumulative gain.
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3.4 Abstract-Module Ablation Study

After removal of the publication-abstract relevance module, R-Precision decreased

for the Central Laboratory Technician and Cardiovascular Basic Research Center

Laboratory Technician positions, whereas the result for the Thoracic Oncology Insti-

tute Laboratory Technician position remained unchanged (Table 6). Across the three

research positions, macro-average R-Precision decreased from 84.13% to 73.81%, and

macro-average NDCG@R decreased from 0.8674 to 0.8022.

Table 6: Results of the abstract-module ablation study for research positions; R-

Precision ∆ values are percentage-point differences

Pos. R

+Abs.

R-Prec.

-Abs.

R-Prec.

∆R-Prec.

(pp)

+Abs.

NDCG

-Abs.

NDCG ∆NDCG

Central Laboratory

Technician

12 83.33% 66.67% −16.67 0.8173 0.7132 −0.1041

Thoracic Oncology

Institute Laboratory

Technician

6 83.33% 83.33% 0.00 0.8829 0.8829 0.0000

Cardiovascular Basic

Research Center

Laboratory Technician

7 85.71% 71.43% −14.29 0.9021 0.8105 −0.0916

Macro-average — 84.13% 73.81% −10.32 0.8674 0.8022 −0.0652

Abbreviations: Pos., position; R, number of reference candidates; +Abs., with publication abstracts; -Abs.,

without publication abstracts; R-Prec., R-Precision; pp, percentage points; NDCG, normalized discounted

cumulative gain; ∆, difference calculated as without abstracts minus with abstracts.

For the Central Laboratory Technician position, eight candidates received valid

abstract contributions, accounting for 12.31% of the candidates for that position; the

maximum valid contribution was 0.30 points. After ablation, the number of reference

candidates in the top-R pool decreased by two. Thus, the effect of this module was

concentrated primarily among candidates with similar base scores near the shortlist

boundary.
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3.5 Interpretability and Agreement With Archived Expert

Shortlists

As shown in Table 3, the model’s field-extraction results showed high agreement with

the manually reviewed reference standards. To evaluate which model components were

most closely associated with historical expert decisions, associations between module

scores and binary archived-shortlist labels were further calculated within each position;

the results are summarized in Table 7 and visualized in Figure 4.

Table 7: Within-position correlations between model scores and archived expert

shortlists

Score/Mod. Mean ρ 95% CI P

Final Score 0.583 0.473–0.670 0.002

Research/Experience Module 0.587 0.521–0.642 0.002

Basic Information Module 0.276 0.116–0.423 0.014

Education/Fit Module 0.134 0.029–0.253 0.049

Abbreviations: Mod., module; CI, confidence interval; P , exact probability value; ρ, Spearman rank-

correlation coefficient.

Fig. 4 Agreement between model scores and archived expert shortlists. Macro-average
Spearman correlation coefficients are shown across positions. Error bars indicate position-level boot-
strap 95% confidence intervals.
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The Research/Experience module showed the strongest association with the

archived shortlists (mean ρ = 0.587). Its within-position correlations were signifi-

cantly higher than those of the Basic Information module (paired exact Wilcoxon test,

P = 0.0098) and the Education/Fit module (P = 0.0039). The final score showed a

similar association strength (mean ρ = 0.583), indicating that weighted fusion pre-

served the principal signal from the Research/Experience module while incorporating

qualification criteria and person–job fit information. These correlations reflect the

degree of agreement between the model and the historical expert process.

4 Discussion

4.1 Principal Findings

The pipeline-based framework improved candidate identification and ranking per-

formance across different types of hospital positions. Compared with the Raw

Prompt baseline using the same foundation model, modular processing increased

macro-average R-Precision by 21.46 percentage points and NDCG@R by 0.2070.

Improvements were particularly pronounced for the Thoracic Surgery Physician and

nursing positions, indicating that explicit decomposition is especially valuable when a

position combines clearly defined mandatory qualifications with semantic evaluation

of professional experience.

The results also support the use of an expanded manual-review pool in practice.

At a pool size of approximately 2R, the system had already retrieved 97.83% of the

archived reference candidates, with limited additional gains from further expansion.

This finding provides an operational and explainable threshold for manual review but

does not imply that automated ranking can replace expert judgment.
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4.2 Methodological Contribution and Domain Transfer

The methodological contribution of this study lies in integrating three types of

knowledge: general linguistic knowledge encoded in the frozen LLM, task-specific

recruitment knowledge learned in a compact soft prompt and constrained by expert

scoring schemes, and publication evidence obtained through restricted external

retrieval. Unlike full-parameter fine-tuning, only the continuous prompt embeddings

were optimized, allowing the Qwen backbone to remain unchanged. Unlike a mono-

lithic Raw Prompt approach, the framework separated evidence extraction, semantic

judgment, deterministic rules, and final score calculation. The performance improve-

ments observed in the comparative experiments provide empirical support for this

combined parameter-efficient and system-level design.

The internet-retrieval branch should also be distinguished from unrestricted web

browsing. Queries in this study were generated only from publication titles self-

reported by candidates, and retrieved content was used as supporting evidence rather

than as an independent source of personal information. This restriction improved

traceability and reduced the risk of introducing irrelevant or sensitive information.

4.3 Interpretability and Human Oversight

The interpretability analysis showed that the Research/Experience module was the

component most strongly associated with archived expert shortlists. The abstract

ablation study further demonstrated that even small semantic contributions could

alter the relative ordering of candidates near the shortlist boundary. These findings

indicate that explanations should include both global module importance and local

evidence contributions. In practical deployment, recruiters should be able to inspect

extracted text, triggered rules, module scores, and their effects on the final ranking.
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However, agreement with historical shortlists is not equivalent to normative

correctness. Historical decisions may contain unobserved preferences or biases. Accord-

ingly, the system should be used as a decision-support and prioritization tool, protected

demographic attributes should be excluded from scoring, and final decisions should

remain subject to accountable human review [16–19].

4.4 Limitations

This study has several limitations. First, it was conducted at a single hospital

using retrospective recruitment records; external and prospective validation are there-

fore required. Second, only nine positions had complete reference shortlists available

for ranking comparisons, limiting the sample size for position-level statistical tests.

Third, the reference shortlists represented an operational gold standard rather than

independently adjudicated continuous ratings. Future studies should collect blinded,

multi-rater assessments and report inter-rater agreement, intraclass correlation coeffi-

cients, and calibration results. Fourth, the soft prompt was initialized from a manually

designed recruitment instruction and learned from historical labels; prompt length,

initialization, optimization settings, and checkpoint versions therefore require con-

trolled reporting. Fifth, publication retrieval may be affected by title ambiguity and

incomplete metadata. Finally, only the prompt embeddings were tuned; future work

should compare this approach with LoRA and full-parameter fine-tuning on strictly

independent external test sets.

5 Conclusions

This study demonstrates the value of an internet search–augmented soft prompt

tuning framework as a scalable and auditable decision-support system for health-

care recruitment. By combining structured evidence extraction, restricted publication
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retrieval, parameter-efficient semantic adaptation, job-specific rules, and transpar-

ent score fusion, the system can standardize heterogeneous resume review, identify

qualified candidates more reliably than a monolithic Raw Prompt approach, and con-

centrate human attention on a manageable priority pool while retaining an inspectable

evidence trail for every ranking. The framework is intended to reduce repetitive

screening workload and improve consistency without replacing accountable human

judgment. Multicenter prospective studies should evaluate generalizability, fairness,

and operational impact before broader deployment.
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AI: artificial intelligence; API: application programming interface; CI: confidence inter-
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