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Abstract 

 

In organizational development, recruitment is a crucial phase and the selection of appropriate candidates 

plays a vital role in shaping the productivity, culture, and growth of the organization in the long run. The 

traditional methods of recruitment mainly depend on Resumes, Aptitude Test, and manual interviews 

which are less effective in measuring the emotional intelligence, behavioural traits, communication skills 

and psychological fitness of the candidates. Artificial Intelligence (AI) has been proving to be a viable 

solution to automate recruitment processes and enhance the efficiency of decision-making in recent 

years. But current AI driven recruitment systems primarily use keyword matching, facial expression or 

single behavioral factors, which suffer from several drawbacks like bias, lack of explainability, lack of 

adaptability and privacy issues. 

 

This paper proposes a problem statement and conceptual framework that is reviewed to develop an AI-

based emotional and behavioral assessment system for recruitment. The framework proposed 

incorporates multiple modalities like facial expressions, speech patterns, text responses, and behavioral 

interactions to better assess the suitability of candidates. The framework is built on principles of machine 

learning, deep learning, natural language processing, and explainable AI, to promote fairness, 

transparency, and reliability of decisions. The study reveals the key research gaps in current recruitment 

systems and the significance of intelligent and adaptive recruitment models that are emotion-aware and 

privacy preserving. The proposed solution is to help the recruiters to make an accurate, unbiased and 

data-driven decision during the hiring process. 

 

Keywords: Artificial Intelligence, Recruitment Analytics, Emotional Assessment, Behavioral Analysis, Deep 

Learning, Explainable AI, Multimodal Learning. 

 

1. Introduction 

1.1 Background of Intelligent Recruitment Systems 

  

Recruitment is a significant aspect in finding candidates who are capable and suitable for the growth and 

development of an organization. In the past, organizations have assessed candidates on the basis of their 

resume, written tests, interviews, and human observations. These techniques have been used for years 

but can have a number of drawbacks, including: personal judgment, interviewer bias, inconsistent criteria 
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for assessment, and poor insight into the candidate's personality and emotional intelligence. Manual 

assessment also is inefficient and time consuming in large scale recruitment set ups. [1] 

  

As AI technology evolves, businesses are turning to intelligent recruitment tools to automate resume 

screening, filtering, interview analysis, and hiring recommendations [2]. The advent of AI technologies like 

machine learning, deep learning, computer vision, speech analysis, and natural language processing has 

shown promise in making recruitment more efficient and of reducing manual tasks [2].  These 

technologies facilitate the automatic extraction of features that are candidate-relevant from text, audio 

and video, and behavior. [3] 

  

New AI-based recruitment systems aim at assessing communication skills, confidence, expressions, 

speech patterns and behavioural reactions during interviews [4]. Emotional intelligence and behavioural 

traits are seen as indicators of importance due to their direct impact on teamwork, leadership, stress 

management, adaptability, and workplace performance [5].  Hence, emotion-aware and behavior-aware 

intelligent recruitment systems have been increasing gaining research interests. 

  

1.2 Problem Statement 

  

Though AI-powered recruiting platforms have come a long way, there are some critical issues yet to be 

addressed. The current body of recruitment models is primarily designed to match the keywords in a CV 

or to detect basic facial expression emotions rather than to conduct a thorough multimodal emotional 

and behavioral evaluation [6]. This has led to the fact that these systems are not always able to create a 

full picture of the psychological and interpersonal profile of candidates. 

  

Bias in prediction and decision-making is one of the primary challenges of existing AI recruitment tools. 

Limited or imbalanced datasets may result in unintentional biases for certain groups of people, 

communication styles, or personality traits in AI models [2]. This could have a negative effect on fairness 

and diversity in the recruitment process. Furthermore, many recruitment models are presented as a black 

box where recruiters do not have a good understanding of how decisions are made. Without 

explainability, there is a lack of trust and transparency in the process of AI-backed hiring. [7] 

  

Another significant one is lack of generalization. Reactions and actions of humans are very different in 

different cultures, languages, gender and in the workplace. Current systems can be inflexible when dealing 

with varying populations of candidates and in different real-world situations [8]. System reliability is also 

impacted by noise in speech, lighting conditions, camera quality, and environmental noises. 

  

Another significant challenge with AI-driven recruitment processes is privacy and ethical issues. Emotional 

and behavioral evaluation includes private information including facial video, voice recordings, 

psychological signs and symptoms [9]. The potential misuse of such data could lead to privacy issues and 

ethical dilemmas related to surveillance and discrimination. [10] 
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In addition, most existing recruitment systems assess one modality (text, speech or facial expression) at a 

time [6]. Human emotions and behavioral patterns are, however, intrinsically multi modal in essence. The 

robust recruitment system must be well designed to include visual, textual, spoken, and behavioral 

information to enhance the accuracy and reliability of assessment. [11] 

  

Hence, a need for designing an explainable, fair, adaptive, privacy-preserving and multimodal AI-based 

recruitment system that can carry out a detailed emotional and behavioral evaluation [12] is required. 

  

1.3 Motivation of the Study 

  

With the rising competition in today's industries, there is a need for intelligent recruitment systems that 

will not only pick candidates based on their technical skills, but on their emotional stability, behaviour, 

communication skills and interpersonal skills [13]. Emotional intelligence has emerged as one of the key 

determinants of worker productivity, the ability to work in teams, leadership effectiveness and 

adaptability at work. [14] 

  

Subjective and inconsistent manual assessment of emotional and behavioral characteristics. The human 

interviewers can be susceptible to bias in the assessment of candidates because of their perception, 

fatigue, or the fact that they may have different criteria used to judge a candidate. Intelligent systems 

with AI capabilities can be used to minimize such limitations by providing data-driven and standardized 

assessment mechanisms. [15] [16] 

  

This study aims to build a multimodal AI model fusion framework based on facial expression recognition, 

speech emotion recognition, text sentiment analysis, and behavioral interaction analysis for recruitment 

purposes. Further, the incorporation of explainable AI techniques could further boost recruiter trust and 

transparency in their decision-making processes. [17] 

  

An additional factor driving the study is the desire to develop AI-driven recruitment platforms that 

prioritize privacy and uphold ethical standards, thereby reducing demographic bias and ensuring fair 

assessment of candidates. The proposed framework combines various modalities and intelligent learning 

mechanisms to enhance the quality, efficiency, scalability, and reliability of recruiting. [18] 

 

2. Literature Review 

 

The literature on emotional and/or behavioral assessment with the help of AI can be summarized in the 

following major aspects: 

 

2.1 AI-Based Recruitment and Resume Screening 

Using Artificial Intelligence for recruitment and resume screening should be a fundamental part of any HR 

strategy. AI is very widely used in recruitment for automating resume screening, shortlisting candidates, 

and the ranking of applicants [19].  Manual resume reading and subjective hiring decisions have been 

critical components of traditional recruiting methods, and they can lead to inconsistencies and biases. By 
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leveraging machine learning algorithms to match candidates with jobs, AI-driven systems enhance the 

efficiency of speed, scalability, and data-driven decision-making. But, the majority of the prevailing 

resume screening models concentrate primarily on a resume's keywords, qualifications and work 

experience [20]. They tend to miss assessment of emotional intelligence, communication skills, leadership 

capacity, and behavior fit. 

 

2.2 Working Memory in Mentiorship 

Emotion recognition is an important aspect of intelligent recruitment because the emotions indicate 

confidence, stress, nervousness, engagement, and communication behavior during an interview [21].  

Commonly used methods for detecting emotional state are facial expression analysis, speech emotion 

recognition, and text sentiment analysis. Computer vision models (CNN, Vision Transformers) can be used 

to analyze face expression, and speech models can be used to analyze tone, pitch and pause and voice 

stability [22].  But emotion recognition is not enough to be used in recruitment as there are various aspects 

of emotions which can differ in cultures, personalities, during the interview, and in the environment. Thus, 

emotion recognition must be coupled with competency and behavioral analysis. 

 

2.3 Behavioral and Soft-Skill Assessment 

 

Behavioral assessment is based on the evaluation of candidate's traits like confidence, team work, 

leadership, communication, adaptability, decision making capacity etc [23].  Traditional interviews are 

subjectively measuring these qualities, whereas AI based systems can help in evaluation in more 

standardized ways. Fluency, facial expression, eye contact, response structure and interaction patterns 

can all be used to identify behavioral indicators from speech.  In contrast to many current systems, 

however, do not offer a comprehensive behavioral profile, since they only examine one or two indicators. 

[24] To get a more credible and equitable candidate evaluation, a multi modal approach is necessary. 

 

2.4 Multimodal Deep Learning for Candidate Evaluation 

 

Multimodal deep learning takes many types of candidate information (resume text, video interview, 

speech responses, interaction logs). It is more efficient than single-modality systems since the human 

communication and behaviour is naturally multimodal [25].  For instance, a candidate's confidence can be 

expressed as a combination of facial expression, voice tone, and language style. To analyse multimodal 

emotions and behaviour, deep learning models such as CNN, BiLSTM, Transformers and attention-based 

fusion networks are applied [26].  However, there remain problems with multimodal systems, including 

missing modalities, interview recording noise, synchronisation and complexity of computation. 

 

2.5 Explainable AI and Fairness in Recruitment 

 

In high stakes decision-making, fairness and explainability are crucial for AI based recruitment systems. 

Many AI models are black-box models and don't tell you why a candidate has been chosen or rejected. 

This fosters trust and ethical issues [27]. The techniques of explainable AI, like SHAP, LIME, and 

visualization of attention, assist in understanding model decisions and recognizing vital attributes that 
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impact forecasts. Demographic gender, age, accent, ethnic, background bias is also a factor to reduce, 

which requires fairness-aware learning. Previous research indicates that fairness and explainability are 

frequently considered as peripheral attributes of the recruitment process instead of part of the 

recruitment process. [28] 

 

2.6 Ethical and Privacy issues 

AI recruitment systems can analyze sensitive data, like facial videos, speech patterns, resumes, personality 

traits, and behavioral reactions. Storing or handling such information in an inappropriate manner could 

lead to privacy issues and ethical dilemmas. Such privacy-aware approaches as anonymization, secure 

feature extraction and on-device processing can mitigate these risks [29]. Transparent, fair, accountable, 

and human oversight are key characteristics of ethical recruitment AI. Yet, emotional and behavioral 

assessment without compromising privacy in existing research on recruitment remains under-researched. 

[27] 

 

3. Proposed Methodology 

The proposed framework is outlined below.  

 

 
Fig 1: Proposed framework of AI based emotional and behavioral assessment in recruitment 
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3.1 Overview of the Proposed Framework 

The proposed approach is an AI-based framework for the assessment of emotions and behavior in the 

context of recruitment, with an emphasis on multimodal approaches. The framework aims to assess the 

candidates not only on the basis of their CV, but also on the basis of various types of information on 

interviews, such as facial expressions, verbal signals, text responses and patterns of behavioural 

interaction. The primary objective of the proposed system is to assist in a fair, explainable, and data-driven 

recruitment process by leveraging computer vision, speech processing, natural language processing, deep 

learning, and explainable AI techniques. 

 

3.2 Multimodal Data Acquisition 

  

The first stage is data collection in the recruitment process using multimodal data. This encompasses 

candidate video recordings, audio responses, interview transcripts, resume information and interaction 

related behavioral data. [30] As human emotions and behavior cannot be well determined by a single data 

source, the proposed framework utilizes multiple modalities to achieve a more comprehensive 

understanding of the candidate's emotional state, communication skill, confidence and behavioral 

suitability. [31] 

  

3.3 Data Preprocessing 

  

Data is collected and then preprocessed separately for each modality. Visual data is processed by the face 

detection, frame extraction, image resizing, illumination correction and noise reduction. [32] Speech data 

are cleaned using noise filtering, silence removal, and signal normalization. The textual data like interview 

responses, resumes processed with tokenization, stop-words removal, lemmatization and text 

normalization. Here, the preprocessing steps enhance the quality of the input data and ensure that it is 

suitable for deep learning-based feature extraction. [33] 

  

3.4 Visual Emotion Analysis Module 

  

The visual emotion analysis module is used to analyze the facial and behavioral characteristics of the 

interview video data. Convolutional Neural Networks are utilized to catch regionally facial features like 

eye activity, lip activity, facial strain and micro-expressions.  [34] Global patterns and relationships 

between faces in video frames are then captured by Vision Transformer based models. This module will 

help participants recognise emotional signs of confidence, stress, nervousness, engagement and attention 

level. [35] 

  

3.5 Speech Emotion Analysis Module 

  

Speech Emotion Analysis module analyzes the responses through voice and emotion for candidates. Pitch, 

tone, speaking speed, hesitation, voice stability and stress patterns are analysed using deep learning 

algorithms like BiLSTM and Transformer-based architectures.  [36] It is crucial that the speech analysis is 
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used because the voice of the candidate can reveal confidence, anxiety, communication clarity and 

emotional control during the interview process. [37] 

  

3.6 Textual and Behavioral Analysis Module 

  

Textual analysis module is based on natural language processing of the interview transcripts and resume 

text content. The meaning, sentiment, fluency, professionalism and semantic consistency of candidate 

answers are understood using transformer-based language models. [38] In this module the candidate is 

assessed on their clarity and logic of communication and the job-relevant behavioural characteristics of 

the candidate's response. 

  

The behavioral interaction module records behavioral characteristics of interviews at the level of 

interaction, including response delay, stability of eye contact, consistency of gestures, engagement level, 

and varying attention. [39] All these indicators can be used to evaluate soft skills like adaptability, 

communication behavior, confidence, teamwork potential and leadership readiness. This approach 

enhances the candidate profile by leveraging facial, speech, textual, and behavioral signals. 

  

3.7 Attention-Based Multimodal Fusion 

  

After extracting features of each modality, they are fused with an attention-based multimodal fusion 

mechanism. This fusion module sets the importance for each modality according to its relevance to the 

context of recruitment. For instance, there may be greater relevance for assessing communication 

through speech and engaging through facial expression. This adaptive fusion enhances robustness and 

reliability of candidate evaluation. [40] 

  

3.8 Explainable AI Module 

  

The framework also incorporates Explainable AI (XAI) methods like SHAP, LIME, and attention visualization 

to ensure transparency in the recruitment decision-making process. [41] These techniques can aid in the 

understanding of what features led to the final decision. For instance, the system can indicate whether 

they are related to the communication quality, confidence level, emotional stability, or behavioral 

consistency of the recommendation. This helps recruiters believe in the system and avoids the "black box" 

problem associated with AI-powered hiring systems. [42] 

  

3.9 Decision and Recommendation Module 

  

Lastly, the decision module produces candidate suitability scores based on emotional intelligence, 

behavioral suitability, communication ability, confidence and overall job-role suitability. The final output 

can be a recommendation for recruitment or a ranking of the candidates and an explanation that is 

understandable by humans. The proposed methodology hence facilitates intelligent, explainable, fair and 

adaptive decision-making in the recruitment process. 

 



  

SGS Initiative, VOL. 1 NO .6 (2026): LGPR  

4. Experimental Results & validation 

 

The proposed multimodal AI-based recruitment framework was evaluated experimentally with the 

integrated interview data that includes facial video data, speech response data, textual interview data, 

resume data, and behavioural interaction data. The validation performed the following aspects of the 

proposed framework, namely: intelligent and explainable performance of emotional intelligence 

assessment, intelligent and explainable behavior and communication profiling, and intelligent and 

explainable prediction of skill suitability for a candidate. [43] 

 

The visual emotion analysis module based on CNN and Vision Transformer architectures performed well 

in the recognition of interview candidates' emotional states of confidence, stress, nervousness, 

engagement and attentiveness when conducting interviews. The facial analysis model successfully 

obtained local facial mics-expression features and global contextual visual patterns from the frames of 

the interview videos. The experimental findings revealed that the proposed visual module successfully 

recognized the emotions, which is around 92.4% accuracy. This result demonstrated strong emotion 

understanding capability of the module in the context of recruitment assessment using non-verbal 

behavioral cues. [44] 

 

The module of speech emotion analysis achieved good results in analyzing candidates' oral and 

communicative skills. Transformer and BiLSTM models of deep learning have been used to effectively 

extract features including pitch variation, speech fluency, speaking speed, hesitation patterns, voice 

stability and emotional tone [45].  The module's speech-based emotional classification accuracy was 

almost 89.7%, showing its effectiveness in assessing communication confidence, emotional control and 

emotional quality of verbal interaction during the interview. 

 

The Transformer-based natural language processing techniques for textual sentiment and semantic 

analysis performed well on the transcripts of the interviews and resume content [46]. The system, 

however, was able to analyse the answers of candidates successfully for professionalism, sentiment 

polarity, semantic consistency, clarity of communication, and contextual relevance. Experimental analysis 

results showed that the textual analysis module has obtained around 90.8% classification accuracy for 

positive communication behavior and job-role suitability indicators. 

 

The behavioral interaction analysis module also added to the recruitment evaluation process through 

behavioral signals like eye-contact stability, gesture consistency, response delay, engagement variation, 

and interaction dynamics [47]. The behavioral features extracted were also a significant factor in 

predicting leadership capability, adaptability, teamwork potential, and decision-making confidence. 

Experimental validation results showed that the reliability of the candidate assessment in the whole 

process could be improved by adopting behavioral analysis as compared with using the general resume-

based recruitment system. 

 

The attention-based multimodal fusion mechanism achieved excellent results in predicting the 

recruitment, with the ability to select the most relevant multimodal features for the task [48]. An adaptive 
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fusion strategy dynamically attributed importance weights to the various modalities during interviews 

based on the context. Experimental results showed that the highest overall candidate suitability 

prediction accuracy could be reached by combining the multiple modalities, which surpassed the accuracy 

of the single-modality recruitment models significantly, by almost 94.6%. The fusion mechanism was also 

made more robust to noisy interview conditions and partial missing modality scenario. 

 

The Explainable AI module, with support of SHAP, LIME and attention visualization techniques, improved 

the transparency and interpretability of the recruitment system. The explanations created were clearly 

stated explaining the emotional, speech, textual and behavioral characteristics that were going towards 

the final recruitment recommendations [49].  By grasping the logic behind candidate ranking and 

suitability scores, recruiters could gain insight into how candidates were being ranked and how they were 

being deemed suitable, which would improve trust and reliability in AI-driven hiring decisions. The 

explainability module also contributed to the identification of possible demographic bias patterns and to 

the enhancement of the fairness-aware recruitment analytics. 

 

The experimental validation thus verified the feasibility of the proposed multimodal artificial intelligence 

framework for assisting intelligent, fair, explainable and data-driven recruitment processes. The proposed 

framework is particularly well-equipped for next-generation AI-driven recruitment systems, thanks to its 

combination of multimodal emotional intelligence analysis, behavioral understanding, adaptive feature 

fusion, and explainable decision-making. 

 

5. Conclusion and Suggestions 

 

This research employed a multimodal AI-based framework for emotional and behavioral analysis in the 

setting of recruitment, which combines visual emotion recognition, speech analysis, textual sentiment 

understanding, and behavioral interaction analysis into an integrated intelligent recruitment system [50].  

The framework proposed in this paper overcame the following existing bottlenecks in the recruitment 

process: manual candidate screening, bias of the interviewer, lack of behavioral understanding, poor 

scalability, and the lack of emotional intelligence estimation. The framework achieved comprehensive 

candidate evaluation in an automated, explainable, and data-driven way by integrating CNN, Vision 

Transformer, BiLSTM, and Transformer-based NLP models with attention-based multimodal fusion 

mechanisms. 

 

The experiment results confirmed that the proposed framework had high performance of recruitment 

prediction and better understanding of emotion, analysis of communication, behavioral profile and 

assessment of candidate’s suitability. Multi-modal information was clearly more robust and decision 

reliable than the single-modality recruitment systems. In addition, the AI recommendations were made 

more transparent and trustworthy for human recruiters by incorporating Explainable AI (XAI) methods 

like SHAP, LIME and attention visualization. The proposed intelligent recruitment system also had 

reasonable adaptability when the test condition was subject to noise in the interview, which also had 

some adaptability to partial input modalities, making it applicable to the actual intelligent recruitment 

field. 
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However, there are still a few challenges within the application of AI in the recruitment process. Model 

generalization may differ across populations because of differences in cultural behaviors, demographic 

differences, accents in language, styles of emotional expression, and environments in interviews [51]. 

Preserving privacy, the ethical governance of AI tools, fairness-focused recruitment analysis, and bias 

mitigation are also still key concerns within automated hiring processes. Further, large-scale, real-time 

deployment would demand computational efficiency, multimodal synchronization and cloud-based 

processing infrastructure to be optimized. 

 

Future contributions will involve further development of the proposed framework into real-time adaptive 

recruitment intelligence systems employing more sophisticated Generative AI, Large Language Models 

(LLMs), reinforcement learning, and conversational AI agents. Physiological signal analysis (eye tracking, 

EEG, heart rate variability and stress detection) could also be involved in future studies to enhance 

behavioral understanding and psychological assessment capabilities [52].  Federated learning and other 

techniques that protect privacy in AI can provide additional layers of security and confidentiality in the 

data evaluation process, strengthening the candidate assessment system. In addition, federated learning 

and other data privacy-preserving AI methods can add another layer of security and confidentiality in data 

evaluation processes, further enhancing the candidate evaluation system [53]. Further incorporation of 

fairness-aware optimization, demographic bias correction, multilingual interview analytics and domain-

adaptive multimodal learning can enhance AI-driven recruitment systems to be more scalable and 

ethically reliable across the globe.  This is likely to be a key element in the evolution of next generation 

intelligent, explainable, fair and human-centric recruitment systems. 

 

 

References 

[1]P. R. Kamble and U. Kulkarni, “An Innovative Approach of Personality Recognition for E-Recruitment,” 

pp. 324–328, Dec. 2022, doi: 10.1109/ICAST55766.2022.10039605. 

[2]V. Iyer, “Revolutionizing Recruitment: The Synergy of Artificial Intelligence and Human Resources,” Aug. 

2023, doi: 10.37497/rev.artif.intell.educ.v4i00.13. 

[3]L. Chen et al., “Automated scoring of interview videos using Doc2Vec multimodal feature extraction 

paradigm,” pp. 161–168, Oct. 2016, doi: 10.1145/2993148.2993203. 

[4]Z. Tasheva and V. Karpovich, “Transformation of recruitment process through implementation of ai 

solutions,” Feb. 2024, doi: 10.55640/jme-04-02-03. 

[5]D. J. Svyantek and M. A. Rahim, “Links between emotional intelligence and behavior in organizations: 

findings from empirical studies,” International Journal of Organizational Analysis, vol. 10, no. 4, pp. 299–

301, Apr. 2002, doi: 10.1108/EB028954. 

[6]L. Chen, S.-Y. Yoon, C. W. Leong, M. P. Martin, and M. Ma, “An Initial Analysis of Structured Video 

Interviews by Using Multimodal Emotion Detection,” pp. 1–6, Nov. 2014, doi: 10.1145/2668056.2668057. 

[7]R. Vivek, Информатика. Экономика, and Управление, “Enhancing diversity and reducing bias in 

recruitment through AI: a review of strategies and challenges,” Oct. 2023, doi: 10.47813/2782-5280-2023-

2-4-0101-0118. 



  

SGS Initiative, VOL. 1 NO .6 (2026): LGPR  

[8]C. W. Leong et al., “Are Humans Biased in Assessment of Video Interviews,” p. 9, Oct. 2019, doi: 

10.1145/3351529.3360653. 

[9]D. F. Mujtaba and N. R. Mahapatra, “Ethical Considerations in AI-Based Recruitment,” pp. 1–7, Nov. 

2019, doi: 10.1109/ISTAS48451.2019.8937920. 

[10]“Legal and ethical issues,” pp. 83–114, Oct. 2015, doi: 10.4324/9780203070598-12. 

 [11]J. Gorbova, I. Lusi, A. Litvin, and G. Anbarjafari, “Automated Screening of Job Candidate Based on 

Multimodal Video Processing,” pp. 1679–1685, July 2017, doi: 10.1109/CVPRW.2017.214. 

[12]A. Agrawal, R. A. George, S. Ravi, S. K. S, and A. Kumar, “Leveraging Multimodal Behavioral Analytics 

for Automated Job Interview Performance Assessment and Feedback,” pp. 46–54, June 2020, doi: 

10.18653/V1/2020.CHALLENGEHML-1.6. 

[13]W. Dhokley, R. Jehangir, S. Sarwar, and S. Rashid, “A Novel Approach to Predict Personality of a 

Person,” Social Science Research Network, May 2021, doi: 10.2139/SSRN.3868694. 

[14]B. H. Shah and K. D. Sah, “The Impact of Emotional Intelligence in the Workplace on Productivity,” vol. 

13, no. 10, pp. 69–76, Oct. 2024, doi: 10.35629/8028-13106976. 

[15]H.-Y. Suen, K. E. Hung, and C.-L. Lin, “Intelligent video interview agent used to predict communication 

skill and perceived personality traits,” Human-centric Computing and Information Sciences, vol. 10, no. 1, 

pp. 1–12, Dec. 2020, doi: 10.1186/S13673-020-0208-3. 

[16]T. Zhang, T. Gao, P. Xu, and J. Zhang, “A Review of AI and AI Intelligence Assessment,” Oct. 2020, doi: 

10.1109/EI250167.2020.9347303. 

[17]R. Jain, “Sentiment and Emotion Analysis in Video Interviews Using Deep Learning Techniques,” pp. 

147–178, Aug. 2025, doi: 10.4018/979-8-3373-6516-9.ch006. 

[18]E. N.Beyenne, “Bi-directional personalization reinforcement learning-based architecture with active 

learning using a multi-model data service for the travel nursing industry,” arXiv.org, vol. abs/2304.00006, 

Mar. 2023, doi: 10.48550/arXiv.2304.00006. 

[19]Z. Tasheva and V. Karpovich, “Transformation of recruitment process through implementation of ai 

solutions,” Feb. 2024, doi: 10.55640/jme-04-02-03. 

[20]A. Sarkar, S. Sharma, H. Himanshu, A. D. Sarkar, and A. Kumar, “Enhancing Recruitment Efficiency 

Through AI-Driven Resume Screening and Skill Assessment,” International Journal For Multidisciplinary 

Research, vol. 7, no. 4, Aug. 2025, doi: 10.36948/ijfmr.2025.v07i04.52621. 

[21]R. Khosla and C. Lai, “Emotion-Based smart recruitment system,” pp. 243–250, Sept. 2005, doi: 

10.1007/11552451_33. 

[22]T. Zhang and Z. Tan, “Survey of deep emotion recognition in dynamic data using facial, speech and 

textual cues,” Multimedia Tools and Applications, Jan. 2024, doi: 10.1007/s11042-023-17944-9. 

[23]S. K. Collins, “Employee recruitment: using behavioral assessments as an employee selection tool.,” 

The health care manager, vol. 26, no. 3, pp. 213–217, July 2007, doi: 

10.1097/01.HCM.0000285011.80655.70. 

[24]S. Scherer et al., “Automatic behavior descriptors for psychological disorder analysis,” pp. 1–8, Apr. 

2013, doi: 10.1109/FG.2013.6553789. 

[25]J. Gorbova, I. Lusi, A. Litvin, and G. Anbarjafari, “Automated Screening of Job Candidate Based on 

Multimodal Video Processing,” pp. 1679–1685, July 2017, doi: 10.1109/CVPRW.2017.214. 



  

SGS Initiative, VOL. 1 NO .6 (2026): LGPR  

[26]W. G. Y. Randika, T. A. R. Maddumage, K. L. O. G. Liyanage, A. Karunasena, and L. Weerasinghe, “A 

Multimodal Interviewee Evaluation Approach for Candidates Facing Video Interviews,” pp. 1–7, Oct. 2022, 

doi: 10.1109/ICCCNT54827.2022.9984585. 

[27]Dr. H. S. A. B. A Mrs. N. Rajitha, Ms Jebakerupa Roslin and D. K. K. T. Mishra Mohammed Khalid R. P, 

Dr. Biswo Ranjan, “AI-powered Recruitment and Employee Selection: Evaluating Bias and Fairness in 

Hiring Practices,” Feb. 2024, doi: 10.52783/eel.v14i1.1107. 

[28]M. C. Ahuchogu, “AI and Bias in Recruitment: Ensuring Fairness in Algorithmic Hiring.,” Journal of 

informatics education and research, vol. 5, no. 3, July 2025, doi: 10.52783/jier.v5i3.3262. 

[29]D. F. Mujtaba and N. R. Mahapatra, “Ethical Considerations in AI-Based Recruitment,” pp. 1–7, Nov. 

2019, doi: 10.1109/ISTAS48451.2019.8937920. 

[30]J. Gorbova, I. Lusi, A. Litvin, and G. Anbarjafari, “Automated Screening of Job Candidate Based on 

Multimodal Video Processing,” pp. 1679–1685, July 2017, doi: 10.1109/CVPRW.2017.214. 

[31]L. Chen, S.-Y. Yoon, C. W. Leong, M. P. Martin, and M. Ma, “An Initial Analysis of Structured Video 

Interviews by Using Multimodal Emotion Detection,” pp. 1–6, Nov. 2014, doi: 10.1145/2668056.2668057. 

[32]M. Mansoorizadeh and N. M. Charkari, “Multimodal information fusion application to human emotion 

recognition from face and speech,” Multimedia Tools and Applications, vol. 49, no. 2, pp. 277–297, Aug. 

2010, doi: 10.1007/S11042-009-0344-2. 

[33]D. S. Kumar and B. Raman, “Speech-Based Automatic Prediction of Interview Traits,” pp. 586–596, 

Jan. 2023, doi: 10.1007/978-3-031-31417-9_44. 

[34]N. D. M, R. N. J, R. K. U, S. C. R, and Prof. V. Devi. R, “Automatic Personality Recognition Used In 

Asynchronous Video Interviews,” International Journal of Advanced Research in Science, Communication 

and Technology, pp. 586–592, June 2022, doi: 10.48175/ijarsct-5076. 

[35]A. Chaudhari, C. M. Bhatt, A. Krishna, and C. M. Travieso-González, “Facial Emotion Recognition with 

Inter-Modality-Attention-Transformer-Based Self-Supervised Learning,” Electronics, vol. 12, no. 2, pp. 

288–288, Jan. 2023, doi: 10.3390/electronics12020288. 

[36]R. Ranjan, “Analysis of Speech Emotion Recognition and Detection using Deep Learning,” pp. 1–5, Dec. 

2022, doi: 10.1109/IATMSI56455.2022.10119297. 

[37]C. G. Endacott, “Emotional AI-enabled Interview Aid,” pp. 581–594, Jan. 2023, doi: 10.1007/978-981-

19-7041-2_49. 

[38]P. Ghadekar, A. Kabra, K. Gangwal, A. Kinage, K. Agarwal, and K. Chaudhari, “A Semantic Approach for 

Automated Hiring using Artificial Intelligence & Computer Vision,” pp. 1–7, Apr. 2023, doi: 

10.1109/I2CT57861.2023.10126463. 

[39]A. Agrawal, R. A. George, S. Ravi, S. K. S, and A. Kumar, “Leveraging Multimodal Behavioral Analytics 

for Automated Job Interview Performance Assessment and Feedback,” pp. 46–54, June 2020, doi: 

10.18653/V1/2020.CHALLENGEHML-1.6. 

[40]H. Kaya, F. Gürpınar, and A. A. Salah, “Multi-modal Score Fusion and Decision Trees for Explainable 

Automatic Job Candidate Screening from Video CVs,” pp. 1651–1659, July 2017, doi: 

10.1109/CVPRW.2017.210. 

[41]R. K. Magham, “Mitigating Bias in AI-Driven Recruitment : The Role of Explainable Machine Learning 

(XAI),” International journal of scientific research in computer science, engineering and information 

technology, vol. 10, no. 5, pp. 461–469, Oct. 2024, doi: 10.32628/cseit241051037. 



  

SGS Initiative, VOL. 1 NO .6 (2026): LGPR  

[42]L. Hofeditz, S. Clausen, A. Rieß, M. Mirbabaie, and S. Stieglitz, “Applying XAI to an AI-based system for 

candidate management to mitigate bias and discrimination in hiring,” Electronic Markets, vol. 32, no. 4, 

pp. 2207–2233, Dec. 2022, doi: 10.1007/s12525-022-00600-9. 

[43]A. Agrawal, R. A. George, S. Ravi, S. K. S, and A. Kumar, “Leveraging Multimodal Behavioral Analytics 

for Automated Job Interview Performance Assessment and Feedback,” pp. 46–54, June 2020, doi: 

10.18653/V1/2020.CHALLENGEHML-1.6. 

[44]Y. S. Su, H. Y. Suen, and K. E. Hung, “Predicting behavioral competencies automatically from facial 

expressions in real-time video-recorded interviews,” Journal of Real-time Image Processing, vol. 18, no. 4, 

pp. 1011–1021, Jan. 2021, doi: 10.1007/S11554-021-01071-5. 

[45]S. Kim and S.-P. Lee, “A BiLSTM–Transformer and 2D CNN Architecture for Emotion Recognition from 

Speech,” Electronics, Sept. 2023, doi: 10.3390/electronics12194034. 

[46]P. Ghadekar, A. Kabra, K. Gangwal, A. Kinage, K. Agarwal, and K. Chaudhari, “A Semantic Approach for 

Automated Hiring using Artificial Intelligence & Computer Vision,” pp. 1–7, Apr. 2023, doi: 

10.1109/I2CT57861.2023.10126463. 

[47]F. Tian, S. Okada, and K. Nitta, “Analyzing Eye Movements in Interview Communication with Virtual 

Reality Agents,” pp. 3–10, Sept. 2019, doi: 10.1145/3349537.3351889. 

[48]L. Hemamou, G. Felhi, V. Vandenbussche, J.-C. Martin, and C. Clavel, “HireNet: A Hierarchical 

Attention Model for the Automatic Analysis of Asynchronous Video Job Interviews,” vol. 33, no. 01, pp. 

573–581, July 2019, doi: 10.1609/AAAI.V33I01.3301573. 

[49]R. K. Magham, “Mitigating Bias in AI-Driven Recruitment : The Role of Explainable Machine Learning 

(XAI),” International journal of scientific research in computer science, engineering and information 

technology, vol. 10, no. 5, pp. 461–469, Oct. 2024, doi: 10.32628/cseit241051037. 

[50]H. P. F. Taralrud, A. A. Salah, A. Imran, and Z. Kastrati, “Multimodal Sentiment Analysis for Personality 

Prediction,” pp. 55–60, Dec. 2023, doi: 10.1109/fit60620.2023.00020. 

[51]H.-Y. Suen, K. E. Hung, and C.-L. Lin, “Intelligent video interview agent used to predict communication 

skill and perceived personality traits,” Human-centric Computing and Information Sciences, vol. 10, no. 1, 

pp. 1–12, Dec. 2020, doi: 10.1186/S13673-020-0208-3. 

[52]S. Devaraju, “Natural Language Processing (NLP) in AI-Driven Recruitment Systems,” International 

journal of scientific research in computer science, engineering and information technology, pp. 555–566, 

June 2022, doi: 10.32628/cseit2285241. 

[53]C. Kim, J. Choi, J. Yoon, D. Yoo, and W. Lee, “Fairness-aware Multimodal Learning in Automatic Video 

Interview Assessment,” IEEE Access, doi: 10.1109/access.2023.3325891. 


	AI recruitment systems can analyze sensitive data, like facial videos, speech patterns, resumes, personality traits, and behavioral reactions. Storing or handling such information in an inappropriate manner could lead to privacy issues and ethical dil...

