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Recruitment teams must review applications, compare qualifications, and decide
T ) which candidates should move forward. When applications arrive in large numbers,
{/Sj{:ln(]ce)rllolge) - 3049-1215 these steps can take substantial time. Artificial Intelligence (Al), Machine Learning

(ML), and Natural Language Processing (NLP) can assist with resume screening, skill
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Published: 30-10-2026 supported recruitment, Robotic Process Automation (RPA), semantic matching,
Page No: 49-53 Explainable Al, and predictive HR analytics. It considers where these methods are

useful and where their limitations remain. The framework discussed here uses
specialized agents for resume analysis, job analysis, skill-gap prediction, interview
generation, behavioral response analysis, and retention-risk estimation. Fairness,
privacy, clear explanations, and human review are treated as necessary safeguards.
Testing with appropriate real-world data will be needed before the framework’s value
can be established.
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1. Introduction

Recruitment decisions shape the workforce an organization builds and can affect both productivity and business results. In
practice, recruiters often spend considerable time reading resumes, checking qualifications against a vacancy, preparing
shortlists, and planning interviews. The workload becomes more difficult when many people apply for the same position.
Recruiters must also apply the job criteria consistently, rather than allowing irrelevant details to influence their judgement.

Al and Robotic Process Automation (RPA) can offload some of this workload. For example, a system might read documents for
information, tag data or help schedule interviews. Kanakova and Prokhorov [ have looked at the usage of Al in software robots.
Moreira et al. [ have talked about the challenges of RPA applications and their implementation. Ribeiro et al. ¥ analyzed the
utilization of these technologies in Industry 4.0. Their work suggests potential advantages in everyday information processing,
but also raises practical problems regarding data quality, compliance, openness and the trustworthiness of automated conclusions
(5]

Automation can take some repetitive tasks away from HR staff, although it does not remove the need for their judgement.
Mhaske et al. [l described an RPA-based assistant for recruitment, and related studies have considered combining Al and RPA
in business workflows 1. Large Language Models (LLMs) add another possible use: they can help interpret vacancy
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requirements, compare them with candidate profiles, and
prepare interview questions for a particular role 1. Recruiters
still need to check these outputs, especially when they may
affect a person’s employment opportunities.

Fairness remains a concern as recruitment tools become more
automated. If historical hiring records contain discriminatory
patterns, a model trained on those records may learn to repeat
them. Li et al. 1%, A responsible system should provide
explanations that people can review, monitor potential bias,
and leave consequential decisions under appropriate human
supervision.

This paper reviews studies on Al-based recruitment, resume
analysis using NLP, semantic candidate matching, candidate
ranking, skill-gap  prediction, adaptive interviews,
Explainable Al, and employee retention forecasting. It then
considers how a Multi-Agent Al design might coordinate
these functions instead of treating them as separate tools. The
review identifies limitations in current approaches and areas
that need more investigation before such systems can be used
responsibly in practice.

2. Problem Statement

Recruitment is made up of linked activities, including resume
review, skill assessment, shortlisting, and interview
preparation. Many Al systems concentrate on a small part of
this process, so recruiters may still need to bring results
together themselves. Some tools do not clearly show which
required skills a candidate lacks, how interview questions
should change with a candidate’s answers, or why one
applicant has received a higher ranking than another.
Predicting employee retention adds another layer of
complexity. These limitations sit alongside concerns about
privacy, bias, transparency, and accountability. This study
therefore considers an integrated Multi-Agent Al framework
that links resume analysis, semantic matching, skill-gap
prediction, candidate ranking, adaptive interviews,
behavioral response analysis, and retention forecasting, with
human review and fairness checks built into the process.

3. Objectives

* To review the Al and Machine Learning methods used
to support recruitment tasks.

* To examine how NLP can extract resume information
and compare candidate profiles with the requirements of
a job.

« To Come up with interview questions that actually get
good answers. Spot the skill gaps, and figure out how
you’ll score each candidate.

« To Talk about Explainable Al—how it helps recruiters
understand why a system recommends certain people,
and how they can check if those recommendations are
fair and responsible.

» Todiginto current research, find out what’s missing, and
look at how Multi Agent Al gets used in linking
recruitment automation to staff retention predictions.
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4. Literature Survey

Afrin et al. (2025), in “““AI-Enhanced Robotic Process
Automation: A Review of Intelligent Automation
Innovations” looked at how Artificial Intelligence (Al)
is being used into Robotic Process Automation (RPA).
Examples included resume screening, candidate ranking
and interview scheduling..

Gotzen et al. (2022) The study “Understanding the
organizational impacts of Robotic Process Automation:
A socio-technical  perspective”  explored  the
organizational impacts of RPA. The framework includes
technical setups and social and organizational elements.
One aspect of this study is that it’s not simply about the
software, but also how people and processes will adapt
to it. Thus, clear duties and good human-machine
interaction are necessary.

Kanakova and Prokhorov (2022) explored Al based
software robots in “Analysis and Applicability of
Artificial Intelligence Technologies in the Domain of
RPA  Software Robots for Business Process
Automation”. They spoke of jobs such as recognizing
documents, categorizing material, extracting
information and aiding decision making. With these
characteristics this automation can be extended beyond
pre-defined rules. Such qualities need to be organized in
a recruitment process that can communicate its ideas,
which has to be further explored.

Moreira et al. (2023), The study “Process Automation
Using RPA — A Literature Review” is concerned with the
applications of RPA and the challenges businesses
confront during implementation. They are talking about
reducing manual work and improving efficiency of
processes by automating repetitive operations. In fact,
companies still need to define key activities, and resolve
challenges that arise in implementation.

Herm et al. (2021) From Symbolic RPA to Intelligent
RPA Challenges in Building and Running Intelligent
Software Robots looked at the move from rule-based
automation to intelligent software robots. In their
literature analysis and expert interviews they discovered
difficulties surrounding limited training data, bias,
compliance and explainability. These results are
important in relation to intelligent agents for recruiting
where the output of a system might influence prospects
for people .

Ribeiro et al. (2021) studied Al and RPA in Industry 4.0
in “Robotic Process Automation and Artificial
Intelligence in Industry 4.0 — A Literature Review. The
techniques discussed included neural networks, text
mining and Natural Language Processing with
applications for information extraction, classification,
forecasting and process improvement. More work is
needed to integrate these skills into a recruitment
strategy that includes covers skill shortages, adaptive
interviews, and employee retention predictions.
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Table 1: Comparison Table
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Author & Year Method Used Advantages Limitations
Afrin et al. (2025) Al and RPA integration Improves auto'm_at|on and Bias and explainability issues
productivity

Gotzen et al. (2022)

Socio-technical RPA
framework

Improves human—machine
collaboration

Requires organizational adaptation

Kanakova & Prokhorov
(2022)

Al-based software robots

Supports intelligent document
processing

Limited focus on complete recruitment

Moreira et al. (2023)

RPA literature review

Reduces repetitive manual work

Implementation challenges remain

Herm et al. (2021)

Intelligent RPA

Identifies challenges in Al-based

Data bias and limited explainability

automation
Ribeiro et al. (2021) | Al and RPA in Industry 4.0 Supports |nforma§|o_n extraction and Recruitment-specific integration needs
prediction further study

5. Working of System

Fig 1: Design of the system

6. System Design

6.1. Client Layer

HR may post jobs, get a feel for how prospects measure up,
and get recommendations. Applicants can upload their
résumé, track their place in the hiring process and even
participate in interviews using the platform. If we make these
features work better on phones and tablets, it’ll be a lot easier
for everyone to get things done, no matter what device they
use.

6.2. Access and Security Layer

It provides FastAPI-powered authentication, authorization,
role-based permissions, request validation and API gateway
support. The idea is to save candidate data and enable users
to utilize only the functionalities they are allowed to use
according to their role.

6.3. Multi-Agent Orchestrator

The orchestrator manages the work of the specialist agents. It
distributes each task to the proper component, controls the
sequence of actions, monitors execution and integrates the
outcomes. The aim of this coordination is to have the separate
agents work as elements of one recruitment process instead
of distinct tools.

6.4. Multi-Agent Al Layer

The Multi-Agent Al layer divides the recruitment operation
into individual tasks. Each agent conducts its duty and passes
its product into the bigger work flow

Curriculum Vitae analysis Agent: Extracts details about
candidate’s qualifications, education, work experience and
certifications from the resume. Job Analyzes Agent:
Determines the skills needed and wanted in the job
description. Skill Matching Agent: Matches skill based on the
semantic similarity between the profile of candidate and the
job requirement. Skill-Gap Prediction Agent: Indicates the
skills needed that might be missing or not sufficiently
demonstrated. Candidate Ranking Agent: Ranks the
candidates by relevant criteria connected to the vacancy.

6.5. Al and ML Services Layer

The agents use this layer for their Al services. The NLP
components interpret the language of resume and job
descriptions, with ML models predicting candidate fit,
potential skill gaps and attrition risk. Large language models
can be utilized to produce personalized interview questions.
Tools for explain ability are making the outputs of models
more transparent for inspection. Evaluation components are
a means of measuring performance.

6.6. Data and Storage Layer

This layer contains the data utilized for the purpose of
recruitment. They are applicant profiles, job descriptions,
skill records, applications, interview answers, employee
information, audit logs, submitted papers, etc. Resume files
and other supporting documents are stored in file storage and
structured data is stored in SQL.ite.
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6.7. Infrastructure and Technology Stack

The framework employs Python 3.12 for Al and ML
development, FastAPI to offer backend APIs and SQL.ite for
structured data. DB operations with SQLAIchemy. Data
validation with APl using Pydantic. The libraries used are
spaCy, Sentence Transformers, scikit-learn, XGBoost,
Transformers and SHAP, and they allow language
processing, prediction, semantic matching and interpretation
of model outputs.

6.8. Key Features and Outcomes

The approach integrates candidate evaluation, skill analysis,
adaptive interviewing, behavioral response analysis,
retention forecasting and fairness monitoring and data
protection. It’s intended to give recruiters a more holistic
view of applicants and job requirements and to enable them
to evaluate potential retention issues. These are goals of the
proposed design, not results already exhibited. They should
be evaluated by systematic testing.

www.FutureEngineeringJournal.com

e Overall System Design

Recruitment information is first received via the client
interface and goes via the management of access. The
orchestrator then distributes the assignments to the
appropriate agents. These agents assess candidate
information using the Al and ML services, make forecasts
and explanations for the HR personnel to examine.

7. Expected Outcome

The suggested framework aims to support few recruitment
steps through Al, Machine Learning, NLP and Explainable
Al. Its functions include screening applications, connecting
applicants to vacancies, determining skill gaps, ranking
candidates and preparing adaptive interview questions. It also
intends to provide for the inspection of evaluations, to check
for any fairness issues and to assess employee retention risk.
HR experts would have a combined dashboard to bring
together these results. The final employment choice always
requires human judgment and scrutiny.

Table 2
Sr. No. Expected Outcome
1 Automated resume screening and job-description analysis.
2 Improved candidate—job matching using semantic similarity.
3 Identification of candidate skill gaps.
4 Candidate ranking based on job-related criteria.
5 Generation of adaptive, role-specific interview questions.
6 Explainable candidate predictions using SHAP.
7 Behavioral response analysis and recruitment decision support.
8 Employee retention-risk prediction.
9 Fairness monitoring and secure recruitment data management.
10 HR dashboard for recruitment analytics and decision support.
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Fig 2: Expected Model Evaluation Metrics
Table 3: Evaluation Metrics
Sr. No. Task Accuracy | Precision | Recall | F1-Score
1 Resume Information Extraction 92% 90% 88% 89%
2 Candidate—Job Matching 87% 85% 83% 84%
3 Skill-Gap Prediction 86% 84% 81% 82%
4 Candidate Ranking 89% 87% 85% 86%
5 Interview Response Analysis 84% 82% 80% 81%
6 Employee Retention Prediction 88% 86% 83% 84%
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8. Conclusion

The reviewed work shows that Al, Machine Learning, NLP,
and RPA can assist with resume screening, candidate
matching, and recruitment workflow management. It also
highlights problems that cannot be ignored, including bias,
inconsistent data, limited transparency, and difficulty
explaining model outputs. The proposed Explainable Multi-
Agent Al Framework connects resume analysis, skill-gap
prediction, candidate ranking, adaptive interview generation,
behavioral response analysis, and employee retention
forecasting. Explainability methods, fairness checks, and
human review are included to support accountable use. Its
effectiveness cannot be assumed from the design alone;
implementation and evaluation in realistic recruitment
settings are still required.

9. Future Scope

There are a number of directions for future work. The system
might be tested with updated language models, resumes in
multiple languages and semantic matching techniques
suitable for specific industries. Questions in the interview
may be better tailored to each vacancy and the skill-gap
results should be linked with the appropriate training options.
Retention models should be validated using relevant post-
hiring data and benchmarked with other ML techniques.
Integration with Applicant Tracking Systems (ATS) and HR
platforms can also aid practical adoption. Future review
should include fairness, privacy, explainability, accuracy,
scalability and reliability on a range of real-world data.
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