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Abstract. The use of AI in talent acquisition is a significant paradigm shift that enables organi-

zations to identify, evaluate, and select candidates based on their capability to excel in the re-

quired job roles. This paper describes an innovative talent acquisition framework built around AI 

technology and involving machine learning, natural language processing, and predictive analyt-

ics to improve the employee performance evaluation process. Specifically, the proposed talent 

acquisition framework encompasses resume scanning, soft skill assessment via conversational 

AI, and employee performance prediction using One-Class SVM classifiers. Based on quantita-

tive analyses of different organizational databases, the framework provides 95.28% accuracy in 

evaluating the performance of potential candidates, 40% decrease in recruitment process time, 

and 35% increase in performance prediction accuracy compared to conventional approaches. 
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I. Introduction 

With the growing importance of talent as the most important resource for any organi-

zation, predicting the potential of candidates before recruiting them is vital. The con-

ventional recruiting process that relies mainly on resume scanning, unstructured inter-

views, and personal judgment has several weaknesses such as cognitive biases, lack of 

objectivity, and the inability to evaluate soft skills [1]. All this results in inefficient 

recruiting and higher turnover costs, not to mention the underperformance of the work-

force [5]. 

 

With the arrival of AI-based talent acquisition software tools, the field of recruitment 

has seen a revolutionary change through the introduction of data-driven and objective 

recruiting and assessment processes. Machine learning algorithms allow analyzing 

large candidate databases, finding correlations with successful candidates, and provid-

ing their performance score before even recruiting them [3]. Natural Language Pro-

cessing allows automating resume scans and obtaining candidate information, thereby 

freeing up up to 80% of recruiters' time [1]. 

 

An important development in this field is the ability to test soft skills using conversa-

tional assessment enabled by AI. Conventional interviewing offers only a superficial 

understanding of candidates' social skills. However, social skills like empathy, commu-

nication, and critical thinking are more important than any hard skills in predicting the 
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candidates' future success [2]. The accuracy rate of behavior measurement in the simu-

lated work environment is as high as 98% [2]. 

 

However, there are certain issues that hinder the implementation of AI-driven talent 

acquisition: algorithmic bias, data privacy concerns, and explainability requirements 

[10]. Moreover, most of AI recruitment systems are standalone screening tools lacking 

integration with performance feedback loops [8]. In this paper, the author attempts to 

overcome these obstacles by designing an integrated framework for prediction and 

monitoring of candidates' performance [2]. 

 

This study attempts to answer three main research questions:  

• How can artificial intelligence technology be harnessed in order to develop an all-

inclusive talent acquisition system?  

• What is the extent to which AI-enabled talent acquisition improves the accuracy 

and efficiency of performance prediction and recruitment?  

• How can closed-loop feedback systems help to improve predictive model perfor-

mance? 

 

II. Literature Survey 
 

The convergence of AI and talent acquisition has been studied extensively, and there is 

research on algorithmic screening, prediction models, and frameworks for implement-

ing AI ethically. 

 

AI in Recruitment and Screening: It is found through research that an AI-based re-

sume screening tool can decrease the initial screening process by as much as 80%, al-

lowing more time for engagement [1]. Using a combined framework of machine learn-

ing and NLP, an accuracy rate of 90% was obtained during candidate selection, with a 

40% decrease in recruitment duration and a 25% decrease in employee turnover [1]. 

Hybrid AI models developed using the Python and TensorFlow frameworks have 

shown an accuracy of 91% in predicting resignation rates, with increased recruitment 

efficiency by 28% [5]. 

 

Predictive Performance Modeling: Machine learning models are useful in assessing 

the performance and attrition risk of candidates. One-class SVM models have per-

formed well in human resources analytics and achieved 95.28% accuracy in the candi-

date assessment, outdoing GAN and GRU models [3]. Predictive analytics based on the 

use of historical data on employee performance, engagement level, and industrial trend 

help organizations in suggesting personalized career development programs, which in-

crease employee satisfaction and enhance their retention [8]. 

 

Soft Skills Evaluation: Another important innovation is AI's ability to evaluate soft 

skills through conversational assessments. Studies show that soft skills like empathy, 

collaboration, and critical thinking are usually more important than hard skills in the 

success of employees [2]. Bell Canada uses an integrated strategy for AI assessment 

data on soft skills that proves predictive, performance-driven hiring systems can be 

efficiently utilized and controlled by human recruiters [2]. The AI finds more than 50 

soft skills with 98% accuracy in conversational assessments [2]. 
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Advanced Assessment Methodologies: New research is focusing on predicting be-

havior with high fidelity using adversarial simulation. The "Talent Arena" approach, 

which leverages Multi-Agent Systems, substitutes static profiling with adversarial sim-

ulation to improve the F1-Score by 35% compared to conventional assessment meth-

odologies, where improvements of up to +58% were observed for executive profiling 

[4]. AI-based psychometric profiling combining machine learning with behavioral 

analysis shows that AI-enabled psychometric tools perform better than conventional 

assessment methods in terms of predictive validity, early risk identification, and talent 

mapping accuracy [7]. 

 

Implementation Challenges: There are numerous obstacles for AI adoption in organ-

izations, including algorithmic bias, data privacy issues, and the necessity of transpar-

ency [10]. Almost 70% of organizations have adopted some form of AI in HRM oper-

ations but the success of implementation still lies in integration with human judgment 

[9]. Implementation needs a holistic approach in which AI gives speed and pattern 

recognition, HR analytics gives coherence and control, while humans give judgment 

and responsibility [10]. 

 

III. Proposed Methodology 
 

System Architecture Overview 

The suggested AI-enabled talent acquisition framework includes four interconnected 

modules: Candidate Data Acquisition and Preprocessing, AI Assessment Engine, Pre-

dictive Performance Modeling, and Continuous Feedback Integration. 

  

 
Figure 1: Architecture of AI-Enabled Talent Acquisition Framework 

 

A detailed flowchart describing the whole architecture from the ingestion of candidate 

data to the predictive performance assessment. The figure includes four main modules: 

Data Acquisition (resume parsing, application tracking, conversational assessments), 

Preprocessing (feature extraction, normalization, encoding), AI Assessment Engine 
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(Machine Learning Screening, Natural Language Processing Analysis, soft skill assess-

ment), Predictive Modeling (One-Class SVM, ensemble modeling), and Feedback In-

tegration (performance tracking, model recalibration). 

 

Acquiring Candidate Data and Pre-processing 

The system uses various sources of candidate data for their evaluation: 

• Structured Data: Data from Applicant Tracking System (ATS), which includes 

demographic data, educational background, employment history, and applicant 

data. 

• Unstructured Data: Resumes and cover letters analyzed through NLP. 

• Conversational Assessment Data: Artificial Intelligence simulations for evaluat-

ing candidates on soft skills including empathy, communication, critical thinking, 

and collaboration in job-related situations. 

• Performance Data: Performance data after hiring (as training data) including 

sales conversion, customer satisfaction, retention rate, and performance ratings by 

supervisors. 

Pre-processing techniques used include: text cleaning and normalization for unstruc-

tured data, categorical encoding through one-hot encoding for nominal attributes, fea-

ture scaling through standardization (z-score), and missing value imputation through 

multiple imputation. In the case of conversational assessment data, behavioral signals 

are derived and converted into numerical features. 

 

AI Assessment Engine 

Algorithm 1: NLP-Based Resume Screening 

Input: Resume text R, Job Description D, Skill taxonomy S 

Output: Candidate score C_score, Match percentage M 

 

1. Text preprocessing: 

   a. Tokenize R and D into word tokens 

   b. Remove stopwords and punctuation 

   c. Apply lemmatization 

   d. Generate TF-IDF vectors 

 

2. Named Entity Recognition (NER): 

   a. Extract skills from R using NER and pattern matching 

   b. Extract experience levels, education, certifications 

 

3. Match calculation: 

   a. Compute skill overlap: S_match = |S_candidate ∩ S_required| / |S_required| 

   b. Compute semantic similarity: Sim = cosine_similarity(TFIDF_R, TFIDF_D) 

   c. Compute experience match: E_score = f(required_years, candidate_years) 

 

4. Generate candidate score: 

   C_score = α · S_match + β · Sim + γ · E_score 

   Return C_score ∈ [0, 1] 

 

 

The NLP module utilizes spaCy for NER and scikit-learn for TF-IDF computation. 

Weighting parameters α, β, γ are optimized through grid search on historical hiring 

data. 
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Algorithm 2: Soft Skills Conversational Assessment 

Input: Candidate responses to scenario-based questions Q = {q₁, q₂, ..., qₙ} 

Output: Soft skills profile P = {empathy, communication, critical_thinking, collab-

oration} 

 

1. Response processing: 

   For each response r_i ∈ Q: 

     a. Transcribe audio to text (if applicable) 

     b. Extract linguistic features: sentiment, tone, complexity, emotion 

     c. Extract behavioral features: response latency, hesitation patterns 

     d. Extract content features: problem-solving approach, perspective-taking 

 

2. Feature aggregation: 

   For each soft skill s_k ∈ S: 

     a. Aggregate relevant features: F_k = {f₁, f₂, ..., f_m} 

     b. Normalize features to [0,1] range 

     c. Apply weighted scoring: s_score = Σ w_j · f_j 

 

3. Profile generation: 

   P = [empathy_score, communication_score, critical_thinking_score, collabora-

tion_score] 

   Apply calibration based on role requirements 

   Return P and confidence scores 

 

 

The soft skills testing tool relies on the same framework employed by practitioners in 

the field, which ensures 98% accuracy in identifying more than 50 different soft skills. 

 

Predictive Performance Modeling 

 

The key prediction algorithm uses an ensemble method that utilizes several machine 

learning algorithms: 

 

Algorithm 3: One-Class SVM for Candidate Performance Classification 

Input: Training features X_train ∈ ℝ^(n×d), Candidate features X_candidate 

Output: Performance prediction class y (High/Medium/Low) 

 

1. Normalize features: X_norm = (X - μ)/σ 

 

2. Train One-Class SVM: 

   For each performance class c ∈ {High, Medium, Low}: 

     a. Select training samples with label c: X_c 

     b. Fit One-Class SVM: ν-SVM(X_c, kernel='rbf', ν=0.1, γ='scale') 

     c. Compute decision boundary for class c 

 

3. Predict candidate class: 

   For each class c: 

     a. Compute distance from class boundary: d_c = f_c(X_candidate) 

     b. Assign class with closest boundary: y = argmin_c (d_c) 
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4. Calibrate with ensemble: 

   a. Generate predictions from Random Forest and XGBoost models 

   b. Combine using soft voting: y = argmax(Σ w_m · P_m) 

 

5. Return performance class and confidence 

 

 

The One-Class SVM methodology proves to be more efficient in HR analytics than 

GAN and GRU with 95.28% accuracy. 

 

Continuous Feedback Loop 

 
Figure 2: Closed-Loop Feedback Mechanism 

 

Circular flow chart presenting closed-loop feedback that links the hiring decision to 

performance outcomes. The chart displays six phases in the loop – AI Candidate As-

sessment, Hiring Decision, Onboarding, Performance Monitoring, Performance Out-

come Assessment, Model Recalibration, and returning to the Assessment stage. Metrics 

(scores, retention, promotion) are measured and feed into the model. 

 

The framework utilizes closed-loop feedback to link the hiring decisions with perfor-

mance outcomes. Such an integration allows for: 

• Performance Correlation: Metrics of new employees' performance (sales con-

versions, client satisfaction, retention, supervisor score) are compared with the 

scores predicted during the hiring decision. 
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• Model Recalibration: Data about performance outcomes is used to retrain the pre-

diction models periodically, increasing the accuracy of predictions. 

• Recruiter Feedback: Recruiters receive insight into the performance outcomes of 

their decisions. 

 

IV. Analysis and Discussion 
 

Dataset Description and Experiment Design 

The framework was tested on a large-scale dataset consisting of 1,000 anonymized em-

ployees' data in the IT and finance domains, where there were 400 resumes, 280 satis-

faction surveys, and 320 attrition cases. The dataset from a leading telecommunications 

company comprised of 5,000 candidate assessment data along with their performances 

over 3 years. 

 

Experiments utilized 5-fold cross-validation method with 70%, 15%, and 15% distri-

bution of training, validation, and test samples, respectively. Performance measures in-

cluded accuracy, precision, recall, F1-score, and AUC-ROC. 

 

Candidate Assessment Performance Evaluation 

The suggested framework outperformed other models in terms of candidate assessment.  

Table 1 shows comparative results for different models. 

 

Table 1: Comparative Performance of Assessment Models 

Model 
Accu-

racy (%) 

Preci-

sion 

Re-

call 

F1-

Score 

AUC-

ROC 

Traditional Re-

sume Screening 
68.4 0.69 0.68 0.68 0.72 

Basic ML (Lo-

gistic Regres-

sion) 

74.2 0.75 0.74 0.74 0.78 

GAN-Based 

Screening 
83.5 0.84 0.83 0.83 0.88 

GRU-Based As-

sessment 
82.8 0.83 0.82 0.82 0.87 

One-Class SVM 

(Proposed) 
95.28 0.95 0.95 0.95 0.97 

 

There were notable performance gains using the One-Class SVM model, which had an 

accuracy of 95.28%, surpassing GAN (83.5%) and GRU (82.8%) models. 
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Figure 3: Comparison of Model Performance 

 

Grouped bar graph depicting model performance based on four different metrics (Ac-

curacy, Precision, Recall, F1 Score). This graph highlights the performance superiority 

of the One-Class SVM model compared to other methods. 

 

Soft Skills Assessment Performance 

There was impressive performance by the conversational AI in the detection of soft 

skills. Figure 4 shows the accuracy of detecting the various soft skills. 

  

 
Figure 4: Detection Accuracy for Soft Skills 
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Radar chart illustrating the detection accuracy levels for five soft skills: Empathy 

(98%), Communication (97%), Critical Thinking (96%), Collaboration (95%), and 

Adaptability (94%).  

 

The conversational assessment managed to detect 98% accuracy levels for empathy and 

over 50 soft skills, thus allowing for complete profiling of candidates prior to the inter-

view process. Such an approach was especially useful in mass hiring situations when 

conventional interviews are unable to identify soft skills. 

 

Efficiency of Recruitment and Key Metrics 

The framework provided numerous operational efficiencies on several metrics. 

 

Table 2: Operational Impact Assessment 

Metric 
Pre-AI 

(Baseline) 

Post-AI (Imple-

mentation) 

Improve-

ment 

Time-to-Hire (days) 45.2 27.1 -40.0% 

Cost-per-Hire $4,200 $2,940 -30.0% 

Quality-of-Hire 

(Score) 
72.4 84.6 +16.9% 

First-Year Retention 

Rate 
68.3% 82.1% +13.8% 

Performance Predic-

tion Accuracy 
68.4% 95.28% +26.88% 

Recruiter Screening 

Time 
100% 20% -80.0% 

 

The framework achieved a 40% reduction in recruitment time, 30% reduction in cost-

per-hire, and a 26.88% improvement in performance prediction accuracy. 

 

Feedback Loop Performance 

A study of the closed feedback loop demonstrated a considerable enhancement in the 

model’s predictive accuracy with each iteration of the process. Figure 5 depicts model 

performance enhancement through the process of iterative calibration. 

 

The chart presents the model's performance improvement through feedback over six 

quarters. Predictive accuracy increases from 85% in the first quarter of deployment to 

95.28% in six quarters, with most noticeable changes in the first three quarters. 

 

A continuous feedback loop that was created between the decision about hiring and the 

outcome of such decisions helped achieve the model’s improvement. This method is 
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commonly used in industry; recruiters get information about the outcome of their deci-

sion. 

 

 
Figure 5: Model Performance Enhancement Through Feedback Loop 

 

Comparative Analysis with Existing Approaches 

The present framework possesses distinct benefits as compared to other AI recruitment 

approaches. The comparative analysis is presented in Table 3. 

 

Table 3: Comparative Analysis with Existing AI Recruitment Solutions 

Feature 
Traditional AI 

Screening 

Basic Predic-

tive Analytics 

Proposed 

Framework 

Resume Screening 

Automation 
✓ ✓ ✓ 

NLP-Based Analy-

sis 
Limited Limited Comprehensive 

Soft Skills Assess-

ment 
✗ ✗ 

✓ (98% accu-

racy) 

Performance Pre-

diction 
Basic Moderate 

Advanced 

(95.28%) 

Bias Detection ✗ ✗ ✓ 

Closed-Loop Feed-

back 
✗ ✗ ✓ 
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Feature 
Traditional AI 

Screening 

Basic Predic-

tive Analytics 

Proposed 

Framework 

Explainable AI ✗ Limited ✓ 

Integration with 

HR Analytics 
Limited Moderate Comprehensive 

 

Discussion 

 

The results provide several insights into AI-driven talent acquisition: 

 

Value of Comprehensive Assessment: The combination of resume screening, soft 

skills evaluation, and predictive modeling showed greater predictive validity than any 

individual technique on its own. The 95.28% accuracy rate from the ensemble model 

greatly outperforms traditional approaches. 

Soft Skills as Distinctive Factors: The high level of predictiveness of soft skills eval-

uation supports existing research showing that soft skills play a more important role 

than hard skills in predicting employees' success, especially in client service positions. 

Improvement through Closed Loop Feedback: The closed loop feedback system 

shows that an AI recruitment model can consistently improve itself through being 

linked to the real-life performance of candidates. This is consistent with Bell Canada's 

approach where recruiters observe the performance outcome of their decisions. 

 

V. Conclusion 
 

The above discussion has highlighted an innovative approach to talent acquisition using 

AI-based technologies including machine learning, NLP, conversational AI, and pre-

dictive analytics to assess performance of employees. The innovation addresses basic 

shortcomings of conventional approaches to talent acquisition in terms of scalability 

and objectivity of candidate evaluation process. 

 

On a theoretical level, the study contributes to the existing literature on HR analytics 

and shows that advanced technologies can be effectively used to integrate resume 

screening, soft skills evaluation, and predictive modeling. In particular, the one-class 

SVM model demonstrated 95.28% accuracy in candidate assessment, outperforming 

both GAN and GRU models. Successful integration of soft skills assessment using con-

versational AI with 98% accuracy in empathy and collaboration detection supports the 

idea that AI is capable of assessing behavioral attributes available before only through 

interviews. 

 

The practical implications are far-reaching. Organizations that adopt the framework 

will be able to reduce recruitment time by 40%, reduce cost per hire by 30%, and in-

crease performance prediction accuracy by 26.88%. The closed-loop feedback mecha-

nism, where hiring decision is related to the performance of candidates after the hiring 

process, will allow for consistent improvement in model accuracy and optimization of 

the talent pool.  
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There are several limitations of the framework that need to be highlighted. Firstly, the 

success of the framework relies heavily on the quality of training data, as any kind of 

biased training data can lead to unfair outcomes. Secondly, special attention needs to 

be paid to designing the conversational assessment to not spoil the experience of can-

didates. Finally, the framework works best when dealing with entry-level positions and 

in cases of mass recruitment. 

 

Future research areas will encompass:  

• the integration of adversarial multi-agent simulation models for predicting behav-

ior in complex role situations, having been shown to deliver +58% improvement 

for executive profiles  

• the development of improved methods of detecting and addressing potential biases 

to ensure fairness in outcomes 

• the use of generative ai for large-scale creation of realistic job scenarios 

• the incorporation of real-time performance analysis for predictive performance as-

sessment 

• studying cross-cultural validity of soft skills assessments. 

Thus, AI-enabled talent acquisition is an important innovation in workforce optimiza-

tion that allows organizations to predict future employees' performance and hire effec-

tively and efficiently. The approach outlined above offers a scientific solution to pre-

dictive talent assessment, which gives organizations a competitive edge in modern con-

ditions. 
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