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ABSTRACT
The integration of Artificial Intelligence (AI) in Human Resource Management (HRM) has transformed HR 
decision-making from a purely human activity to a collaborative cognitive process. The present paper suggests a 
theoretical framework which is based on blending human participation with algorithmic codes to achieve optimal 
decisions. The collaborative model is termed as socio-technical systems (STS) structure. Based on STS theory (Trist 
& Bamforth, 1951; Emery & Trist, 1960), the present study views AI not as a replacement for human reasoning but 
as a conjoint partner within a dispensed intelligence framework. The STS structure observes three interwoven sub-
parts: the technical subsystem comprising of algorithms, computer programs and data infrastructure; the social 
subsystem consisting of human expertise, organizational culture, and ethical governance; and the socio-technical 
interface which represents trust, shared cognition, and mutual adaptation (Herrmann & Pfeiffer, 2023; Chatterjee 
& Sarkar, 2024). The present paper aims to explain how personal wisdom and AI tools can be integrated for 
effective HR decision-making, employing a human-centric technical approach. This approach attempts to combine 
the human elements (trust, openness and collective understanding) with technological advancements in such a 
way that the benefits of both the components can be optimally achieved, rather than just focusing on one part in 
isolation (Raftopoulos & Hamari, 2023). The paper formulates a descriptive theoretical model to elaborate the 
interaction of human and technical subsystems in order to take optimal decisions. The paper also provides some 
practical tips by which organizations can combine AI tools with human decision-making in order to establish a 
reliable, trustworthy and collaborative socio-technical system.
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introDUCtion

tKe�tUaQsIRUmaWLRQ�RI�hr�DecLsLRQ-MakLQg

Business organizations have to operate within the 
context of internal and external environment. 

The contemporary environment of human resource 
managers is very dynamic and unpredictable. 
Changing environmental factors have completely 
transformed the role of Human resource managers. The 
most prominent and influential change has taken place 
in the technological environment, with the evolution 
of Artificial Intelligence (AI). It has significantly 
impacted every aspect of business organizations, and 
is now regularly employed by managers to assist 

them in number of decisions like market research, 
recruitment, handling customer care and so on. In 
human resource management too, AI tools are widely 
used to screen resumes, assess performance and retain 
talented employees (Jarrahi, 2018; Tambe et al., 
2019). This is done by computing highly sophisticated 
algorithms, employing chatbots to manage employee 
grievances and developing machine learning models to 
predict risk of attrition (Leicht-Deobald et al., 2019). 
Although, the radical transformation has brought more 
efficiency in the decision-making process by providing 
deep analysis, it has led to a few complications like 
unreliability, lack of trust, etc., which can be handled 
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with an integrated approach (Brougham & Haar, 2018; 
Raisch & Krakowski, 2021).

Combining AI technologies in HR decision-making has 
brought a complete change in institutional dynamics, 
marked by integrated process of taking decisions 
(Brynjolfsson & McAfee, 2017). The organizations 
must promote an environment to ensure mutual learning 
between machine codes and human expertise (Kellogg 
et al., 2020). However, to effectively implement such 
transformation, the organizations have to ensure 
parity between machine-learning system and ethical 
norms (Binns et al., 2018). Also, the improvement in 
technology must enhance the quality of HR decisions 
rather than diminish them (Bello, 2025).

tKe�raWLRQale�IRU�a�SRcLR-tecKQLcal�PeUspecWLve

Prior studies on AI adoption often lay emphasis on either 
technical advancements or moral values in isolation. 
While technology driven approaches emphasize 
calculative prediction and extreme efficiency, ethical 
approaches focus on minimizing bias and promoting 
fairness (Desveaud & Bawack, 2024). Human 
resource decisions, unlike other decisions of a business 
organization have a social, ethical and emotional aspect 
involved in them. It will not be advisable to depend 
on automated algorithms and software exclusively to 
take these decisions. Hence, what is needed is to view 
human resource decisions as a blend of socio-technical 
aspects, rather than considering them as purely 
technological processes. 

Trist and Bamforth (1951) founded the socio-technical 
systems (STS) approach, which advocates that every 
work system is a mix of two or more interwoven 
constituents: one technical subsystem on one hand, 
which comprises of the instruments, procedures and 
technologies involved and a social sub-system on the 
other hand, which includes the people in consideration, 
standards established and the culture. This theory 
proposes a holistic structure for understanding the 
collaboration between these sub-systems. The perfect 
amalgamation of these two dimensions can facilitate 
optimal and effective achievement of organizational 
goals (Sarker et al., 2019).

Hence, these disintegrated approaches do not identify 
the interdependence between technological and social 

sub-systems that lays the foundation for effective AI 
implementation (Faraj et al., 2018).

CRQWULbuWLRQ�RI�WKe�PapeU

The present paper attempts to explain HRM decisions 
and policies through this collaborative socio-technical 
system and establishes that simultaneous growth is 
needed in technology as well as human expertise, 
so that both of them can complement each other and 
make-up for each other’s shortcomings. On one hand, 
technical growth in the form of AI tools enables 
extensive research and pattern identification, personnel 
competence on the other hand provides human touch, 
understanding and moral values which facilitates fair 
and optimal decisions (Jarrahi, 2018). When combined 
together, both of them make up “collaborative 
intelligence”, a concept given by Brynjolfsson and 
McAfee (2017).

It further aims to frame a theoretical-intellectual model 
to ensure just, reliable and transparent decisions by 
Human Resource Management by combining AI 
enabled technology with human intelligence and 
emotional strength. This model will turn out into an 
interdisciplinary system as it will be based on theories 
from various multi-faceted domains like organizational 
behaviour, information systems and business ethics.

Specifically, the research addresses three central 
questions:

•� How�do�humans�and�AI�systems�collaborate�to�take�
integrated decisions within HRM procedures?

•� What� organizational� framework� and� cultural�
characteristics ensure effective human–AI 
amalgamation?

•� How� can� trust,� responsibility,� and� unbiased�
decisions be ensured in these blended systems?

The present paper will make significant theoretical 
contributions while framing answers for the above 
three questions. Firstly, it attempts to draw socio-
technical systems theory to co-ordinate dynamic 
information and technology tools to augment human 
decision- making rather than passive tools (Lou et 
al., 2025). Secondly, it bridges theories of dispensed 
understanding and AI ethics by signaling that 
transparency and impartiality are significant system 
values rather than outlying technical characteristics 
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(Waefler & Schmid, 2020). Third, it redefines HRM as 
a framework of collaborative intelligence, shifting the 
focus from an isolated approach towards a collaborative 
one (Herrmann & Pfeiffer, 2023).

LitErAtUrE�rEViEW

Ai�AdRpWLRQ�LQ�humaQ�resRuUce�MaQagemeQW

AI and HRM has become a very intrigue area of research 
in the past decade. Computer software has become 
far-more developed and made to behave like humans. 
As a result, computer programs are now able to filter 
job resumes, draw a pattern in employee sentiment 
and forecast the behavior of human resources in the 
business environment (Tambe et al., 2019; Strohmeier 
& Piazza, 2015). The machine -learning codes have the 
ability to analyze large volumes of data and identify 
trends, which otherwise is very difficult for human 
thought-process. (Van den Broek et al., 2021).

Although the development of AI in HRM offers 
unprecedented in-depth analysis, it also brings along 
several challenges. The analysis provided by machine 
codes depends significantly on the quality of data. 
There have been numerous researches in the past 
which validate increasing bias when AI results are 
based on incorrect/ insufficient data (Binns et al., 
2018; Bello, 2025). Moreover, the lack of transparency 
in the computer programs because of lack of digital 
literacy among HR professionals brings mistrust in 
the outputs of machine- learning algorithms (Waefler 
& Schmid, 2020). Hence, researchers recently stress 
on enhancement than mechanization, focusing on 
interrelated relationship between human cognition and 
AI (Wiesche & Niehaus, 2021; Rahman & Rahman, 
2025). This suggests that in order to effectively 
implement AI in HRM, there is a need for efforts 
beyond technical advancement (Newell & Marabelli, 
2015). It calls for human- machine integration, 
whereby algorithms are woven into the organizational 
systems in such a manner that they promote morality, 
human responsibility and shared cognition (Kellogg et 
al., 2020).

BackgURuQd�RI�SRcLR-tecKQLcal�SysWems�tKeRUy�

The origin of socio-technical systems theory has its roots 
in research of coal-mining operations, which suggested 
that technical advancements have to be balanced with 

social adaptation for performance enhancement (Trist 
& Bamforth, 1951). The center point of the theory is 
combined maximized performance, as it posits that 
isolated development of technical or social subsystem 
will lead to decreased performance. The best way to 
get optimized results is to recognize the interrelation 
between the two parts and aim at simultaneous 
development of the two (Emery & Trist, 1960).

Modern researchers have expanded Social-technical 
systems theory to digital contexts and advocated that 
the co-development of AI and human cognition can 
radically change the social-technical relationship 
(Sarker et al., 2019). AI technology works differently 
than the earlier systems as it develops on the basis of 
response received, and makes adjustment by interacting 
(Faraj et al., 2018). This transition can be successful 
only through the principle of mutual-adaptation, where 
there is a strong and dynamic collaboration between 
socio-technical framework and the organizational 
structure (Raftopoulos & Hamari, 2023).

Latest studies suggest “organization-in-the-loop” 
frameworks which integrate social regulation into AI 
machine learning models (Herrmann & Pfeiffer, 2023). 
These studies advocate that computational choices are 
a result of various influence namely organizational 
culture, institutional norms and chain of command 
(Viskova-Robertson, 2023). Therefore, there is a 
need for amalgamating technical advancements with 
organizational morals for effective implementation 
(Liu & Shen, 2025).

facLlLWaWRUs�RI�SRcLR-tecKQLcal�CRllabRUaWLRQ

HR-machine combination suggests a system of 
disbursed intelligence where decisions are jointly 
taken by humans and AI (Dellermann et al., 2019). The 
past literature identifies three facilitators for successful 
implementation of this amalgamation:

•� opeQQess� aQd� uQdeUsWaQdabLlLWy: It is more 
comfortable for HR managers to use and have 
confidence in AI suggestions if they are able to 
have a clear understanding of the logic behind the 
machine results (Waefler & Schmid, 2020; Bello, 
2025). There are several AI programs which can 
explain the complicated machine algorithms into 
easily understandable modules, which help HR 
managers to criticize, prove or reject the computer 
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suggestions (Puerta-Beldarrain & Gomez-
Carmona, 2025). 

•� JRLQW� cRgQLWLRQ: Combined understanding of 
objectives, tasks and decision-criteria is needed for 
effective implementation of AI-HR collaboration 
(Andrews et al., 2023). This shared cognition 
can be achieved only when there is continuous 
interaction and both the sub-systems understand 
each other’s thinking approach (Raftopoulos & 
Hamari, 2023). As a result, the joint development 
of HR managers and machine codes will enable 
efficient co-ordination and effective resolution of 
conflicts (Lou et al., 2025). 

•� CRQILdeQce� aQd� IaLWK: Faith acts as a pre-
condition as well as result of effective social-
technical amalgamation (Karimian et al., 2025). 
For pre-condition, there should be trust in the 
beginning which is an outcome of the institutional 
dedication and perception regarding AI reliability 
and morality (Siau & Wang, 2018). The trust 
gradually grows when there is similarity between 
machine suggestions and actual results, openness 
in decision-making and serious attention to HR 
feedback (Qaiser et al., 2025; Desveaud & Bawack, 
2024).

EWKLcal�DLmeQsLRQs�aQd�oUgaQLzaWLRQal�
GRveUQaQce

One of the most significant challenges of AI in HRM is 
the system bias. The main cause of this bias is not only 
the technical-glitches, but from other factors like faulty 
data, inefficient HR prediction and unfair organizational 
values (Leicht-Deobald et al., 2019). For instance, if 
fundamental recruitment data portrays moral or gender 
inefficiencies, machine algorithms developed on such 
data is bound to have fundamental errors, irrespective 
of the high-level technical programs (Bello, 2025).

One of the ways suggested for transparency and 
governance is adoption of a multi-stakeholder 
approach where HR professionals, data analysts and 
representative of employees regularly supervise the 
results of machine codes (Liu & Shen, 2025). Such 
regulatory mechanisms diffuse responsibility among 
HR professionals and machine codes, and minimize 
the gap which is seen in case decision-making power is 

not clearly defined in AI-HRM systems (Desveaud & 
Bawack, 2024).

Recent literature also underscores non-cognitive 
facets of socio-technical combination (Kolomaznik 
et al., 2024). Social intelligence and emotional 
quotient – consisting of compassion, flexibility and 
reliability – have a great bearing on the acceptance of 
AI mechanisms by HR managers (Qaiser et al., 2025). 
As the roles and responsibilities of HR professionals 
necessarily involve ethical adoption and social skills, 
there is bound to be resistance in adopting AI technology 
which is presumed to be away from emotions (Tambe 
et al., 2019). Hence, to strengthen the association of 
machine codes with human morals, organizations 
can adopt interfaces like effective communication of 
feedback, explain the rationale behind the machine 
programs and exhibiting compassion (Andrews  
et al., 2023).

reseaUcK�Gaps�aQd�tKeRUeWLcal�iQWegUaWLRQ

Although there have been numerous studies in the 
past in the domain of HRM and AI, most of them 
have focused on role of AI in Human Resource 
Management and Socio- technical systems in isolation. 
Only a handful of studies have combined both these 
perspectives (Leicht-Deobald et al., 2019; Raisch & 
Krakowski, 2021). Existing literature tends to focus 
either on technical advancements and algorithmic 
predictability or moral outcomes and governance 
impact. Most of them have failed to integrate these two 
aspects-namely social/ human expertise and technical/ 
machine learning to co-generate optimal HR decisions 
(Van den Broek et al., 2021). To add more, there is a 
dearth of empirical studies in this field. Most of the 
prior researches have generated conceptual structures 
without proving their reliability in business contexts 
(Viskova-Robertson, 2023; Rahman & Rahman, 2025).

The present study attempts to bridge these gaps by 
providing a holistic socio-technical theoretical model 
which explains the interdependence between human 
precision, machine learning, organizational structures 
and collaborative learning. The present conceptual 
framework synergizes three significant themes from 
prior literature: mutual cognitive ability, disseminated 
decision-making and deeply embedded ethical  
culture.
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ConCEPtUAL�frAMEWorK�AnD�MoDEL�
DEVELoPMEnt

tKeRUeWLcal�fRuQdaWLRQs

The theoretical model posits an integrated approach 
where HR decisions should be taken in collaboration of 
human as well as technical intelligence. It is referred to 
socio-technical system (STS) having three interrelated 
constituents: the technical subgroup, the social 
subgroup, and the socio-technical platform (Sarker et 
al., 2019). This multiple factor framework posits that 
instead of focusing on any one component in isolation, 
effectiveness in HR decisions can be achieved by a 
simultaneous development of human intellect, machine 
codes and the organizational culture (Trist & Bamforth, 
1951).

There is a collaborative interplay of three forces namely 
machine algorithms, personnel wisdom and interactive 
interface which ensures optimal HR decisions (Waefler 
& Schmid, 2020). STS structure views AI as an 
augmentative factor which when integrated with human 
cognition and organizational culture can amplify and 
enhance the decision-making process (Leicht-Deobald 
et al., 2019).

tKe�tecKQLcal�SubsysWem:�CRmpuWaWLRQal�
iQWellLgeQce�aQd�E[plaLQabLlLWy

The technical subsystem comprises of various 
components like technical programs, computerized 
software, algorithmic design, data analysis, and 
predictability mechanisms that equip AI to provide 
computational intelligence in HR decision- making 
(Yu et al., 2023). This sub-system comprises mainly of 
three constructs:

1. tKe� qualLWy� aQd� UelLabLlLWy� RI� algRULWKmLc�
desLgQ: This refers to the accuracy of the model, its 
ability to be adopted in different situations and the 
extent of its explainability (Puerta-Beldarrain & 
Gomez-Carmona, 2025). Algorithmic programs of 
high quality are able to draw meaningful patterns 
in workforce data, ignoring over-emphasis on 
prior biases. The algorithm design also depicts the 
reliability quotient of the system, which refers to 
its capability to give similar performance when 
used in different contexts (Bello, 2025).

2. DaWa� iQIUasWUucWuUe: It refers to the quality of 
data in terms of its completeness and reliability 
(Desveaud & Bawack, 2024). Good quality AI 
systems depend upon thorough and authenticated 
datasets which completely represent the 
employee populations they represent. Apart from 
completeness, there should be fair and verified 
record of origin of data, its transformation and 
its drawbacks- which provide trust among the 
stakeholders regarding data reliability (Van den 
Broek et al., 2021).

3. PUedLcWabLlLWy� mecKaQLsms� e[plaLQ� WKe�
WUaQslaWLRQ� RI� algRULWKmLc� cRdLQg� LQWR� hr�
uQdeUsWaQdable� IRUmaWs (Waefler & Schmid, 
2020). There are various AI techniques which 
explain and identify patterns, ranging from simple 
ranking techniques to more intense techniques 
which demonstrate varying outputs as per the 
altered inputs. Such explanatory mechanisms 
help HR managers confirm the logic behind 
computerized software with their vast personal 
experience and expertise (Binns et al., 2018).

From a conceptual perspective, the above-mentioned 
technical constructs contribute to collaborative 
intelligence: AI systems augment human analytical 
ability by analyzing huge data at a much faster speed, 
while HR mangers interpret AI outcomes within moral 
and social limits (Jarrahi, 2018; Raftopoulos & Hamari, 
2023).

Proposition 1: The extent and standard of algorithmic 
explainability has a positive impact on human 
confidence and reliance on HR decisions based on AI 
techniques (Waefler & Schmid, 2020).

tKe�SRcLal�SubsysWem:�humaQ�cRmpeWeQce,�
oUgaQLzaWLRQal�CulWuUe,�aQd�respRQsLble�
GRveUQaQce

This domain of STS structure comprises of human 
competence, organizational culture, and responsible 
governance framework that determine the way in 
which AI mechanisms are conceived and applied 
(Herrmann & Pfeiffer, 2023). The social sub-system is 
a combination of three main constructs:

1. humaQ� CRmpeWeQce� aQd�WLsdRm: It includes 
the vast experience, the ability to reason and 
ethical judgement that HR managers contribute 
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in decision-making (Newell & Marabelli, 2015). 
HR managers perceive AI results in the light 
of institutional history, social associations and 
implicit understanding of interpersonal dynamics- 
facets of knowledge which cannot be completely 
replaced by computerized algorithms (Kellogg et 
al., 2020).

2. oUgaQLzaWLRQal� CulWuUe: It consists of various 
dimensions like the norms and values, perception 
about technology, impartiality and treatment of 
employees (Yu et al., 2023). Organizations which 
focus on learning, equity and openness, and 
combined decision-making adopt AI techniques 
smoothly as they have a psychological safety 
mechanism for enquiring the outcomes of 
algorithmic programs (Qaiser et al., 2025). On the 
other hand, institutions which priorities efficiency 
over fairness may unknowingly aggravate data-
driven biases (Leicht-Deobald et al., 2019).

3. respRQsLble� GRveUQaQce: It encompasses 
conventional structures and procedures framed in 
order to align AI mechanisms with organizational 
norms and legal prerequisites (Liu & Shen, 2025). 
Regulatory frameworks may range from setting 
up an AI ethics committees and evaluation of 
impact of algorithmic software to formulation 
of employee consultation procedures and clarity 
in reporting (Desveaud & Bawack, 2024). 
These mechanisms regulate self-awareness by 
examining the impact of different AI systems on 
various stakeholders. Socio-technical agreement 
exists when institutional values and norms foster 
technological advancements. Transparent AI 
systems will provide limited advantage if not 
backed by a robust organizational culture or ethical 
governance framework (Qaiser et al., 2025).

Proposition 2: Responsible governance and 
organizational culture balance the relationship between 
algorithmic clarity and decision acceptance, building 
trust in HR decisions based on AI techniques (Karimian 
et al., 2025).

tKe�SRcLR-tecKQLcal�CRQveUgeQce:�tUusW,�
CRllabRUaWLve�CRgQLWLRQ,�aQd�MuWual�AdjusWmeQW

The convergence layer represents rational and 
interpersonal processes through which humans and 
AI amalgamate in decision-making (Lou et al., 2025). 

This interactional layer operates as a result of three 
mechanisms:

1. tUusW: It is the inclination to follow the 
recommendations of AI mechanisms in uncertain 
situations (Karimian et al., 2025). Trust is the result 
of stable system performance, openness in decision 
rationale and the commitment of the institution to 
ethical guidance (Siau & Wang, 2018). Trust in 
AI systems is a function of adoption of technical 
reliability and institutional governance (Binns et 
al., 2018). This belief or trust acts as both a pre-
condition and result of effective collaboration—
Trust in the beginning facilitates system adoption, 
whereas positive experiences strengthen ongoing 
trust (Waefler & Schmid, 2020).

2. CRllabRUaWLve�CRgQLWLRQ: It refers to coordinated 
understanding between humans and AI regarding 
goals and intentions, pertinent information and 
reasoning and analysis (Andrews et al., 2023). 
This shared intelligence develops through regular 
interaction where HR managers train how 
algorithms analyze information and draw patterns 
and algorithms adjust to reflect human responses 
(Raftopoulos & Hamari, 2023). Such an intelligent 
understanding reduces conflicts between human 
prediction and computerized recommendations, 
fostering more smooth collaboration (Dellermann 
et al., 2019).

3. MuWual� AdjusWmeQW: Mutual adjustment refers 
to inter-dependent learning where there is strong 
association between professional judgement and 
technical accuracy (Lou et al., 2025). When there 
is a clear understanding of algorithmic codes by 
HR professionals, they correlate their decision-
choices with AI predictions. At the same time, 
AI algorithms need to be regularly revised by 
integrating them with human feedback (Faraj et 
al., 2018). Hence, the interdependence between 
machine-human systems is the foundation stone 
for collaborative STS approach and will determine 
if use of AI in HR will enhance it or not (Herrmann 
& Pfeiffer, 2023).

Proposition 3: Trust is a pre-requisite as well as 
outcome of collaborative relationship between machine 
learning and human precision (Karimian et al., 2025).
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Proposition 4: There is an immediate association 
between shared cognition among human-AI systems 
and fair and reliable HR decisions (Andrews et al., 
2023).

ouWcRme�LayeU:�SyQeUgLsWLc�hr�DecLsLRQs

The rationale behind collaborating AI with HR systems 
is to bring synergy in decision making – whereby the 
outcomes of the integrated approach are better/greater 
than choices made in isolation by either of them (Raisch 
& Krakowski, 2021). 

Bias, both human and system, can be reduced by 
combining machine learning with feedback from HR 
professionals, thereby making HR decisions more 
transparent and effective (Leicht-Deobald et al., 2019). 
AI algorithms provide recommendations on the basis 
of analysis of vast data and provide situation-specific 
solutions (Brynjolfsson & McAfee, 2017). When the 
HR managers understand the audit trails of logic, 
they will take better responsibility of their decisions 
(Binns et al., 2018). Institutional learning amplifies 
as insights from human–AI collaboration provides 
continuous improvement of both technology and HR 

fLguUe�1: Theoretical Framework: Human-AI Collaboration as a Socio-Technical System
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policies (Kellogg et al., 2020). STS theory advances 
that maximum results can be achieved through joint 
combination—where neither technical nor social 
subdomain commands but mutually learn (Trist & 
Bamforth, 1951).

tKeRUeWLcal�CRQWULbuWLRQs

The present model moves a step forward and attempts 
to provide a collaborative model to embed AI in HRM. 
It conceptualizes a threefold framework of technical 
subsystem, social subsystem, and collaborative 
interface (Sarker et al., 2019). The center point of 
the model lies in envisioning AI not as an exclusive 
decision-maker but as an intelligent contributor within 
socio-technical systems. It further advocates the 
concept of collaborative intelligence—a disseminated 
form of decision-making where HR managers and 
technological growth share intellectual accountability 
(Herrmann & Pfeiffer, 2023; Lou et al., 2025).

DiSCUSSion�AnD�iMPLiCAtionS

redeILQLQg�humaQ�resRuUce�DecLsLRQ-MakLQg

The present model gives a new perspective to Human 
Resource decision making by viewing it as a combined 

intelligent interplay of human as well as technical 
cognition (Brynjolfsson & McAfee, 2017). This may 
be considered as a next step in the theory of AI and 
HRM as it does not view AI as a complete replacement 
for human intelligence. Rather, it believes that most-
optimal decisions may be taken with simultaneous 
development of HR precision and machine accuracy 
(Raisch & Krakowski, 2021). There are many business 
organizations which recognize the significance of this 
amalgamation and adopt a collaborative Human-AI 
intelligence approach in HR decision making. The 
following table presents a summary of a few prominent 
companies adopting this integrated approach:

This model provides a fundamental foundation by 
linking the social and technical aspect of HR decision 
making. It suggests that effective decisions can be 
taken through the process of mutual adjustment and 
mutual learning—a flexible process where both 
human and AI systems simultaneously learn from 
each other’s response (Raftopoulos & Hamari, 2023). 
These developments align with concepts of blended 
intelligence and shared responsibility, advocating 
an understanding of how cognitive authority can be 

table�1: Illustrative Cases of Companies following STS Approach

Company AI Technology Partner Use in HR Function Nature of Human AI Collaboration
Unilever Pymetrics, HireVue Recruitment and 

hiring
Preliminary screening done by AI (through video and 
games) and final selection done by HR managers

IBM IBM Watson Talent mobility and 
Retention

Skill matching and internal movements done by AI while 
final placement decisions made by managers based on team 
fit

Hilton Predictive Hire Hiring and Sales Scoring done by AI tools based on conversational interviews 
while managers make fast hiring based on insights received 
from AI

Coca-Cola Eightfold AI, Phenom Sourcing and talent 
Acquisition

Data scanning of potential candidates from web sources 
done through AI and relationships are managed by human 
managers. 

Google Internal AI tools Strategic Planning of 
workforce 

Modelling of skill gaps is done by technology while the 
insights drawn help managers in designing training and 
hiring initiatives.

Pfizer Glint (by LinkedIn) Employee experience 
and Attrition risk

To predict attrition rate, AI analyses employee data while 
HR staff employ these insights to take corrective actions. 

Accenture Internal Platforms Learning and 
development

Personalized learning paths are designed by AI for each 
employee based on their role while managers guide the 
overall development journey of employees.

Metlife Service Now Virtual 
agent

Employee support and 
benefits

Regular HR queries like leaves etc are handled by AI while 
more sensitive issues are managed by human mentors.

Source: Compiled by the author
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balanced across human talent and machine learning 
(Dellermann et al., 2019; Herrmann & Pfeiffer, 2023).

Another contribution of this paper is the concept of 
“shared trust cycles” where probability increases trust 
which increases human involvement which further 
increases computative precision through feedback 
(Karimian et al., 2025). This cyclic pattern implements 
the STS principle of combined optimization in modern 
organizations (Sarker et al., 2019). 

MaQageULal�implLcaWLRQs

The present paper will assist the managers by providing 
the following practical tips for effective implementation 
of AI in various dimensions of HRM:

•� The�AI�technologies�to�be�adopted�in�HR�should�be�
such that they provide consistent recommendations 
in similar situations. Moreover, they should also 
be capable of interpretation by HR managers 
so that they understand the logic behind the 
algorithms (Waefler & Schmid, 2020). For 
ensuring explainability, HR professionals should 
be provided technical training on machine codes 
so that they can understand and appreciate the 
working behind the machine programs (Tambe et 
al., 2019).

•� Regulatory� committees� should� be� formed� in�
order to ensure fairness and transparency in HR 
decisions, with members including HR managers, 
Moralists, representatives of employees and 
algorithm developers (Liu & Shen, 2025). Such 
multi-participative boards will maintain fairness 
and openness through public disclosures by 
conducting timely independent audits (Desveaud 
& Bawack, 2024).

•� HR�managers�must�foster�a�cultural�transformation�
focusing on transparency and joint decision-making 
(Yu et al., 2023). Employees must be encouraged to 
critically understand machine-program results and 
associate it with conceptual knowledge (Qaiser et 
al., 2025).

•� There�should�be�a�focus�on�development�of�blended�
qualities among employees which combine human 
understanding with data analysis and technological 
literacy (Gabriel et al., 2022). 

•� The� interpersonal� communication� should� be�
based on transparency and ethical considerations 

to ensure trust among each other (Binns et al., 
2018). However, the ultimate power to take critical 
decisions should be reserved with managers as it 
will provide emotional comfort to employees and 
ensure adherence to rules (Leicht-Deobald et al., 
2019).

SWUaWegLc�implLcaWLRQs

•� There�is�a�need�for�modern�day�HRM�to�shift�their�
focus from technology-oriented to enhancement 
driven HRM (Raisch & Krakowski, 2021). AI 
systems should not attempt to replace human 
expertise, rather they should augment human 
understanding through deep analysis and huge data 
handling (Jarrahi, 2018). This transformation will 
lead to better efficiency as well as psychological 
comfort among employees as the new approach 
transforms technical anxiety into amalgamative 
ventures (Brougham & Haar, 2018).

•� Adoption�of�AI�in�ethical�and�fair�way�can�give�a�
strategic advantage to the business organizations 
(Newell & Marabelli, 2015). Such organizations 
will induce better talented workforce and enjoy 
sustainable reputation trust- based reporting 
through independent and fair audits and public 
reporting, companies can reduce government 
regulation and improve public image (Desveaud & 
Bawack, 2024).

•� The� present� conceptual� model� also� stresses� on�
mutual learning by formulating feedback loops 
between HR analysis and employee encounters 
(Faraj et al., 2018). Combining the valuable results 
of algorithmic evaluations and utilizing them for 
personal learning will lead them towards individual 
development (Kellogg et al., 2020).

LiMitAtionS�AnD�fUrthEr�rESEArCh

Although the model provides a holistic approach 
towards AI in HRM, it lacks empirical confirmation. 
Further research in this domain can be conducted in the 
following directions:

•� EmpLULcal� MRdelLQg: Further research can be 
conducted in the area of quantifiable testing where 
cause and effect relationships can be validated 
among various constructs like trust, fairness and 
socio-technical orientation by using techniques 
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like Structural equation modelling (Karimian et al., 
2025).

•� LRQgLWudLQal�AQalysLs: Longitudinal research in 
the field of associating mutual learning between 
humans and AI and generating trust and co-
adjustment will provide more consistent and 
reliable outcomes. (Lou et al., 2025).

•� CURss-CulWuUal� reseaUcK: Another area of 
effective research may be to assess the impact of 
organizational culture on openness of algorithmic 
models across various geographical regions 
(Viskova-Robertson, 2023).

ConCLUSion

Inclusion of AI in various dimensions of business, 
especially Human Resource Management is one of 
the most radical transformations of recent times. The 
present paper has conceptualized an integrated model 
which explains that AI techniques should not be 
employed in isolation to assist HR decision making. 
Rather, technical intelligence should be combined with 
human intelligence in such a way that the results so 
obtained are the most effective and optimal.

The conceptual model framed in this paper contributes 
to the vast literature in multiple ways. First, it expands 
socio-technical systems theory by redefining AI as 
a robust, discovering factor rather than a dormant 
tool. It brings about the concept of collaborative 
intelligence where decision making is divided between 
humans and algorithms (Lou et al., 2025). Second, it 
balances cognitive and moral theories by concluding 
that transparency and trust are important values of the 
system arising from co-movement between human 
values and machine-learning programs (Leicht-
Deobald et al., 2019; Waefler & Schmid, 2020). Third, 
it reconceptualizes HRM as a blended intelligence 
framework where organizational success depends 
on synergy impact of human–machine collaboration 
rather than merely adopting technology in isolation 
(Raisch & Krakowski, 2021).

For managers, the conceptual model provides a 
blue-print focusing on trust-centric design, moral 
regulatory framework, cultural transformation, mixed 
competencies, and open communication (Tambe et 
al., 2019; Liu & Shen, 2025). These practices focus 
on adoption of HR technology from mechanization to 

amplification, ensuring AI further increases rather than 
reduces human judgment (Jarrahi, 2018).

The chief contribution of the present study lies in the 
convention that embedding AI in HRM requires less 
of technological modernization than on integrating 
socio-technical interfaces. This refers to the ability of 
organizations to balance machine learning with human 
precision and value-system of the organization (Sarker 
et al., 2019). As business corporates steer this change, 
the challenge is not to absorb AI, but to absorb it in such 
a way that it works well with humans. The combined-
approach suggested by the present study provides a 
conceptual framework to understand the role of AI in 
HRM. It further provides some practical tips for such 
transformation, where AI will augment the quality of 
HR decisions and human intellect will be the focus of 
the system (Herrmann & Pfeiffer, 2023).
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