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Abstract - Artificial intelligence is increasingly becoming an organizational infrastructure rather than a stand-alone
technological tool. This article examines how Al and data analytics reshape strategic decision-making and team
effectiveness and how organizations can balance operational efficiency with human creativity and intuition. An
integrative literature review was conducted across research in management, information systems, human resource
management, organizational behavior, and human—AI collaboration. The synthesis indicates that Al can accelerate
information processing, reduce certain forms of information asymmetry, and improve team decision quality when its
capabilities are supported by reliable data, calibrated trust, digital literacy, appropriate incentives, and accountable
governance. These benefits are conditional because opaque or incomplete Al systems may introduce new information
asymmetries and excessive reliance. A sustainable Al-enabled organization therefore requires differentiated task
allocation. Routine and structured activities can be automated, whereas complex analytical work is better augmented
through human—AI collaboration. Creativity, intuition, and professional judgment remain essential for ambiguous and
high-stakes tasks. The article concludes that organizational advantage depends less on maximizing automation than on
designing complementary relationships between algorithmic capabilities and human agency.

Keywords: ai-enabled organization, human—ai collaboration, algorithmic decision-making, team effectiveness, artificial
intelligence, human creativity, digital hrm.

INTRODUCTION

The development of artificial intelligence has shifted the position of technology in organizations from a
supporting facility to a core component of the decision-making architecture. Machine learning, generative Al, predictive
analytics,and recommendation systems enable organizations to process massive amounts of data and update information
in a much shortertime compared to conventionalanalysis mechanisms (Luetal.,2025). This change drives the emergence
of the Al-enabled organization, which is an organization that places Al capabilities, data, and humans into a single
interdependent working system. Jarrahi (2018) explains that the strength of Al primarily lies in its ability to process
information complexity, whereas humans retain the advantage when facing ambiguity, uncertainty, intuition, and
judgments that require broad comprehension (Telaumbanua et al., 2025). The relationship between the two shifts the
organizationalquestion from whether Al needs to be used to how the division of laborbetween com putationalintelligence
and human judgment should be designed so that decision quality improves without eliminating the human capacity to
understand the meaning and consequences of decisions.

This shift hasimplications for organizationaldesign. Traditionalstructures rely heavily on hierarchical levels to
gatherinformation, verify reports, and provide decision authorization. When operationaldatacanbe analyzed in realtime
and algorithmic recommendationsare available at the work unit level, some coordination functions previously embedded
in the hierarchy may undergo changes (Valentine et al., 2024). Raisch and Krakowski (2021) describe the relationship
between automation and augmentation as a paradox that needs to be managed simultaneously. Automation allows
technology to take over specific tasks, whereas augmentation directs technology to expand human capabilities.
Organizations that place too much emphasis on automation may lose tacit knowledge and judgment capacity, whereas
excessive reliance on humans can reduce the benefits of large-scale data processing. The Al-enabled organization
therefore needs to be designed through a division of decisions that considers task characteristics, risk levels, interpretation
needs, and the value that can be added by the combination of humans and machines.

Changes in work structures are also related to job fragmentation and the emergence of increasingly flexible
workforce configurations (Woolley, 2024). Mardikaningsih (2025) explains that digitalization, generationalvalue shifts,
and flexible work formsdrive the reconstruction of employment relationships and demand human resource functions to
move toward organizational design and worker experience management. Al accelerates this tendency because jobs can
be broken down into tasks thatcanbe automated, tasks that can be enriched by Al, and tasks that still require intensive
human interaction (Oluwatoyin & Mardikaningsih, 2024). Consequently, it is not enough for organizations to adopt Al
applications without reorganizing decision flows, responsibilities, skills, and team coordination forms. Job design needs
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to consider who initiates decisions, who checks Al outputs, when humans canreject system recommendations,and how
errors are accounted for (Holzle et al.,, 2024). These questions become increasingly relevantasalgorithms enter strategic
areas such as workforce planning, investment, performance appraisal, innovation, and resource allocation.

Data analytics strengthens this process by providing management with a broader information base
(Mardikaningsih & Darmawan, 2025). Mardikaningsih and Darmawan (2025) emphasize that big data analytics
capability can strengthen organizational learning and data-driven decision making when supported by managerial
readiness, data literacy, and adequate governance. High analyticalcapacity enables organizations to recognize patterns
that are difficult to see through manual observation, test scenarios, and anticipate the consequences of alternative
decisions (Altaf et al, 2025). Even so, a larger volume of information does not equal better decision quality. Data may
be incomplete, unrepresentative, or tied to pastpatterns thatare less relevant to new conditions. Decision quality also
depends on the security and reliability of the employee data used in the analysis, so data management needs to be
strictly safeguarded (da Costa et al., 2023). Predictive models canalso give an impression of certainty thatexceeds the
strength of the actualevidence. The value of Al for strategic decision making depends on an organization's ability to
treat predictions as input for managerial reasoning, not as an automatic replacement for the judgment process. When
Al-based decisions cause harm, organizations need to ensure that responsibility is clear and that the basis of the
decision can be proven (Sutanto et al., 2023).

The human dimension becomes increasingly decisive because the ability to benefit from Al differs across
employees and generations (Shakil et al., 2024). Workers' ability to adapt to technological change is influenced not
only by the characteristics of the technology, but also by self-efficacy, work experience, education level, and the
organizational support received during the change process (Mardikaningsih & Darmawan,2022). Work readiness and
digital skills also determine how well employees makeuse of new technology (Darmawan, 2025). Darmawan (2024)
discusses the digital readiness of the Baby Boomer generation and highlights the adaptation gap thatcan emerge when
technological change develops faster than individual readiness. Skill retraining accompanied by social support can
narrow this gap (Eddine & Darmawan, 2026). A similar problem applies to the entire workforce in an Al-enabled
organization. The ability to use digital tools does not automatically produce the ability to question Al
recommendations, assess model uncertainty, recognize bias, or combine machine output with job knowledge.
Organizations need Al literacy thatcovers anunderstanding of the system's strengths, limits, risks, and error patterns.
Without such competence, Al use can give rise to two extreme behaviors: excessive rejection or automatic acceptance
of system recommendations. Both patterns reduce the benefits of human—AI collaboration because decision quality
depends on judgment thatcanuse algorithmic results critically. In addition, technology-mediated interaction changes
how employees communicate, build professional identity, and assess information, so critical discussion of Al
recommendations does not occur automatically (Darmawan, 2021; da Cruz et al., 2024; Evendiet al., 2025).

A scientific gap emerges because discussions of Al in organizations are often fragmented acrosstechnological
productivity, HRM change, algorithmic ethics, and worker behavior. Research on Al-based decision making shows the
potential for improved information processing, while studies on algorithmic management highlight the risks of lost
autonomy, transparency, and trust. Not all of the literature explains in an integrated way when Al recommendations
improve team decision quality and when Al instead creates new information asymmetry, automation bias, or dependence
that reduces critical discussion. The same problem appears in the relationship between efficiency and creativity.
Automation can free up time from routine tasks, but algorithm -based standardization can also narrow the variety of
thinking if workers follow machine-generated patternstoo closely. Digitalization also changes the structure of work tasks,
so job design needs to be adjusted to keep the division of roles between humansand machines clear(Triono et al., 2025).
Studies on the Al-enabled organization require a synthesis that brings together decision design, human competence, trust,
governance, and creativity in a single explanatory framework.

This article positions the Al-enabled organization as a socio-technical system that connects computational
intelligence with human judgment, experience, creativity, and accountability. This perspective avoids understanding Al
asa technology that works separately from organizationalstructure. The value of technology is influenced by data quality,
job design, the distribution of authority, user capability, communication patterns, and correction mechanisms. The article's
theoretical contribution is directed at combiningthe literature on human—AlI decision making, Al-enabled HRM, dynamic
capabilities, digital literacy, organizationaljustice, and job redesign. At the practicallevel, the synthesis seeks to explain
how organizations can determine which decisions are suitable for automation, which should be augmented, and which
require stronger human authority. This division is needed so that Al improves productivity and team effectiveness without
reducing room for creativity, intuition, and professional responsibility.

The article has two main objectives. The first objective is to analyze changes in strategic decision-making
patterns after Al and data analytics are connected to work processes, including their implications for team effectiveness.
The second objective is to explain the boundaries and conditions that enable organizations to achieve operational
efficiency without sacrificing human creativity and intuition. On the basis of these objectives, the first research question
is: How does the integration of artificial intelligence and data analytics transform strategic decision-making patterns in
modern organizations, and to what extent do these changes enhance team work effectiveness? The second research
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question is: To what extent does the implementation of Al within organizational structures create a balance between
operationalefficiency and the need forhuman creativity and intuition? Both questions are discussed sequentially through
an examination of the relationships among data, Al, decision rights, teamwork, trust, job design, and human agency.

RESEARCH METHODS

The article uses an integrative literature review directed at building a conceptualsynthesisregarding Al -enabled
organizations. The integrative approach was chosen because the subject matter involves literature developing across
management, information systems, human resource management, organizational behavior, and human—AlI interaction.
Snyder (2019)explains that a literature review can be used as a research method when the search, selection, and synthesis
processes are conducted systematically according to scientific objectives. Literature evaluation uses the principles of
evidence-informed management, which emphasize search transparency and the assessment of the relevance of findings
to managerial problems (Tranfield et al., 2003). The synthesis process was conducted through comparative reading of
research objectives, sample characteristics, units of analysis, theoretical mechanisms, and main findings. The literature
was then grouped into themes of decision architecture changes, team collaboration effectiveness, trust in Al,
organizational readiness, automation and augmentation, creativity, job design, and worker well-being. Torraco's (2005)
integrative review principles were used to connect findings originating from different research traditions so that the
analysis does not stop at individual study summaries. Interpretation was built by distinguishing empirical findings,
conceptual propositions, and article inferences. Studies producing associations were not treated as causal evidence without
support from appropriate research designs.

RESULTS AND DISCUSSIONS

Reconfiguration of Decision-Making and Al-Based Team Effectiveness

The integration of Al transforms decision-making from a predominantly sequential process into a more iterative
system based on continuously updated information. In traditional structures, information typically moves from operational
units to management via periodic reports before decisions are cascaded back down through the hierarchy. Al and analytics
allow part of the information to be processed directly at the point of work, enabling individuals and teams to obtain
predictions, classifications, or recommendations without waiting for the entire reporting chain (Sikhakolli et al., 2025).
Li and Tian (2026) show that the quality of outcomes depends on the interaction between decision characteristics, Al
capabilities, and human engagement patterns. These findings support the view that Al does not create a single universal
form of decision-making. Organizations require different role allocations for routine, semi-structured, and strategic
decisions that carry high uncertainty.

This change affects the locus of authority sources. Decisions previously derived their legitimacy from
hierarchical positions and professional experience, whereas Al-enabled organizations introduce a new source in the
form of computationalevidence. This shift can enhance the quality of discussions because managerial assumptions can
be compared with patterns identified from data. However, algorithmic decisions still require interpretation regarding
objectives, risk boundaries, and consequences for stakeholders (Hussain et al.,, 2025). Del Barone et al. (2026) state
that the use of Al in public administration HRM relates to the need for managerial competencies such as strategic
thinking, change management,and emotionalintelligence. These findings indicate thatincreasing machine capabilities
actually raises the need for specific managerial competencies. Leaders are not sufficient simply being able to read
dashboards. They must understand when information is trustworthy, how information is communicated, and how
decisions retain their legitimacy.

Al canreduce some of the information asymmetry within a team when the system hasaccess to information that
was previously scattered among members (Sidor et al., 2025). Zercher et al. (2025) state that an Al configuration with
centralized knowledge can improve decision accuracy compared with human teams with unevenly distributed
information. The mechanism relates to reduced information imbalance and useful Al information processing. These
findings are highly relevant for organizations because many group decision failures are caused not by a lack of knowledge,
butby a failure to combine knowledge thatis spread out. Al canactasan information integratorthat reminds the team of
evidence that did not surface in the discussion (da Silva et al., 2023). This benefit depends on how Al information is
brought into team conversations and whether members understand the basis of its recommendations.

The same results also show the limits of Al's benefits. Zercher et al. (2025) state that when the Al itself holds
incomplete information, teams may face a new form of information asymmetry and not gain the same improvement. This
means Al can shift the information problem rather than remove it. Teams may assume that the system has a complete
view when the model hasonly received certain data. Risk assessment in big data information systems helps organizations
recognize data limitations before recommendations are used (Khayru & Qader, 2026). This creates the risk of epistemic
overconfidence, that is, excessive confidence in machine output because the computational process appears objective.
Organizations need to make data lineage, prediction confidence levels, and model limitations understandable to users.

—t

23

—



Didit Darmawan, Khowanas Saeed Qader

Records of data origin and decision trails are also useful as valid evidence when a decision is challenged (Setiyono et al.,
2026). Such transparency enables teams to combine Al recommendations with knowledge that did not enter the model,
including changing market conditions, qualitative information, and field experience.

An organization's ability to adopt such systems is influenced by a combination of technical and organizational
factors. Himanshu et al. (2026) examine internal factors affecting the adoption of Al -enabled HRM from a dynamic
capabilities perspective. Their framework links HR flexibility, IT agility, dynamic capabilities, user attitudes,
behavioral intention, and cognitive resistance. This finding shows that Al investment cannot be separated from system
and human readiness. Organizations with strong infrastructure but a workforce that does not trust or understand the
system may fail to obtain benefits. Employee resistance to technological change needs to be managed in a planned way
so thatadoption is not obstructed (Mardikaningsih & Wardoyo, 2024; Mardikaningsih & Wardoyo, 2026). The same
applies if employees hold positive attitudes but data and technology integration are inadequate. Al -enabled decision
making requires an organization's ability to detect opportunities, adjust resources, and continuously reconfigure
processes. Leadership thatbalancestheuse of existing systems with trials of new ways of working helps this capability
develop (Irffan & Darmawan, 2024).

The effectiveness of technology implementation in organizations depends not only on the capability of the
system, but also on the leader's ability to steer change and build organizational members' readiness for new technology
(Darmawan & Gardi, 2024). Digital leadership also plays a role in building employee readiness for work automation
(Mardikaningsih & Darmawan,2023). Team effectiveness is also determined by the level of trust in the system. Shukh
et al. (2026) position organizationaljustice asan antecedent of trustin Al-enabled HRM. They show that trust develops
through perceptions of fairness before, during, and after system use. This principle can be extended to team decisions.
Members will be more willing to bring Al recommendations into discussion when they believe the data process, criteria,
and use of the results are legitimate. Trust thatis too low causes the technology to be ignored, while trust thatis too high
can lead to automation bias. Trust also forms easily through impressions of auth enticity and closeness ratherthan evidence
of reliability, so a source thatappearsconvincingis not necessarily worth trusting (Hariani & Mardikaningsih, 2022). The
organizationalgoalis not to maximize trust without limit, but to build calibrated trust, that s, a level of trust that matches
the actualreliability ofthe system. Users need to understand the areas of strength and the failure conditions of Al so that
decisions do not shift from human judgment toward algorithmic obedience.

The findings of Shil et al. (2026) show that trust and privacy concern are important conditions in the relationship
between Al-enabled digital HRM and various worker outcomes. AI-DHRM has a positive relationship with job
satisfaction, work engagement,job performance,and wellbeing, and a negative relationship with turnover intention. This
influence runs partly through person—organization fit and psychological empowerment, while technology trust strengthens
certain paths and privacy concemn weakens them. These results teach that the effectiveness of Al cannot be judged by
process speed alone. Measuring productivity in the digital era needs to take into account employees' creativity and
innovation (Darmawan, 2023). A system can produce decisions fasterbut fa il to improve team performance if employees
feel a loss of control, do not understand how their data is used, or worry about privacy. Legal protection for employees
digital data and works helps ease these concerns (Hutama et al., 2024). Anxiety that job roles will be replaced by Al can
also reduce acceptance of the system (Mardikaningsih et al, 2023). Psychological responses become part of the
mechanism of technological productivity.

The relationship between Al and worker performance isalso influenced by individuals' beliefs about theirability
to use technology. Li and Geng (2026) examine Al use and employee performance by positioning Al self -efficacy and
Al-enabled HRM as relevant mechanisms. The concept of self-efficacy is important for team effectiveness because
members with low confidence may choose to stay silent, defer judgment to other members, or accept Al output without
evaluation. Conversely, a sense of capability accompanied by adequate literacy can increase the courage to question the
system and develop more productive ways of using it. Organizations need to develop Al competence asa cross-functional
work capability, not as the exclusive expertise of the technology team. Training needs to teach prompt design or tool
operation together with an understanding of data, probability, bias risk, source evaluation, and escalation procedures when
Al results are doubtful.

Digital literacy strengthens the relationship between Al practices and work experience. Asif and Khan (2026)
examine the relationship between Al-enabled HRM and employee work engagement and position digital literacy as a
moderator. Although findings from a single group cannot be directly generalized to all organizations, the framework
confirms that the same technology can produce different experiences for users with different abilities. In teams,
differences in literacy can create new participation gaps. Members who are more skilled at using AI may dominate the
process of compiling information, while other members become passive recipients. Inclusive communication helps all
members take part even when their backgrounds and abilities differ (Mardikaningsih et al.,, 2024). Managers need to
design the division of work so that Al doesnotcreate a new information elite. Shared access, joint training, peer learning,
and review mechanisms can ensure that faster information is still accompanied by a distribution of interpretive ability.

Al also affects decision quality through incentive systems. Luong, Kumar, and Lang (2026) view human—
machine collaboration as a process influenced by Al capabilities and organizationalincentives. Al also affects decision
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quality through incentive systems. The use of Al can optimize and speed up work that was previously done manually,
thereby changinghow workers complete tasks and make decisions in organizations (Maulanietal.,2023). The implication
is that technological quality is not enough to guarantee good collaboration when performance targets encourage different
behavior. If employees are rewarded mainly forspeed, they may accept Al recommendations without checking. If failures
in Al use are always punished individually, employees may avoid the technology even though the system is actually
useful. Performance systems need to reward the quality of judgment, verification, and the ability to recognize when Al
does not fit. Verification is important because false information spreads easily and influences judgment (Sinambela,
2022). This form of incentive encourages people to use machinesas a source of information thatneedsto be tested, not
as an authority that frees users from responsibility.

Al-enabled HRM also shows that algorithmic decisions carry an ethical dimension that is directly related to
effectiveness. Qadri and Moustafa (2026) point to tensions between objectivity and embedded bias, efficiency and
procedural dignity, and automation and human oversight. Bias in algorithms can produce unfair decisions if it is not
checked regularly (Mardikaningsih & Oluwatoyin, 2023). The legitimacy of a decision is closely tied to explainability,
contestability, auditability, and institutions that can be held accountable for decisions. The way the reasons for a
decision are communicated also shapes members' views, so explanations need to be open and easy to understand
(Khayru et al., 2024). This principle is relevant for teams working with AI. A decision can be fast and statistically
accurate yet still hard to accept if members do not know the reasons, cannotrequest corrections, or do not know who
is responsible. Overly strict algorithm-based management can also make workers feel treated like numbers rather than
human beings (Darmawan, 2024). Team effectiveness includes the ability to maintain coordination and trust, not
numerical accuracy alone.

Productive strategic decision patterns ultimately resemble a collaborative cycle. Al gathers and processes
information, humans define goals and decision boundaries, the system generates alternatives, the team interprets the
results, and the decision is then tested against field knowledge, organizational values, and broader consequences
(Mozzarelli & Schneider, 2026). The cycle can be repeated once new data becomes available. In such a structure,
hierarchy doesnot disappearentirely, butits function shifts from holder of information to designer of decision rights and
guardian of accountability. A leadership style that integrates technology can encourage innovation and team performance
(Putra & Jahroni, 2025). Teams gain faster access to information, while leaders ensure data quality, authority, review
mechanisms, and risk standards. Leaks or destruction of digital data can create civil liability for organizations, so data
management needsto be part of risk standards (Rasid et al., 2025). This shift gives organizationsthe capacity to respond
to change without removing human responsibility.

Al and data analytics change strategic decisions through fasterprocessing, a broaderinformation base,a partial
reduction of information imbalance, and a redistribution of decision rights. Team effectiveness can improve when Al
provides complementary information, reduces information asymmetry, and helps members handle complexity. This
improvement is conditional. Data quality, the distribution of Al literacy, organizationaljustice, trust, privacy, governance,
and incentive design determine whether Al strengthens or instead weakens collaboration. Al that operates without
transparency can create dependence and new information asymmetry. This finding leads the discussion to the second
issue, namely how to gain efficiency benefits without eroding creativity, intuition, and the human capacity to form
independent judgment.

Efisiensi Operasional, Kreativitas, dan Intuisi dalam Struktur Human—AI

The issue of balance stems from the distinct capabilities of Al and humans. Al is exceptionally strong in tasks
with abundant data,learnable patterns, and objectives that can be formulated quite clearly. Humans possess advantages
in social meaning-making, changing situations without precedent, moral judgment, empathy, and the ability to formulate
new problems (Patrick et al., 2025). Puranam (202 1) views human—Al collaborative decision making asan organization
design problem that can be analyzed through the division of labor and learning configurations between humans and
algorithms. This perspective demonstrates that the proper question is not whether humansor Al are superior in general.
Organizations need to determine combinations based on task characteristics. Repetitive administrative tasks can be largely
automated, whereas strategic decisions full of ambiguity require configurations where Al enriches information while
humans retain interpretive authority.

Automation provides efficiency through the reduction of repetitive work, accelerated processing, and procedural
consistency (Kosna & Singh, 2025). Darmawan (2025) explains thatautomation and Al drive job redesign and demand
workforce competencies that combine digital, analytical, socio-emotional, and self-management skills. Sustainable
efficiency emerges when work eliminated by technology is replaced by human activities that possess higher value. If
organizations merely add Al without removing old processes, workers may run two systems simultaneously and fail to
experience any workload reduction. Job redesign needs to reallocate the time freed by automation into activities such as
problem solving, customer interaction, idea development, learning, or coordination. Efficiency then serves as an
instrument to expand human capacity rather than merely a workforce reduction program.
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Ali, Cichon, and Abbas(2026) provide insight into the mechanisms connecting Al-driven HRM digitization with
innovation. They develop a model that positions metacognitive strategies and tacit knowledge awareness as part of the
relationship between HRM digitalization and innovative outcomes. In human resource development, digital innovation
also holds the potential to create more efficient training systems while enhancing employee learning access
(Mardikaningsih & Wardoyo, 2024). This finding is relevant because Al can generate information and alternatives
rapidly, yet innovation still requires the ability of workers to understand theirown thinking processes and recognize tacit
knowledge gained from experience. Tacit knowledge is often difficult to encode into datasets. An experienced employee
canrecognize customersignals, interaction quality, or changes in the work environment that are not yet reflected in formal
data. Al becomes productive when explicit knowledge resulting from analytics is combined with this kind of experience.

Creativity can also increase when Al functions as an exploration partner. Generative systems are capable of
generating alternatives, varying ideas, summarizing information, and helping workers test various scenarios at a lower
cost (Shoib, 2025). Saiyed et al. (2026) demonstrate how Al personalization can be linked to learning and engagement in
organizationalpractices. The broaderprinciple is that technology can increase exploratory capacity when systems broaden
choices and provide relevant feedback. In creative work, the primary benefit of Al is notalwaysproducing final answers,
butratherenlarging the idea search space. Users subsequently remain responsible forevaluatingthe originality, feasibility,
ethics, and strategic value of those alternatives. Human responsibility remains crucial in the use of Al because excessive
reliance on Al in decision-making can diminish individual responsibility when decisions are driven more by machines
than by human judgment (Gani & Darmawan, 2022).

Risk arises when Al output becomesan overly strong initial anchor. Generative models produce responses from
patterns in the data they have learned, so they tend to recombine forms that already exist. If people treat the initial Al
result as a framework that must be followed, the variety of thinking can narrow. Research on human—AI collaboration
also shows that closer collaboration does not always increase innovation. Certain forms of collaboration can lower the
quality of idea selection and implementation when users depend too heavily on Al recommendations (Frich et al., 2024).
The implication is that organizations need to create a phase of independent thinking before interacting with Al in work
thatdemands originality. Individuals orteams can first formulate the problem and initialideas, and then use Al to broaden
alternatives, critique assumptions, or look for new combinations.

Worker wellbeing also determines whether technological efficiency can be sustained. Darmawan (2026)
discusses psychological exhaustion caused by massive Al use and emphasizes empathetic leadership mechanisms such
as authentic communication, acknowledgment of technological limitations, adjustment of performance metrics, peer
support, and reduction of cognitive load. This conceptualfinding is a reminder thattechnology thatspeedsup work can
at the same time speed up organizational expectations. When productivity gains are immediately translated into ever-
rising targets, the time freed by Al doesnot turn into room for creativity (Zang etal., 2025). It turns into a new production
demand. Organizational effectiveness is influenced by many factors, so work speed should not be the only measure of
success (Darmawan,2024). Organizations need limits on work rhythm so that computational efficiency does not produce
work intensification that erodes attention, reflection, and the ability to generate ideas (Darmawan, 2024).

Issalillah and Khayru (2025) view worker mentalhealth asan outcomelinked to organizational design, workload,
formalization, culture, and the digital environment. This perspective reinforces the argument that creativity cannot be
separated from psychological conditions. Individuals need sufficient cognitive capacity to explore and to step back from
the pressure of routine tasks. Al can support this condition if it genuinely reduces repetitive burdens. Conversely,
increasingly intensive monitoring systems can reduce the sense of autonomy and increase self-monitoring. Strict digital
monitoring can suppress employees' work autonomy and sense of professional responsibility (Mardikaningsih et al.,
2024). Organizations need to distinguish Al thathelps people from Al that mainly extends control. Balancing efficiency
and creativity requires technology design that preserves autonomy, discretion, and room for experimentation.

Individual resilience also helps determine the ability to sustain creativity during technological change.
Darmawan and Mardikaningsih (2025) examine locus of control, work resilience, and coping with failure. Its relevance
to the Al-enabled organization arises because working with Al creates new forms of failure. Employees may face incorrect
system recommendations, inconsistent generative output, or work results that are later corrected by humans. A culture
that punishes every failure can push users to follow Al defensively so that responsibility appears to be shifted to the
system. In contrast,a learning culture allows members to test the technology, recognize failures, and improve processes.
Knowledge sharing among members strengthens this learning and helps improve work results (Mardikaningsih et al.,
2026). Resilience is not a reason to place risk on individuals, but a capacity thatneedsto be supported by organizational
mechanisms that allow correction and leaming.

Work reconfiguration also requires attention to flexibility and professional identity (Shaoshan & Yiyu, 2025).
When Al takesover part of analytical activities, workers may question the value ofthe expertise thathas long formed
the basis of professional status. Mardikaningsih (2025) shows that digitalization drives changes in working
relationships and demands for flexibility. In an Al-enabled organization, management needs to explain how technology
transforms human contributions, rather than merely explaining application functions. Job architecture can be directed
toward capabilities that are difficult for systems to replicate, such as problem framing, stakeholder communication,

—t

26

—



Didit Darmawan, Khowanas Saeed Qader

ethical reasoning, integrative thinking, and creative synthesis. The balance between Al and human intuition becomes
more achievable if organizations recognize thatquality intuition grows from experience and domain expertise, rather
than from evidence-free preferences.

The use of Al must also account for variations in worker readiness. Digital competence differs according to
experience, age, job type,and accessto learning. Organizations that implement Al uniformly can create new inequalities
when certain groups find it easier to convert technology into productivity (Burton & Gajjar,2024). Reskilling programs
need to distinguish between operationalliteracy, analyticalliteracy,and critical Al literacy. The first level relatesto d evice
usage; the second level relates to data interpretation; the third level relates to the ability to examine assumptions, biases,
and system boundaries. Human creativity is protected when users possess enough understandingnot to submit blindly to
Al outputs and enough competence to utilize technology as food for thought (Darmawan, 2022).

Human agency receives specialattention because Al decisions can affect careers, remuneration, evaluations, and
access to opportunities. Qadri and Moustafa (2026) remind us that high-stakes Al requires bias testing, accountability
allocation, explainability, human-review thresholds, appealmechanisms, audit trails, and employee voice. Although that
source primarily discusses HRM, the principle applies to organizational design broadly. Human creativity and intuition
cannot grow if workers feel thatall activities are judged through models that cannot be questioned. Contestability gives
humansthe right to request reviews, present information notrecorded in the system, and correct errors. Human oversight
is therefore not a symbolic layer, but an organizational mechanism with real authority.

Balance can be designed through a task portfolio. Tasks with stable patterns, high volume, and easily recoverable
consequences canreceive greater automation. Tasks with high complexity but robust data are suitable for augmentation,
with Al providing analysis and humans makingdecisions (Vulicevic, 2025). Tasks with radical uncertainty, high moral
value, or significant creativity needs require the dominance of human judgment with Al acting as an exploration tool.
This division can change as technology, data, and organizational experience evolve. Organizations need to review
automation boundaries periodically rather than assume Al implementation decisions are permanent.

Al is ableto create a balance between efficiency and human capacity aslong astechnology is used to reallocate
work ratherthan eliminate human agency. Automation is most beneficial for repetitive and structured activities, whereas
augmentation is appropriate for analytical work that still requires judgment. Creativity and intuition survive if workers
have independent thinking space, learning access, the right to question the system, and protection from excessive work
intensification. Job redesign, mental health, resilience, digital literacy, and ethical governance are part of the same design.
Balance is not a fixed point between humans and machines. It is a continuous process of task allocation adjustment
reviewed based on changes in technological capabilities and organizational needs.

CONCLUSIONS

The Al-enabled organization represents a shift in work architecture where Al and data analyticsbecome partt of
decision-making processes, coordination, and job design. This integration can increase information processing speed,
reduce certain information asymmetries, and strengthen team decision quality if data, competencies, trust,and governance
support its use. Al does not automatically make teams more effective because opaque or excessively used systems can
create new dependencies and information imbalances. Regarding the relationship between efficiency and creativity, task
division is the primary determinant. Automation is appropriate forroutine and structured tasks, whereas augmentation is
more suitable when work requires interpretation, creativity, intuition, and ethical judgment. A productive organization is
not one that maximizes Al usage across all activities, but one that is able to place Al in parts of work that produce the
best complementarity with humans.

The Al-enabled organization needs to be analyzed as a socio-technical system and an organization design
problem, rather than merely as a technology adoption phenomenon. Al capabilities gain value through interaction with
decision rights, digital literacy, organizationaljustice, human agency,and job design. Research on Al and organizations
needs to move from questions regarding whether technology improves performance toward identifying mechanisms,
boundary conditions, and division of labor configurations thatproduce differentoutcomes. Practically, management needs
to develop task classifications based on problem structure, risk, reversibility, creativity requirements, and the value of
human judgment. The measurement of Al success should encompass decision quality, team effectiveness, error correction
rates, employee voice, learning, and well-being alongside efficiency metrics. This framework helps organizationsavoid
technology investments that increase digital activity without improving the quality of organizational capacity.
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