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Abstract: Multinational organizations invest enormous resources in their employees, and now artificial intelligence (Al) is
impacting how they invest in them. One common misconception is that Al will soon be making financial workforce decisions
without any human assistance. This paper presents a contrary argument. Since these decisions are influenced by tax and labor
regulations, ethics, budget constraints, and executive decision-making, the realistic future outlook is Al-assisted decision support,
where Al generates forecasts, scenarios, and recommendations, while human leaders make final decisions. The research uses a
descriptive approach, based on an integrative literature review of academic and institutional sources spanning 2019 to 2026, and a
practitioner perspective from financial planning and analysis (FP&A) and equity compensation. It builds a capability maturity grid
for Al and decision-making classes, representing different levels of Al deployment and the class of Workforce financial decisions,
along with their associated levels of impact and irrevocability. The model is illustrated through three worked examples: forecasting
payroll-tax basis, planning headcount, and designing equity compensation. This study offers two significant contributions. It links
two streams of research, typically disjointed, financial Al and Workforce Al, and pushes the spectrum of the question Al can address
from what will happen to what the organization will do.

Keywords: Al-augmented decision support; workforce financial strategy; prescriptive analytics; equity compensation; payroll tax
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1. Introduction
1.1 Background

Labor is also among the more significant expenses most organizations incur, and it becomes more difficult to
run it effectively as organizations expand to more nations and communicate with more mobile and distributed teams.
Headcount and compensation levels, and statutory labor liabilities, are now cross-functional among finance, human
resources, and tax, and involve real cost and strategy impacts. In parallel, Al has advanced rapidly in the financial and
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HR departments. McKinsey & Company (2025a) reports that the percentage of CFOs using over 5 cases has increased
from 7% to 44% in 1 year. Researchers consider that Al is no longer a plug-in for the HCM back office but an integral
part of the HCM strategic core (Malik et al., 2023; Tambe et al., 2019).

These tools are now evolving through a well-known development process. While analytics systems are
informed by past events, analyzed causes, and predicted outcomes, Al now suggests actions and can perform them in
limited cases. As Al becomes more sophisticated, the central question this paper raises is: What level of autonomy in
HR financial decision-making should organizations grant AI?

1.2 Problem Statement

Many popular conceptions may have the ultimate goal of complete automation, meaning exclusively using Al
decision-making. In reality, it is unlikely that any business would hand significant decisions over to Al, even if it tried.
Human beings must be part of the decisions that can mean the difference between compliance with payroll tax and
labor law requirements, budgetary issues, ethics, and executive judgment. Rather, the realistic frontier is augmentation,
not autonomy, and there exists a paradox: automation and augmentation are co-dependent, essential, and need to be
carefully balanced, as proposed by Raisch and Krakowski (2021).

The even more nuanced yet indispensable challenge is linking the financial plans of the working force with
strategies. Forecasting can be valuable, but organizations are prevented from making workforce decisions based on
financial forecasts. This is reflected in the research literature as well, since work on predictive HR analytics, payroll
forecasting, Al in Finance, and human capital planning has little interaction with each other, and few seem to apply
Al to enable strategic human capital financial decisions under proper human supervision.

1.3 Research Objectives
The goals of this paper are five major objectives as it aims to;
1. Discuss how Al is being used from predictive analytics to augmented decision support in workforce finance.

2. Build a system that is commensurate with the amount of Al used and the severity and irreversibility of a
decision.

3. Demonstrate the connection between Al and workforce financial planning organizations.
4. Determine governance requirements and human oversight that are needed for responsible adoption.

5. Ground the structure on real-life activities such as payroll-tax forecasts, headcount planning, and equity
compensation.

1.4 Scope and Contributions

The research highlights employer involvement in workforce financial decisions, including FP&A activities,
payroll-tax and labor-cost forecasting, headcount and resource allocation, and compensation planning. It does not
cover the use of in consumer lending, algorithmic trading, or other types of financial applications outside the
Workforce. The key development it brings to the table is a decision-support framework that determines the level of
authority that can be granted to an Al for a given class of workforce financial decisions and how that decision relates
to strategy. The paper fills a significant gap between the financial Al and Workforce Al literatures and aligns Al’s
perceived value from prediction to strategic decision making.

1.5 Paper Structure

Section 2 comprises a literature review and research gap analysis. In Section 3, the conceptual methodology is
described, and the framework architecture is presented. Section 4 presents the frame, its maturity logic, its mapping
of decision classes, and its governance needs, using three tables and three figures. Section 5 presents the results and
discussion, Section 6 reports the limitations, Section 7 provides concluding remarks, and Section 8 reports the future
work.

2. Literature Review

2.1 Predictive Analytics in Finance and the Workforce
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A substantial body of literature has emerged on the presence of Al in financial decision-making. Ardi et al.
(2025) find that Al is no longer a calculator but rather almost a cognitive partner that enhances the quality of financial
decision-making, while Sugiarto et al. (2025), who surveyed 52 studies, see improvements in terms of accuracy,
efficiency, and inclusiveness across the various tasks of forecasting and risk. Balcerzak and Valaskova (2024) speak
of a change that occurs under the pressure of Al technologies in financial management, and Kudeli¢ et al. (2025)
define its algorithmic roots in entrepreneurial finance. From the HRM employee perspective, Pedrami and Vaezi
(2026) believe that organizational, technological, human, and economic factors influence the adoption of Al in HRM;
Ekuma (2024) has documented its spread in HRD; and Malik et al. (2023) believe Al should not remain at the margins
of HRM.

2.2 From Prediction toward Augmented Decision Support

Recent studies focus on Al that not only predicts outcomes but also advises or even optimizes actions,
reconceptualizing the role of human decision-making. Raisch and Krakowski (2021) note that the boundaries between
augmentation and automation are not distinct, and that organizations need to design for the proper balance of human
and machine. The empirical results on the effects of adopting Al are varied. Agentic systems are moving towards
taking responsibility for their own actions, according to Kubam (2024). While Singh and Pandey (2025) acknowledge
the positive and challenging aspects of Al in HR, it requires careful consideration. Alzeiby et al. (2025) state that
harnessing the benefits of Al in HR is not solely about the technology, but also about how it is applied within the HR
management system. These studies suggest the mode of use is most likely augmentation with human control.

2.3 Human—AI Decision Structures

The use of Al to draw inferences and make predictions without human involvement is a common subject of
research. Shrestha et al. (2019) acknowledge three types of structures: complete delegation to Al agents, sequential
use of humans and Al agents, and combined hybrid decision-making involving both humans and Al agents. They state
that the right structure depends on the interpretability of the decision-making process, the number of alternatives, and
the speed and replicability of the decision. This contingency reasoning forms the basis of this framework and provides
a general sense of decision-making in the context of workforce finance.

2.4 Governance, Bias, and Accountability

The third research area concerns the risks that constrain the extent of Al-delegated decision-making within an
organization. Tambe et al. (2019) highlight four challenges for HR in its use of Al: the complexity of workforce
phenomena, the small data sets commonly used in HR, accountability and fairness, and employee backlash against
algorithmic use. Cheong (2024) brings together the technical, legal, ethical, and governance aspects of algorithmic
decision-making and makes the case for non-negotiable accountability. Al has the potential to contribute to fairness
but can also perpetuate bias in workforce environments, where large-scale reviews of interventions show evidence of
lacking effects on increasing diversity (Zheng & Wilkens, 2025; Zhao et al., 2025). Explainability highlights that
opaque models can make it difficult to explain why a specific recommendation is given. The CFA Institute (2025)
identifies bias, opacity, and unclear accountability as the top ethical risks of Al in finance (Cil & Yildiz, 2025).

2.5 Research Gaps

While the literature offers valuable insights, it still has some three gaps. While decisions regarding the
workforce are between financial Al and workforce Al, both areas are studied independently. Furthermore, very little
research is done on the transition from prediction to supporting decision-making, specifically within the workforce
finance area, and on how this transition fits into planning and strategy. Another governance research paper offers ideas
for how to tweak AI’s contribution to decision-making, depending on the decision’s value. This study aims to fill these
gaps by designing a Workforce Financial Decision Support Framework, which is practically applicable.

3. Methodology
3.1 Research Design

The present study is an integrative literature review that does not test hypotheses but instead aims to develop a
conceptual framework. The study requires an integrative review, as evidence is found in finance, HR, information
systems, and governance, and this review aims to integrate these in a single framework. In developing the framework,
an abductive approach was used, moving back and forth between the literature and professional understandings of the
Workforce’s financial operations until the categories stabilized.
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3.2 Data Sources

Two types of sources were used for the review. The first comprised peer-reviewed studies from reputable
publishers, including the Academy of Management Review, California Management Review, Emerald, Elsevier,
Springer, SAGE, and Frontiers. The second was sound institutional research by a variety of groups, including
McKinsey, Deloitte, the World Economic Forum, and the CFA Institute. The timeframe of the sources was 2019-2026,
with a search using terms such as Al workforce finance, prescriptive analytics, payroll forecasting, Human—Al
decision-making, and Al governance. Representative decisions were based on professional observations by FP&A and
equity-compensation practice. These observations are not intended as a data source but rather provide a conceptual
lens for grounding the worked examples, which use no proprietary information.

3.3 Framework Architecture

Figure 1 shows the logic that underpins the framework. Al analytics generates forecasting, scenario, and
optimization solutions using Workforce and financial data. These outputs work in conjunction with others. They
undergo human oversight, compliance checks, and ethical review before an action aligned with organizational goals
is announced. Then the outcomes are fed back into the system as new data, helping it improve over successive cycles.
The architecture is designed to incorporate Al as a powerful tool to aid decision-making rather than being the decision-
maker.

Workforce &
financial data

Human judgment

Al analytics & governance

trategic decisio

(headcount, payroll, forecasts, scenarios, oversight, compliance, aligned with
compensation) optimization ethics organizational objectives

—_—— ——

Outcomes feed back (learning & refinement)

Figure 1. Integrative model of Al-augmented workforce financial decision-making.

Note: Al analytics inform, but do not replace, human judgment, outcomes feed back to improve later cycles.
3.4 Maturity and Decision-Class Logic

The framework comprises two concepts. The first is the analytics-maturity continuum that spans from
reporting/describing to predicting/prescribing to semi-autonomous support. The second, derived from Shrestha et al.
(2019), states that the optimal human—AlI architecture will vary from decision to decision. These combine with the
likelihood to read the level of Al involvement along two axes: the first is the content of Al capability, and the second
is the stakes and reversibility of a decision.

3.5 Analysis Approach

Financial decisions of the workforce were categorized by amount at stake and degree of irreversibility, and
paired with levels of Al bandwidth and Al-supported human oversight. Applying the comparison across this space,
three recurring examples, payroll-tax forecasting, headcount and resource allocation, and equity-compensation design,
have been used to determine whether this guidance was coherent and of practical use.

4. Results
4.1 The Analytics-Maturity Progression

Al capability in workforce finance might be interpreted as a sequence of steps, with progressively more complex
queries at each step. The various names of reporting, descriptive analysis, prediction, prescription, or semi-
autonomous support are used to denote what happened, why, what is likely to happen, what to do about it, and what
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Al would do within a boundary with human oversight, respectively. These stages are summarized in Table 1 and
illustrated in Figure 2. However, that evolution does not necessarily lead to autonomy. In practice, the upper limit for
workforce financial decisions is semi-autonomous support, to which is added regulation, ethics, and strategy.

Table 1. Maturity Stages of Al in Workforce Finance

Stage Question answered Example in workforce finance

1. Reporting What happened? Historical headcount and labor-cost reports

2. Descriptive Why did it happen? Variance analysis of payroll spend

3. Predictive What will happen? Forecasting attrition, hiring needs, and future labor
cost

4. Prescriptive What should we do? Optimizing labor-cost allocation across units

5. Semi-autonomous Act under human Al proposes payroll-tax or compensation

support review scenarios; leaders approve

Increasing Al capability and decision involvement

Practical ching:
full autonomy not realistic

Semi-
autonomous
support

Prescriptive

Predictive

Descriptive

Reporting
What happened?

Act under

Why did it happen?| | What will happen? | \UEIg eVl RN ¥4 human review

Figure 2. The analytics-maturity continuum in workforce finance.
Note: The practical ceiling reflects regulatory, ethical, and strategic constraints that preclude full autonomy.
4.2 The Decision-Support Framework

Al authorization is not solely dependent on Al maturity, but also on the type of decision to be made. Decisions
are categorized into three decision zones, as shown in Figure 3, indicating that as the stakes and irreversibility increase,
human authority will be necessary. An overview of the mapping is provided in Table 2.
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High / |
irreversible

Moderate -

Decision stakes & irreversibility -

Low /
reversible

HUMAN-LED
(Al advises only)

AUGMENT
(Al recommends,
human decides)

Equity-compensation
design; restructuring

Headcount &

resource allocation

AUTOMATE

Payroll-tax &
labor-cost forecasting

(Al acts, human validates)

T
Descriptive

Predictive

T T
Prescriptive

Al capability maturity -

T
Semi-auto.

Figure 3. Matching Al support to decision class in workforce finance.

Note: Zones move from automation (Al acts, human validates) through augmentation (Al recommends, human
decides) to human-led decisions (Al advises only) as stakes and irreversibility rise.

In the automate zone, judgments like payroll-tax or labor-cost projections are data-driven, regularly made, and
easily changed, and thus can benefit from more Al content and periodic human oversight; this aligns with the higher
delegations levels highlighted by Shrestha et al. (2019). In the augment zone, job assignment and other matters of
headcount and resource allocation have moderate stakes, and Al-generated proposals and results are actively audited
by humans, a case of hybrid, sequential decision-making. Where equity-compensation design and restructuring are at
stake and have important fairness, retention, and regulatory consequences, Al can present scenarios and trade-offs.
However, accountable leaders must make the decision.

Table 2. Matching AI Support to Decision Class in Workforce Finance

Decision class Example Appropriate Al role Human
(stakes / oversight
reversibility)

Low stakes, Payroll-tax and labor- Prescriptive to semi- Periodic
reversible cost forecasting autonomous; Al validation

optimizes

Moderate stakes,
partly reversible

Headcount and
resource allocation

Predictive to
prescriptive; Al
recommends

Active review
and adjustment

High stakes, hard to
reverse

Equity-compensation
design; restructuring

Predictive; Al presents
scenarios only

Mandatory
human decision

The framework links planning to strategy beyond determining the degree of engagement. Al can create best-
case, expected, and worst-case scenarios to help leaders identify the necessary workforce investments to achieve
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organizational goals, which department needs more resources, and how to keep labor costs in check without impacting
performance. This is when Al becomes more than about what actions will take place; it becomes about what actions
to take.

4.3 Governance Findings

The framework ensures that a person remains in control of important decisions; therefore, it is not an
afterthought but a design requirement for governance. The review highlighted a common set of risks and controls,
which are summarized in Table 3. Furthermore, these controls enable Al suggestions to be relied on and, consequently,
for organizations to gain value from their Al adoption rather than spending on it.

Table 3. Governance Challenges and Required Human Controls

Governance challenge Why it matters in workforce Required human control
finance

Algorithmic bias Pay and hiring recommendations can Fairness review and periodic bias
entrench inequity audits

Model opacity Leaders cannot defend decisions they Interpretable outputs;
cannot explain documented rationale

Regulatory variation Payroll-tax and labor rules differ and Validation against current
change often jurisdictional rules

Data quality and small HR data are limited and uneven Human validation and data

samples governance

Employee trust Adverse reactions undermine Transparency, communication,
adoption and appeal routes

Accountability gaps Unclear ownership when outcomes Assigned decision owners and
g0 wrong audit trails

S. Discussion
5.1 Synthesis of Findings

The results lead towards a single conclusion. The role of Al in the financial responsibilities of the workforce is
clear, but also augmentative; that is, they take care of the Al and let it make decisions. The maturity continuum shows
the level of capability development. In the same way, the decision-class matrix makes clear which decision classes the
capability should be found in, and the governance findings indicate which governance must be present to sustain the
capability.

5.2 Operational Implications

The framework provides a structure for purposefully distributing Al in practice. Administrative work, such as
payroll tax forecasting, can be automated to save analysts time when the tasks are long and repetitive. Meanwhile,
complex choices such as equity compensation design are still made by human managers, who, based on Al scenarios,
make the best decisions. The calibrated approach also points to a direction for explaining why, despite the widespread
adoption of Al across many companies, there is a perceived lack of value (McKinsey & Company, 2025b). With Al,
value comes from matching the Al to the decision, not from complete automation, and from ensuring that the AI’s
output is valued and can be trusted (Deloitte, 2025).

5.3 Governance Implications

The framework considers governance to be a process of decision-making framing, rather than a single policy.
There should be a clear human element of responsibility, with occasional light oversight of decisions of low to medium
stakes that are reversible; decisions of higher stakes should be actively reviewed. Adopting the approach in this
framework will permissibly enable multiple layers of oversight and ensure accountability for outcomes to those who
are chargeable for them, as advocated by Cheong (2024) and the CFA Institute (2025).
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5.4 Practical Challenges

There are multiple implementation difficulties. Regular payroll tax changes and jurisdictional differences
require frequent payroll tax updates. The complexities of subnational taxes affect this, as payroll tax regulations may
vary from state to state, province to province, and municipality to municipality. The difficulty of determining who is
a worker and who is a mover creates another uncertainty in calculating labor costs. Additionally, workforce
information is often gathered from multiple systems, and data standards must be established to ensure data consistency
and facilitate modeling.

5.5 Implications for Research

The research aligns two independent streams of literature and integrates the general theory of human-Al
decision-making into an area with very limited application to date (Raisch & Krakowski, 2021; Shrestha et al., 2019).
The framework also provides a springboard for future testing to empirically assess the effectiveness of the three
decision classes and the proposed monitoring levels.

6. Limitations

6.2 Analytical Scope and Researcher Lens

This is a conceptual study, and there will be no actual enterprise data. Since this study uses non-production data
sets, statistical testing and large-scale validation are not performed; the examples are illustrative rather than empirical.
The framework should therefore be viewed as an organized testing framework, and not a validated outcome.

6.2 Analytical Scope and Researcher Lens

The framework centers on bringing Al in line with strategy and provides no significant jurisdiction-specific
detail, cost-benefit analysis, or modeling. This is augmented by a practitioner perspective that offers practical insight
and some subjectivity. The practical limit discussed in this study may also change, owing to the constantly evolving
nature of both Al technology and legislation.

7. Conclusion
7.1 Summary of Key Findings

This study aimed to understand how Al is impacting an organization’s workforce-related financial decisions.
Beyond these regulatory, ethical, and strategic factors, the study argued that a realistic trajectory would not be towards
autonomy but rather towards Al-assisted semi-autonomous decision-making. It created a framework based on the level
of Al used, the risk, and also the reversibility of the decision, for instance, in forecasting payroll taxes, headcount
planning, designing equity compensation, etc., and defined the governance controls necessary for each of the levels.
The study concludes that organizations should not aim to produce algorithms that make decisions on their own, but
rather to develop routines for knowing when to rely on Al and when human judgment is needed.

7.2 Contributions

The study makes two significant contributions. This study synthesizes the financial Al and workforce Al
domains and conducts preliminary explorations of human—Al decision-making theories and their application to
workforce finance. It provides finance and HR professionals with a framework to determine the suitability of
delegating Al authority for a specific decision and to ensure the decision is consistent with performance strategies to
improve efficiency in areas where Al deployment is appropriate, rather than delegating Al authority across widely
divergent decision types.

8. Future Work and Recommendations

8.1 Empirical Validation

Future research is needed to conduct primary data testing. Real-world examples of FP&A and payroll
departments piloting Al, survey data from finance and HR experts on the boundaries of their powers and why, and
experiments testing the quality of decisions made by various human/Al configurations described by the framework
are very useful. Such research would indicate whether the proposed decision classes and oversight levels are practical.

8.2 Extensions and System Integration
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Future research would involve analyzing the potential impacts of various regulatory approaches, integrating the
framework with enterprise planning and payroll systems, and automating regulatory change management to maintain
payroll-tax models. Each of these would help the framework move beyond an abstracted proposal towards validated,
practice-ready guidance.
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