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This section provides an annotated bibliography of 100 relevant sources, including brief comments on the key points and usefulness of each source.
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Predictability  of
physiological testing
and the role of

maturation in talent

38. Pearson, D. T, identification  for Underlines  the  importance  of
Naughton, G. A.. & adolescent  team | To examine the role of physiological | Maturation significantly impacts | considering developmental  stages,
Torode, M. 2006 Joumal Article | sports testing and maturation in talent 1D, talent identification outcomes. relevant for tech talent scouting.

An T0T/FOG based

framework for sports
39 Khan, N. talent  identification I0TFOG  technologies  can | Highlights technological solutions for
Abamad, G., & 0. in COVID-19 like | To propose a framework for talent ID | effectively identify and manage | talent ID under constraints, relevant for
Naseem, M. 2022 Toumal Articte | situations using ToT/FOG in pandemic conditions. | talent remotely. tech sector talent management

Computational

Efficiency in Sports
41 Khan, NI, Talent. Identification Various computational _techniques | Emphasizes the role of computational
Abamad, G, & - A Systematic | To review computational techniques in | enhance efficiency in talent | tools in talent ID, relevant for tech
Naseem, M. 2023 Joural Article | Review sports talent ID, identification. sector applications.

Prediction of Cricket
42 Aleenulla, P, Players Performance ML algorithms, including tree | Demonstrates the uility of ML in
Rao, N T, & Conference Using  Machine | To predict ericket player performance | classifiers, are effective in predicting | performance prediction, applicable to
Bhattacharyya, D. 2020 Paper Leaming using ML algorithms. player performance. tech sector talent evaluation,

Classification of All-
43. Manage, A. B.W,, Rounders in Limited
Kafle, R C, & Over Cricket - A Logistic  function,  quadratic | Shows the effectiveness of ML in
Wiekularathna, D, Machine  Leaming cricket all-rounders using ML | discriminant function, and SVM. | classification tasks, relevant for tech
K 2020 Joumal Article | Approach techniques. performed best i cla sector candidate evaluation.

Machine Leaming in
44Nahida  Reya, Sports Talent ML is increasingly used in sports, | Relevant for understanding the
Gulfam Ahamad, N. Conference Identification: A | To review the use of ML in sports talent | particularly in  cricket talent | application of ML in talent
Khan, Mohd Nasem | 2022 Paper Systematic Review | identification from 1996-2021 identification. identification processes.
45.Unnar Talent Management
Theodorsson, T in the Banking
Gudlaugsson,  Svala Sector: A Systematic | To provide a comprehensive analysis of | Highlights a severe scarcity of | Relevant for understanding TM in
Gudmundsdottir 2022 Toumnal Article | Literature Review | TM research in the banking sector. skilled people in the banking sector. | highly specialized sectors.

Machine  Leaming

and Natural

Language
46. A Le Glz, Y. Processing in Mental ML and NLP techniques are
Haralambous, Deok- Health:  Systematic | To summarize and characterize studies | promising but have cthical | Relevant for exploring ML applications
Hee Kim-Dufor, etal. | 2019 Journal Article using ML and NLP for mental health considerations in data-intensive fields

A Systematic
47. M. Alloghani, D. Review on | To analyze scholarly articles on ML | Decision ftree, SVM, and Naive
Al-Jumeily, b} Supervised  and | techniques in data science from 2015 | Bayes are commonly used | Provides insights into commonly used
Mustafing, et al. 2019 Book Chapter | Unsupervised 2018, supervised leamers. ML algorithms in data science.
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Machine  Leaming

Algorithms for Data

48, Rajesh Kumar

Science
Application ~ of
Arificial

Intelligence  and

Machine Leaning in

Al and ML are used for cataloguing,

Relevant for understanding Al and ML

Das,  Mohammad Libraries A | To review AT and ML applications in | classification, and user services in | applications ~in  information
Sharif Ul Islam 2021 Preprint Systematic Review | libraries. libraries ‘management.
Machine learning for
identifying relevant
publications ~in
49 Toni Lange, updates of
Guido  Sehwarer, systematic  reviews ML methods provided reasonable
Thomas  Datrmann, of diagnostic test | To explore MI. methods to reduce human | classification, reducing human | Relevant for improving efficiency in
Harald Binder 2021 Toumal Article | studies workload in systematic reviews. workload. systemati reviews.
Supporting
50. Yuanhan Mo, systematic  reviews
Georgios using  LDA-based Topic-based feature representation
Kontonatsios, document To explore topic modeling for systematic | outperforms  BOW i ciation | Relevant for improving ~systematic
Ananiadou 2015 Tournal Article | representatians reviews. sereening. review processes using M1
Machine leaming in
systematic reviews:
Comparing
automated  text
clustering  with
51 A Muller, H. M Lingo3G and human
Ames, Patricia Sofia researcher Automatedclustering has  similar
Jacobsen Jardim, C. categorization in a | To assess automated clustering in | precision but higher recall than | Relevant for evaluating ML tools in
Rose 2021 Joumal Article | rapid review systematic reviews manual categorization. systematic review categorization.
52 Alexandra H Coach knowledge in
Roberts,  Daniel talentidentification
Greenwood, M. A systematic review | To synthesize empirical understanding of | Coaches rely heavily on instinct and | Relevant for understanding the role of
Stanley, etal. 2019 Joual Article | and meta-synthesis | coach knowledge in talent ID. tacit knowledge for talent ID. human judgment in talent identification.
Contributions ~ of
Machine  Leaming
Models  towards
53. P Balaji, Salem Student  Academic
Alelyani, 54 Ayman Performance ML techniques can predict student | Relevant for applying ML in
Qahmash, Mohamed Prediction: A | To review ML models for predicting | performance based on demographic, | educational contexts to predict
Mohana 2021 Joumal Article | Systematic Review | student academic performance, academic, and behavioral features. | performance.
55.Brian £, Howard, SWIFT-Review:  a SWIFI-Review can  significantly
Jason R Phill text-mining To assess the performance of SWIFT- | reduce screening effort in systematic | Relevant for reducing human workload
Kyle Miller, et al 2016 Toumal Article | workbench  for | Review for prioritizing studies, reviews. in systematic review processes
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systematic review

A systematic review

of machine leaming

techniques for ML techniques  outperform
software fault | To assess ML techniques for software | traditional statistical models in | Relevant for improving  software
56.R Malhotra 2015 Jounal Article | prediction fault prediction. predicting software faults. development processes using ML,
Machine  leaming
versus conventional
clinical methods  in
guiding management
57.G. Bazoukis, S of heart failure ML techniques  improve
Stavrakis, Jiandong patients a To review ML techniques in the | classification, prediction, and | Relevant for applying ML in healthcare
Zhou, etal, 2020 Joumal Article | systematic review | management of heart failure patients. management of heart failure patients. | management and patient care.
Aligning text mining
and machine
Teamning - algorithms
with best practices
S8.Evan Popoll, M for study selection in ML algorithms improve  study
Besada, 1. Jansen, S systematic literature | To align ML algorithms with best | selection efficiency in systematic | Relevant for enhancing study selection
Cope, Steve Kanters | 2020 Toumal Article | reviews practices in study selection. literature reviews processes in systematic reviews
Machine  Leaming
Stock Market
59T Strader, ). Prediction  Studies:
Rozycki, T. H. Root, Review and | To identify furure research directions for | ML techniques show promise in | Relevant for applying ML in financial
Yu-Hsiang Huang 2020 Jounal Article | Rescarch Directions | ML in stock market prediction, improving stock market forecasts. | market predictions
“The use of machine
leamning in the study
of suicidal and non-
suicidal self-
60.Taylor A. Burke, injurious  thoughts ML techniques improve prediction
B. Ammerman, R and behaviors: A | To review ML applications in predicting | accuracy of self-injurious thoughts | Relevant for improving mental health
Jacobucei 2019 Joumal Article | systematic review | sel-injurious thoughts and behaviors, ‘and behaviors. interventions using ML
wenty  Years  of
61 Ashokkumar Machine-Learning-
Palanivinayagam, C. Based Text ML based text classification shows | Relevant ~ for  understanding
El-Bayeh, R Classification: A | To review ML-based text classification | strong performance across various | advancements in text  classification
Damase: 2023 Journal Article | Systematic Review | research from 2003-2022 applications using ML
62 N E Aliss, Talent  management
Norashikin Hussein, in the manufacturing Highlights a scarcity of high
Koe Wei-Loon, N. 1. sector: A systematic | To amalyze TM research in the | knowledge, skills, and abilitiesinthe | Relevant for understanding TM in
Marmaya 2023 Journal Article | literature review manufacturing industry. manufacturing sector industries requiring specialized skills.
63 Carvalho, A systematic | To review ML methods in predictive | ML methods are eflective in | Relevant for applying ML in industrial
Fabrizzio  Soares, | 2019 Journal Article | literature review of | maintenance preventing equipment failures and | maintenance and reliability
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Roberto Vita, et al

machine  leaming
methods applied to

predictive

‘maintenance

optimizing maintenance.

A study on the

impact of artificial

Al improves efficiency i

64 Hemachandran, Research intelligence  on | Analyze the impact of Al in various | candidate screening, with 80% of
V.Cetal 2024 Article talent sourcing phases of the hiring process executives affirming its benefits | Highly Relevant
Machine Learning- ML approach effectively clusters
based Model for | Identify talented university students | students based on abilites,
65.Abdelhamid, A Research Talented Students | using ML based on academic | guiding them to suitable
A 2022 Article Identification performance competitions Moderately Relevant
Machine Learning
66.Loyarte-Lopez, Based Method for MLbased  salary predictor
E, Garcia-Olaizola, Research Deciding  Intemal | Evaluate internal value of talent and | ensures internal equity ~and
1 2022 Article Value of Talent salary criteria using ML reduces bias in salary decisions | Highly Relevant
The datafication of
talent: how
technology s ML algorithms can evaluate
advancing  the digital footprints and  social
67.Chamorro- Review science of human | Review innovations in technology for | sensing technology to infer
Premuzic, T.etal. | 2017 Article potential atwork | talent identification and engagement | personality and emotional states | Highly Relevant
Machine Learning ML methods  improve
i Sports Talent identification processes,
Systematic | Identification: A | Review ML applications in sports | especiallyin Cricket, with evolving
68Reyaz N.etal | 2022 Review Systematic Review | talent identification computational procedures Moderately Relevant
Interactive ~ Skill
Based Labor
Market Mechanics
and  Dynamics
Analysis  System Automated resume and  skill
Using  Machine dlassification enhances
Research Learning and Big | Use MLand big data to improve labor | productivity and reduces job-skill
69.Mr3i6, L etal. 2020 Article Data market analysis and skill cassification | mismatches Highly Relevant
A Comprehensive
Assessment  of
Cultivation
Environment  of
Top  Innovative DL models improve the
High-Level Talents assessment  of  training
Research Based on Deep | Evaluate innovative talent cultivation | environments and  teaching
70.zhu, W, & Qin,J. | 2022 Article Learning Algorithm | using deep learning quality in schools Moderately Relevant
71.Chasalow, K. E, Research Representativeness | Examine  the  concept  of | Discusses how representativeness
lewy, K 2021 Article in Statistics, | representativeness in ML and its | affects faimess and accountability | Moderately Relevant
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Politics, and

Machine Learning

implications

in ML

72Muazu, M. R. et

Machine Learning

Review ML applications in  sports

ML techniques provide more

accurate  identification  of

potential athletes based on

al 2018 Book in Sports talent identification various performance indicators | Moderately Relevant
Computer  based ML and pattem recognition
Research sport talent | Use ML for talent identification in | methods effectively identify
73Kaczanowski, M. | 2018 Article identification sports sports talent Moderately Relevant
Identification ~ and
dlassification  of
materials  using
machine vision and
machine learning | Develop a  methodology for | ML improves  material
74Penumuru, D. P. Research in the context of | automated material identification | identification accuracy, applicable
etal 2019 Article industry 4.0 using ML in industry 4.0 environments Less Relevant
Machine Learning
Trends, Highlights MLs impact on various
75. Jordan, M. 1, & Review perspectives, and fields,  including  talent
Mitchell, T 2015 Article prospects Review trends and perspectives in ML | identification Moderately Relevant
Machine Learning Various classification techniques
An Overview of are  reviewed  for their
Research Classification Compare different ML classification | effectiveness  in different
76. Malviya, A 2020 Article Techniques techniques applications Less Relevant
Representation
Leaming  with
Statistical Proposed model reduces bias in
Conference | Independence to | Develop a bias mitigation model | ML applications, relevant for fair
77. Adeli E. et al 2019 Paper Mitigate Bias using representation learning talent identification Highly Relevant
Discusses  challenges  and
opportunities for ML in clinical
care, providing insights into ML
78, Jutzeler, C, & Review Machine Learning applications in talent
Borgwardt, K. 2015 Article in Medicine Explore ML applications in medicine | identification Moderately Relevant
Investigating ~ the
Impact of Machine ML algorithms improve ~drug
Learning in discovery and patient diagnosis,
79.Nagaprasad, . Research Pharmaceutical Examine MUs impact on the | offering parallels for talent
etal 2021 Article Industry pharmaceutical industry identification in tech Moderately Relevant
Automation  of
Competency &
Training ML models enhance  skill
80, Sarangarajan, S. Conference | Management Propose a Mi-based system for | identification and training
etal 2021 Paper using  Machine | competency management processes in organizations Highly Relevant
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Learning Models

Machine ~ Leaming ML methods improve
81Reyaz, N i Sports Talent identification processes, especially
Ahamad, G.. Khan Systematic Identification: A | Review ML applications in sports talent | in  Cricket,  with  evolving
N, & Naseem, M 2022 Review Systematic Review | identification computational procedures Moderately Relevant
Machine ~ Leaming
and Natural
Language ML and NLP techniques provide
82 le Glz A, Processing in useful  information  from
Haralambous, Y. Systematic Mental  Health: | Summarize ML and NLP applicationsin | unexplored data and may support
Kim-Dufor, D, etal. | 2019 Review Systematic Review | mental health dlinical practice Less Relevant
Application  of
Artificial
Intelligence  and Al and ML techniques are applied
Machine ~ Learning for metadata generation, resource
8. Das R K. & Systematic in Lbraries: A | Explore Al and ML applications in | discovery. and other library
Islam, M. S 2021 Review Systematic Review | libraries wvities Less Relevant
A Systematic
Review on
Supervised  and
Unsupervised Decision tree, support  vector
84. Alloghani, M Machine ~ Learing machine, and k-means are among
Al-Jumedly D. Systematic Algorithms for Data the most commonly used ML
Mustafina, . etal. | 2019 Review Science Analyze ML algorithms in data science | algorithms Moderately Relevant
Machine  learning
for  identifying
relevant
publications i
8. lange, T updates of ML methods can reduce human
Schwarzer G systematic reviews workload. with ensemble methods
Datzmann, T. & Systematic of diagnostic test | Explore ML methods to reduce human | and deep leaming  showing
Binder, H. 2020 Review studies workload in systematic reviews promising results Less Relevant
Conuibutions ~ of
Machine ~ Learning
Models  towards
8.  Balaj, P Student Academic ML techniques can predict student
Alelyani s Performance performance  based  on
Qahmash, A & Systematic Prediction A | Review ML models for predicting | demographic, academic, and
Mohana, M. 2021 Review Systematic Review | student performance behavioral features Moderately Relevant
Systematic ML methods like decision trees
literature. review of and random forests are commonly
87Bmabic, A, & Systematic machine learing | Review ML methods in healthcare | used, but extemal validation is
Hess, L. 2021 Review methods used in | decision making needed for high-quality evidence | Less Relevant
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the analysis of real-
world data for
patient-provider

decision making

88 Popoff, E

Aligning text
mining and
machine  learning

algorithms  with
best practices for

study selection in

ML algorithms can reduce

reviewer workload by providing

Besada, M.. Jansen, Systematic systematic Improve study selection in systematic | exclusion reasons and aligning
1,&Cope,S. 2020 Review literature reviews | reviews using ML and text mining with HTA guidance Less Relevant
Machine  Leaming
Stock Market
89 Strader T. Prediction Studies ML techniques like  neural
Rozycki, 1, Root. T. Systematic Review and | Review ML applications in stock market | networks and SVMs show promise
H, & Huang, Y.-H. [ 2020 Review Research Directions | prediction in stock market prediction Less Relevant
90 Maheronnaghsh, Machine learning in ML methods are applied in
Zolfaghamasab, Oceupational accident and risk assessment, with
H. Gorgich, M. & Systematic Safety and Health - | Review ML applications in occupational | classification ~ and  prediction
Duarte. 1 2023 Review a systematic review | safety and health techniques being common Less Relevant
Machine  learning
versus conventional
clinical methods in
guiding
management  of
9lBazoukis, G heart failure ML techniques can classify HF
Stavrakis, S, Zhou Systematic patients—a Review ML applications in heart failure | patients, predict outcomes, and
J.etal 2020 Review systematic review | management support clinical decision-making | Less Relevant
A systematic
literature. review of
machine  learing ML techniques like decision trees
92Canalho, T methods applied to and neural networks are effective
Soares, F. Vita, R, et Systematic: predictive Review ML methods in predictive | i predictive  maintenance
al 2019 Review maintenance maintenance applications Less Relevant
The use of machine
learning  in  the
study of suicidal
and  non-suicidal
self-injurious ML techniques improve prediction
9. Buke. T. A, thoughts and accuracy and identify novel risk
Ammerman, B. & Systematic behaviors: A | Review ML applications in predicting | factors for self-injurious thoughts
Jacobucci, R 2019 Review systematic review | self-injurious thoughts and behaviors | and behaviors Less Relevant
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Machine learning in
systematic reviews
Comparing

automated  text

clustering  with Automated  clustering  shows
Lingo3G and similar precision but higher recall
94 Muller, A, Ames, human  researcher | Compare automated text clustering | compared to manual
H. M. Jardim, P.S. ), Systematic categorization in & | with manual  categorization in | categorization, reducing time
&Rose, C. 2021 Review rapid review systematic reviews required Less Relevant
Talent
Management in the
95. Theodorsson, U Banking Sector A | Analyze talent management and | There is a growing interest in TM
Gudlaugsson, T., & Systematic Systematic recruitment strategies in the banking | in banking, linked to the scarcity of
Gudmundsdottir, 5. | 2022 Review Literature Review | sector skilled talent Moderately Relevant
Twenty Years of
Machine-Leaming- Text dlassification using ML has
96 Palanivinayaga, Based Text wide applications, but there is
A, El-Bayeh, C. & Systematic Classification: A | Review ML-based text dlassification | room for improvement in various
Damageviius, R 2023 Review Systematic Review | techniques over 20 years areas Less Relevant
A systematic review
of machine learning
techniques  for ML techniques  outperform
Systematic software  fault | Review ML techniques for software | traditional statistical models in
97. Malhotra, R 2015 Review prediction fault prediction predicting software faults Less Relevant
Financial revolution
9% Jéuregui- a systemic analysis
Velarde, R of artificial Al and ML are used for customer
Andrade-Arenas, L intelligence  and segmentation, credi risk analysis,
Molina-Velarde, P. Systematic machine leaming in | Analyze Al and ML applications in the | recommendation, and  fraud
&Yactayo-Arias, C. | 2024 Review the banking sector | banking sector detection Moderately Relevant
A Systematic
Literature ~ Review
on Machine
99 Pérez-Verdejo, ) Learning for ML techniques like Naive Bayes
M. Sénchez-Garcia, Automated decision trees, and NLP are
A, & Ocharén- Systematic Requirements Identify ML applications in software | commonly used in requirements
Hemandez, .0 2020 Review Classification requirements classification dlassification Less Releva
100
Hemachandran, V.
C. Kumer, K A, A study on the
Skanda, 5. A impact of artificial Alimproves efficiency in candidate
sabharwal, S, & Research intelligence  on | Analyze the impact of Al in various | screening, with 80% of executives
Kumar, 5. A 2024 Article talent sourcing phases of the hiring process affirming its benefits Highly Relevant
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Author ear Title Aim/Objeetives Relevance
1. Harsha, H. 2021 Tournal Ar Leadership Role Tn | To explore the role of leadership in | Leadership has a significant impact | This paper is highly relevant as it
Nurturing Talent At | identifying and nurturing falent within | on talent nurturing through the | addresses the critical role of leadership
Scientific scientific institutions, with 4 focus on | identification and development of | in talent management within a highly
Institutions developing a robust talent pipeine for the | high-potential candidates. The siudy | competitive  and  intellectual
future. identifies nine variables that leaders | environment, which can be applied to
can leverage fo effectively nurure | the technology sector.
talent
2 Kelly, A, | 2022 A Muliidisciplinary | The swdy aimed 1o apply a | Non-zero for | The study's findings are relevant for
Williams, €. A. Investigation into the | multidisciplinary,  machine leaming | improvement  in  subjective | enhancing the accuracy, efficiency, and
Cook, R., liménez Talent Development | approach to examine the developmental | performance in 15 out of the 53 | faimess of talent identification
Siiiz, S, L., & Wilson, Processes st an | characteristics of academy players and the | analyzed features, processes in spors. 1t demonstrates how
M. R English  Football | characteristics of selected and deselected | Key factors contributing 1o player | machine learning can be used to analyze
Academy: A | under18 academy players. Tt sought to | review ratings included predicted | muliple factors and predict the
Machine  Learning | identify key factors contributing to player | adult height, lob pass ability, average | potential of young athletes, providing
Approach success  and  professional  contruct | dribble completion percentage, total | valuable insights for coaches and sports
achievement using  machine learning | match-play hours, and relative age. | managers
techniques.
3. Binns, R, 2018 Conference Faimess in machine | The paper aims to explore how principles | The paper suggests practical ways to | This paper is relevant for enhancing the
proceeding learning:  Lessons | from political philosophy can inform und | incorporate philosophical principles | fuirmess of muchine learning systems by
from political | improve the faimess of machine learming | into the design and evaluation of | providing a theoretical foundation from
philosophy systems. It seeks to bridge the gap | machine leaming systems, such as | political  philosophy. Tt helps
between technical approaches 1o fuimess | through stakeholder and | practitioners understand the broader
in machine learning and the rich, nuunced | the careful consideration of the | implications of fimess and how to
discussions of faimess found in political | social impacts of algorithmic | apply cthical considerations to the
philosophy. decisions. design and implementation of machine
learning models.
4. Wiblen, s, Dery, | 2012 Peer-reviewed | Do you see what I | To understand how technology influences | Technology fucilitates  objective | This paper is suitable for citation as it
K., & Grant, D. Journal article | sce? The role of | tlent management, specifically talent | evaluations of talent based on data | provides insights into the interplay
technology in talent | identification processes. and information between technology and human factors
identification To examine the similarities and | Managers  subjective  views, | in talent identification
differences in talent identification across | influenced by organizational context,
different business units within a large | personal attitudes, behaviors, and
professional services past experiences, significantly affect
the use of technology in talent
identification.
Cole, M., | 2007 Journal Asticle | Interaction of | To investigate how the interaction | The study found that both recruiter | This paper is relevant for understanding
Feild, HS. and recruiter and | bewween the gender of recruiters and | and applicant gender significantly | biases in  recruitment processes,

Giles, WE

applicant gender in
resume evaluation: A

field study

applicants. influences the evaluation of

resumes.

impact  resume  evaluations.

Specifically, gender  congru

(same gender for both recruiter and
applicant) led 1o more favorable
evaluations. Male. recruiters. rated
male applicants higher, while female
recruiters rated female applicants

higher.

particularly how gender dynamics can

influence hiring d

dons. Tt provides
insights into  potential areus  for

improving fairmess in hiring practi
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6. Campion, MA.,
Palmer, DK, and

-

pion, LE.

1997

Tournal Article

Areview of structure

selection

interview

To review and evaluate the various ways.
interviews can be structured to enhance
their psychometric properties, and to
provide  recommendations ~for ~future

research and practice.

The swudy identifies 15 components
of interview structure that  can
improve the content and evaluation
processes in interviews. Fach
component was analyzed for  its
impact on reliability, validity, and
user reactions. Structured interviews

‘were found to improve reliability and

validity significantly.

“This paper is crucial for understanding
how to design effective  selection
interviews, highlighting the importance
of structure in improving interview
outcomes. It provides a comprehensive
framework for structuring interviews o

enhance their effectivencss.

7. Schmidt, FL.

and Hunter, LE,

1998

Journal Article

The validity and
utility of selection
‘methods in personnel
psychology:
Practical and
theoretical
implications of
years of research

findings

To review and summarize 85 years of
rescarch on the validity and ulity of

various personnel selection methods.

The study presents the validity of 19
selection procedures for predicting
job  performance and  training
performance. The highest. validity

was found in  combinations of

general mental ability

MA) with
other selection procedures such as
work sample tests, integrity  tests,
‘and structured interviews, with mean
validities around 63 to .65. These
findings suggest that GMA, when
combined with these methods,
provides the highest uility for job

performance prediction.

This paper is crucial for understanding
the effectiveness of different personnel
selection methods, providing empirical
evidence on their predictive validity. It
offers practical guidance for developing
efficient  and

effective  selection

processes in organizations.

8. Stone, DL,
Deadrick, DL,
Lukaszewski

KM,

and Johnson, K.R.

2015

Journal Article

The influence of
technology on the
futwre  of  human

resource

‘management

To review the curent effects of

technology on human resource (HR)
ssess s eff

processe: tiveness, and

discuss the advantages and limitations of

these systems.

echnology significanty impacts HR
processes, offering benefits such as
improved  efficiency and  data
management. However, limitations
include impersonal communication,
lack of interpersonal interaction, and
between

potential  detachment

‘employees and organizations.

This paper provides valuable insights

into how technology shapes HR

practices,  highlighting  both  the

advantages and challenges.

9. Jain, N. & Maitri

2018

Pecr-reviewed

Article

Big  Daa  and
Predictive Analytics:

A Facilior  for

alent Management

To explore the role and significance of big:
data in talent management and address the
challenges faced by HR professionals in
integrating big data analytics into their

strategics.

Big data analytics can enhance
recruitment, retention, and overall
lent  management, providing a

competitive edge o organizations.

The article is relevant as it discusses

how big data and predictive analytics
can transform talent identification and
‘management, making it highly pertinent
10 the topic of the impact of big data on

talent identification.

10. Gonzalez, M. E,,
Capman, 1., Oswald,
F. Theys, F. &

Tomezak, D. L.

2019

Peer-

Reviewed

Tournal Article

Where’s the 1-07"
Aificial

Intelligence  and
Machine Leaming in
Talent Management

Systems

To review the current state of Al and ML
in talent assessment and selection.

To evaluate the reliability, validity, and
faimmess of AUML tools in organizational

contexs.

Al and ML have been widely
adopted by organizations  for

identifying and hiring high-quality

job applicants.

Addresses potential pitfalls and adverse

reactions,  which are  crucial  for

improving AIML systems in_ talent

identification.
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1. Kuncel, NR, | 2013 Peer- Mechanical versus | o compare the effectiveness of | The use of statistical algorithms | Supports the integration of Al and
Klieger, DM, Reviewed clinical data | mechanical data combination methods | leads to more accurate and consistent | machine learning in talent identification
Connelly, BS. & Journal Article | combination i | (eg. statistical algorithms) versus | decision-making compared to human | processes, as these technologies are
Ones, DS, selection and | clinical data combination methods (e.g., | judgment alone. essentially  advanced  forms  of
admissions ‘human judgment) in making selectionand | The  superiority of mechanical | mechanical data combination.
decisions: A meta- | admissions decisions. methods holds across  different
analysis cantexts and types of decisions, such
as employee selection and academic
admissions,
12. Van Iddekinge, | 2019 Peer- A meta-analysis of | To examine the criterion-related validity | The relationship between prehire | Provides empirical evidence that can be
CH. Amold. 1D., Reviewed the eriterion-related | of prehire work experience as a predictor | work experience and training | used to advocate for the integration of
Frieder, R E., & Roth, Toumal Article | validity of prehire | of job performance and other relevant | performance is weaker, suggesting | work experience data into ATML tools
PL. work experience outcomes. that experience may not be as strong | for better talent management outcomes.
To conduct a meta-analysis to determine | a predictor of one’s ability to leam
how well prehire work experience | new tasks or skils.
predicts job  performance,  training
performance, and turnover.
13. Raghavan, M. | 2020 Mitigating bias in | To evaluate the claims and practices | The authors recommend a multi- | Supports the need for continuous
Barocas, s. paper algorithmic  hiring: | surounding the mitigation of bias in | faceted approach that includes | evahuation and improvement of
Kleinberg, I, & Evaluating ~ claims | algorithmic hiring systems, technical adjustments, | algorithmic hiring practices to ensure
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