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ABSTRACT: This paper examines the relationship between machine learning scheduling tool adoption as the independent variable and labor 

cost efficiency and employee retention rate as the dependent variables in high-turnover United States service operations, with an evidence base 

drawn from the hotel industry. The United States hotel industry presents the most acute and well-documented context for this inquiry: hotel 

employment stands at approximately 2.15 million workers, labor costs represent 32.4 percent of total hotel revenue, 65 percent of hotels report 

persistent staffing shortages, and the industry records one of the highest attrition rates in the United States service sector at 4.28 percent. 

Drawing on Human Capital Theory and the Technology-Organization-Environment framework, this paper conducts a systematic narrative 

literature review of peer-reviewed research on machine learning scheduling, workforce management, and high-turnover service operations. 

Four machine learning technique categories applied to scheduling optimization are reviewed and compared: supervised learning approaches, 

reinforcement learning, neural network demand forecasting, and constraint satisfaction hybrid methods. Barriers to effective adoption are 

mapped across the three framework dimensions and found to be concentrated in the organizational and environmental dimensions. The paper 

proposes a three-level reskilling framework for hotel operations managers and a four-stage implementation model with cost parameters and 

success metrics. A proposed mixed-methods empirical validation design specifies the research approach for primary data confirmation. The 

paper contributes the first integrated framework for machine learning scheduling adoption in high-turnover hotel operations that simultaneously 

addresses technology adoption barriers, workforce capability development, and labor cost efficiency measurement. 

 

KEYWORDS:  Algorithm oversight; Data-driven shift planning; Human Capital Theory; Labor cost efficiency; Staff retention analytics. 

 

1. INTRODUCTION 

The scheduling of frontline service workers in high-turnover operations is one of the most persistent and consequential unsolved problems in 

operations management. In hotel operations, the canonical context for this analysis, scheduling decisions must simultaneously optimize labor cost 

against fluctuating occupancy patterns, comply with a heterogeneous and evolving regulatory environment of state-level predictive scheduling 

laws, accommodate employee preferences and availability constraints, and maintain service quality standards that directly affect guest satisfaction 

scores, online reputation, and repeat business. These objectives are frequently in tension, and the quality of scheduling decisions directly determines 

whether hotel labor costs, the single largest operating expense at 32.4 percent of total revenue, are managed efficiently or not (CBRE Hotels 

Research, 2024a). 

Machine learning scheduling tools offer a theoretically compelling response to this challenge. By processing historical occupancy, reservation 

pace, event calendar, weather, and local demand data simultaneously, ML forecasting models can generate staffing demand predictions that are 

substantially more accurate than the rule-of-thumb and intuition-based methods that most hotel managers currently use. By applying constraint 

satisfaction and optimization algorithms to those demand predictions, automated scheduling platforms can generate shift assignments that minimize 

overtime, reduce idle labor hours, ensure skill coverage requirements, and comply with labor regulations in ways that manual scheduling cannot 

do at scale. The documented potential of these tools, reflected in a growing academic literature on ML applications in workforce management, 

makes their limited adoption in high-turnover service environments a research problem of direct practical significance. 

The research problem is not technical. Machine learning scheduling platforms are commercially available, cloud-accessible, and increasingly 

affordable for mid-scale hotel operators. The research problem is organizational: the high-turnover, low-digital-literacy operating environment 

that characterizes frontline hotel management systematically prevents operators from realizing the value that deployed ML scheduling tools are 

designed to generate. This paper addresses the relationship between machine learning scheduling tool adoption as the independent variable and 

labor cost efficiency and employee retention rate as the dependent variables in United States hotel operations. The analysis draws on Human 

Capital Theory (Becker, 1964; Schultz, 1961) to explain why complementary workforce capability investment is systematically underprovided, 

and the Technology-Organization-Environment framework (Tornatzky and Fleischer, 1990) as applied to hospitality technology adoption by 

Nikopoulou et al. (2023) to explain the organizational and environmental constraints that suppress adoption effectiveness. 
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The paper is organized as follows. Section 2 presents the industry context establishing the scale and urgency of the labor efficiency challenge. 

Section 3 presents the theoretical framework. Section 4 reviews the literature on machine learning techniques applied to workforce scheduling. 

Section 5 applies the Technology-Organization-Environment framework to map adoption barriers. Section 6 proposes a three-level reskilling 

framework. Section 7 presents the proposed implementation model. Section 8 presents the proposed empirical validation methodology. Section 9 

discusses findings and implications. Section 10 concludes. 

 

2. INDUSTRY CONTEXT: THE HOTEL LABOR EFFICIENCY CHALLENGE 

2.1 The Scale of the Labor Cost Problem 

The United States hotel industry presents the most well-documented and acute context available for studying ML scheduling adoption in high-

turnover service operations. Table 1 presents the verified key statistics establishing the scope of the labor challenge. 

 

Table 1. United States Hotel Industry: Key Labor and Staffing Statistics (2023 to 2025) 

Metric Value Year Source 

Total U.S. hotel industry employment Approximately 2.15 million workers 2024 AHLA (2025a) 

Hotels reporting staffing shortages 65% Early 2025 AHLA (2025b) 

Hotels with unfilled job openings 71% despite active searches Early 2025 AHLA (2025b) 

Average industry wage increase since 2019 25.6% above 2019 levels 2025 AHLA (2025a) 

Hotel labor cost as % of total revenue 32.4% 2023 CBRE Hotels Research (2024a) 

Hotel labor cost increase year-over-year 11.9% 2022-2023 CBRE Hotels Research (2024a) 

Hotel revenue growth year-over-year 8.6% 2022-2023 CBRE Hotels Research (2024a) 

Hotels with fewer employees than 2019 5.9% below pre-pandemic levels 2023 CBRE Hotels Research (2024a) 

Hospitality industry attrition rate 4.28%; second highest among U.S. industries 2025 AHLA (2025a) 

Most critical unfilled role Housekeeping (38% of reported shortages) Early 2025 AHLA (2025b) 

Sources: AHLA (2025a) 2025 State of the Industry Report; AHLA (2025b) staffing survey conducted with Hireology; CBRE Hotels  

Research (2024a) Trends in the Hotel Industry. 

 

The statistics in Table 1 reveal a structural problem that wage increases and traditional scheduling approaches cannot solve. Labor costs rose by 

11.9 percent from 2022 to 2023 while hotel revenues grew by only 8.6 percent, a gap that compressed profit margins and is identified by CBRE 

Hotels Research (2024b) as an ongoing pressure expected to persist through 2025. Most critically, hotels operated with 5.9 percent fewer employees 

in 2023 than in 2019 while paying substantially more per hour, demonstrating that the labor efficiency problem is not primarily about headcount 

but about how the available workforce is deployed. 

2.2 The High-Turnover Environment and its Scheduling Consequences 

The 4.28 percent monthly attrition rate documented by AHLA (2025a) means that at the average hotel, nearly half the frontline workforce turns 

over annually. This creates a continuous scheduling disruption cycle: new hires lack the operational knowledge to be scheduled efficiently, training 

investment in scheduling literacy is lost with each departure, and the scheduling manager spends a disproportionate share of time managing last-

minute vacancies rather than optimizing shift assignments. The AHLA (2025b) survey found that 71 percent of hotels have unfilled positions 

despite active searches, with housekeeping representing 38 percent of reported shortages. In this environment, the efficiency of scheduling becomes 

the primary lever for labor cost management: operators cannot solve the problem by hiring more staff, so they must generate more output from 

each available worker-hour. 

Human Capital Theory (Becker, 1964) explains why this high-turnover environment simultaneously creates the greatest need for ML scheduling 

tools and the greatest barrier to their effective adoption. The theory predicts that training investment in worker capabilities will be systematically 

underprovided when labor market mobility is high, because the investing employer bears the full cost of training while facing the risk that trained 

employees move to competitors. Applied to ML scheduling, this predicts that hotel operators will underinvest in the analytical capability 

development required to make scheduling systems effective even when those systems are deployed, because the capability walks out the door with 

every departing employee. 

 

3. THEORETICAL FRAMEWORK 

3.1 Human Capital Theory 

Human Capital Theory, formalized by Becker (1964) and Schultz (1961), provides the foundational rationale for treating scheduling analytics 

capability as a workforce investment. The theory holds that investments in worker capabilities generate returns to both the individual and the 

employing organization, and that the magnitude of those returns depends on whether the capabilities developed match the operational requirements 

of the role. Applied to ML scheduling in hotel operations, the theory generates two predictions that are central to this paper's analysis. 

First, operators who invest in developing their scheduling managers' capability to effectively work with ML scheduling systems, specifically the 

ability to interpret demand forecasts, evaluate algorithmic shift assignments, document override decisions with operational rationale, and identify 

when scheduling models are underperforming, will generate superior labor efficiency outcomes compared to operators who deploy the same 

technology without the corresponding human capability investment. This human-AI collaboration model is consistent with the task analysis 

framework developed by Brynjolfsson, Mitchell and Rock (2018), who found that realizing the potential of machine learning in workplace 

applications typically requires redesign of job task content rather than wholesale replacement of human judgment. 

Second, the theory explains the systematic underinvestment in scheduling analytics capability that current industry conditions produce. In hotel 

operations, where annual turnover rates frequently exceed 50 percent in frontline roles (AHLA, 2025a), the Becker (1964) mobility problem is 
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severe: an operator investing in scheduling analytics training for a housekeeping supervisor or front desk manager faces a high probability that the 

trained employee will depart within twelve months, transferring the productivity benefit of the training investment to the receiving employer or to 

the employee's earnings in a different industry. 

3.2 Technology-Organization-Environment Framework 

The Technology-Organization-Environment framework (Tornatzky and Fleischer, 1990), validated in hospitality technology adoption by 

Nikopoulou et al. (2023) in a survey of 502 hoteliers, provides the structural lens for understanding why ML scheduling adoption varies 

systematically across hotel operators. The technological dimension identifies the availability, maturity, and interpretability of ML scheduling 

systems. The organizational dimension captures the internal capacity constraints that determine whether deployed systems generate operational 

value. The environmental dimension identifies the external regulatory, competitive, and labor market conditions shaping investment decisions. 

The framework's analytical value for this paper lies in its organizational dimension, which directly maps onto the Human Capital Theory prediction: 

most hotel operators lack the dedicated HR analytics teams, structured training programs, and stable workforces that make systematic capability 

development viable. The result is that ML scheduling systems, when deployed without accompanying organizational capability investment, 

generate a pattern Brynjolfsson, Mitchell and Rock (2018) identify as general to ML workplace applications: tools that are technically deployed 

but not operationally effective because the human judgment required to govern them is absent. 

 
Figure 1. Conceptual Framework: Machine Learning Scheduling Optimization and Labor Cost Efficiency in High-Turnover U.S. Hotel 

Operations 

Source: Framework developed from Becker (1964); Schultz (1961); Tornatzky and Fleischer (1990); Nikopoulou et al. (2023); 

Brynjolfsson, Mitchell and Rock (2018). 

 

4. LITERATURE REVIEW: MACHINE LEARNING TECHNIQUES FOR WORKFORCE SCHEDULING OPTIMIZATION 

4.1 The Evolution from Manual to ML-Enabled Scheduling 

Employee scheduling is a well-studied problem in operations research, characterized by its NP-hard combinatorial complexity, the need to satisfy 

hard constraints including labor law compliance and skill coverage requirements alongside soft constraints including employee preferences and 

fairness considerations, and its sensitivity to demand uncertainty (Ma et al., 2024). Traditional approaches rely on rule-based systems, mathematical 

programming formulations such as integer linear programming, and expert heuristics developed by experienced managers. These approaches 

produce feasible schedules but are computationally expensive, slow to adapt to changing demand, and unable to simultaneously optimize across 

the multiple objectives that hospitality scheduling requires. 

The application of machine learning to scheduling problems has been reviewed comprehensively by Liu et al. (2025), who characterize the 

methodological evolution as a shift from solver-centric optimization approaches that emphasize model structure and mathematical optimality 

toward data-centric approaches that leverage historical operational experience to enable fast, adaptive decision-making. This shift is directly 

relevant to hotel scheduling, where the historical data accumulated in property management systems, point-of-sale systems, and HR platforms 

contains a rich signal of the relationship between occupancy patterns, event calendars, guest mix, and optimal staffing levels that rule-based 

approaches cannot capture. 

4.2 Machine Learning Technique Categories 

Table 2 maps the four primary machine learning technique categories applied to workforce scheduling optimization, comparing their mechanisms, 

advantages, and oversight requirements in the hotel scheduling context. 
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Table 2. Machine Learning Techniques Applied to Workforce Scheduling Optimization in Hotel Operations 

ML Technique How it Works for Scheduling Advantages Limitations and Oversight 

Considerations 

Supervised learning 

(random forest, 

gradient boosting) 

Trained on historical demand and staffing 

data to predict required staff levels by hour, 

shift, and department 

Interpretable outputs; easily 

integrated with existing WFM 

platforms; well-suited for operators 

with sufficient historical data 

Requires clean, labeled historical data; 

performance degrades when demand 

patterns shift significantly; cannot 

generalize to events not present in 

training data 

Reinforcement learning 

(Q-learning, Deep Q-

Network, policy 

gradient) 

Agent interacts with scheduling 

environment to learn optimal assignment 

policies through reward-based feedback, 

adapting dynamically to changing 

conditions 

Adapts to dynamic demand in real 

time; does not require pre-labeled 

data; particularly effective for 

multi-location scheduling 

Black-box outputs; difficult to interpret 

why specific assignments were 

recommended; requires long training 

periods; managers cannot easily explain 

or justify AI-generated schedules to staff 

Demand forecasting 

with neural networks 

(LSTM, feedforward 

networks) 

Time-series neural networks process 

occupancy, reservation, and event data to 

produce shift-level staffing demand 

forecasts 

Captures complex temporal 

patterns; outperforms traditional 

statistical methods on noisy, 

seasonal hospitality demand data 

Computationally intensive; outputs are 

confidence intervals that require 

analytical interpretation; poor 

interpretability for non-technical 

managers 

Constraint satisfaction 

and hybrid methods 

Combines mathematical optimization 

(integer linear programming) with ML 

demand forecasts to generate schedules 

that satisfy both cost objectives and hard 

constraints (labor law compliance, skill 

coverage, union rules) 

Guarantees feasibility of generated 

schedules; balances cost 

optimization with regulatory 

compliance; hybrid approach 

captures best of both ML and 

operations research traditions 

High implementation complexity; 

requires clean data integration across 

scheduling, payroll, and HR systems; 

change management is substantial 

Sources: Synthesized from Liu et al. (2025); Ma et al. (2024); Nikopoulou et al. (2023); Brynjolfsson, Mitchell and Rock (2018); CBRE 

Hotels Research (2024a). 

 

4.3 Supervised Learning and Demand Forecasting 

Supervised learning approaches, particularly ensemble methods including random forest and gradient boosting, represent the most practically 

deployed category of ML scheduling tools in hotel operations. These methods train on historical occupancy, reservation, and event data paired 

with actual staffing levels and associated cost and service quality outcomes to predict optimal staffing requirements for upcoming shifts. Their 

advantage for hotel scheduling is interpretability: feature importance outputs can explain to a general manager why the model is recommending a 

specific staffing level for a Saturday evening shift in terms of the specific demand signals driving the prediction. 

Ma et al. (2024), publishing in Scientific Reports, developed a fast-flexible scheduling approach for employee scheduling that explicitly addresses 

the challenge of soft work time constraints, which are directly analogous to the split shifts, part-time availability, and flexible hours that characterize 

hotel frontline employment. Their proficiency average matrix framework provides a practical tool for incorporating worker capability 

heterogeneity into scheduling optimization, a dimension that is particularly important in high-turnover environments where newly hired staff have 

lower productivity per hour than experienced employees. 

4.4 Reinforcement Learning for Dynamic Scheduling 

Reinforcement learning represents the most powerful but also most interpretability-challenged approach to ML scheduling. In RL formulations, a 

scheduling agent learns optimal assignment policies by interacting with a simulated scheduling environment and receiving reward signals for cost-

efficient, compliance-compliant, service-quality-maintaining schedule outcomes. The survey of workforce management applications by Liu et al. 

(2025) documents that Q-learning, Deep Q-Network, and policy gradient methods have been successfully applied to workforce scheduling 

problems, demonstrating superior performance on dynamic environments where demand patterns shift frequently. 

However, the interpretability problem is acute for hotel operations. An RL model's scheduling recommendation is generated by a policy learned 

through thousands of simulated interactions with a demand environment, and the specific reasoning behind any individual recommendation cannot 

be explained in terms a hotel manager can evaluate or communicate to staff. This creates the oversight challenge documented by Brynjolfsson, 

Mitchell and Rock (2018): the tools that are most capable are also those that require the most sophisticated human governance capability to operate 

safely. 

4.5 The Literature Gap: High-Turnover Service Contexts 

The machine learning scheduling literature has developed primarily in manufacturing, healthcare, and logistics contexts, where employee tenure 

is substantially longer, demand patterns are more predictable, and the workforce is more technically literate than in hotel operations (Liu et al., 

2025). The specific challenges of high-turnover service environments, including the continuous disruption of training investment, the variable skill 

levels of newly hired staff, the sensitivity of scheduling quality to manager analytical capability, and the regulatory complexity of service sector 

labor law, have not been systematically addressed in the ML scheduling literature. This paper addresses that gap. The theoretical framework 

integrating Human Capital Theory with the TOE framework provides a lens for explaining why the high-turnover hotel context is structurally more 

challenging for ML scheduling adoption than the contexts in which these tools were primarily developed and tested. 
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5. TOE FRAMEWORK ANALYSIS: BARRIERS TO EFFECTIVE ML SCHEDULING ADOPTION IN HOTEL OPERATIONS 

Table 3 maps the enabling and constraining conditions for effective ML scheduling adoption across the three Technology-Organization-

Environment framework dimensions in United States hotel operations. 

   Table 3. Technology-Organization-Environment Framework Applied to Machine Learning Scheduling Adoption in U.S. Hotel  

   Operations 

TOE Dimension Enabling Conditions Constraining Conditions 

Technological Cloud-based WFM platforms (including Oracle Hospitality, 

Agilysys, and Amadeus) provide ML scheduling capabilities 

accessible to mid-scale operators; mobile apps enable real-

time shift notifications and schedule access; PMS integration 

allows direct occupancy data feed into scheduling algorithms 

Legacy scheduling systems are spreadsheet-based and lack 

API integration with PMS or POS; data fragmentation across 

departments prevents unified demand signal; most full-

service hotels lack a unified data warehouse connecting 

occupancy, revenue, and staffing records 

Organizational Large branded chains (Marriott, Hilton, Hyatt) have 

dedicated HR technology teams, structured training 

programs, and economies of scale that support ML 

scheduling deployment; shared service centers can provide 

scheduling analytics support to multiple properties 

High frontline staff turnover (4.28% monthly attrition) 

disrupts training return on investment; most hotel managers 

have hospitality service backgrounds rather than data 

analysis skills; absence of internal data science capability at 

property level; financial constraints at independent operators 

Environmental Persistent structural labor shortages creating strong economic 

incentive for efficiency investment; rising minimum wages 

in key U.S. hotel markets accelerating ROI on labor 

optimization tools; increasing vendor ecosystem offering 

affordable subscription-based WFM platforms with built-in 

ML 

Absence of industry-wide standards for ML scheduling 

competency; regulatory heterogeneity across U.S. states 

regarding scheduling advance notice, predictive scheduling 

laws, and overtime rules creates compliance complexity; 

union contracts at some properties restrict algorithmic 

scheduling authority; worker privacy concerns about 

algorithmic monitoring 

Sources: Framework developed from Tornatzky and Fleischer (1990); Nikopoulou et al. (2023); AHLA (2025a); CBRE Hotels 

Research (2024a); Becker (1964); Ma et al. (2024). 

 

Table 4 maps the specific barriers identified in the TOE analysis, providing the operational detail required for hotel operators and industry 

associations to target interventions. 

 

 Table 4. Specific Barriers to Effective Machine Learning Scheduling Adoption in U.S. Hotel Operations 

Barrier TOE Dimension Specific Manifestation in Hotel Operations Evidence Base 

High frontline staff 

turnover limiting 

training ROI 

Organizational Hotel frontline turnover rates mean that every new hire represents training 

investment in ML scheduling literacy that may not be recouped before the 

employee departs; Human Capital Theory (Becker, 1964) predicts this 

leads to systematic underinvestment in analytics capability 

AHLA (2025a); Becker 

(1964); CBRE Hotels 

Research (2024a) 

Management digital 

literacy gaps 

Organizational Hotel managers trained in pre-digital scheduling environments lack the 

analytical skills to evaluate, override, or improve ML-generated schedules; 

most hotel management education programs do not include workforce 

analytics as a core competency 

Nikopoulou et al. (2023); 

Brynjolfsson, Mitchell and 

Rock (2018) 

Data fragmentation 

across hotel systems 

Technological Property management systems, point-of-sale systems, payroll platforms, 

and HR systems do not share data in real time; ML scheduling algorithms 

that depend on integrated demand signals produce lower-quality outputs 

when fed incomplete data from fragmented sources 

Mandelbaum and Grigg 

(2025); CBRE Hotels 

Research (2024a) 

Algorithm 

interpretability and 

manager trust 

Technological Reinforcement learning and neural network scheduling models generate 

recommendations that managers cannot understand or explain to staff; this 

interpretability gap reduces both manager confidence in the system and 

willingness to act on ML-generated schedules 

Brynjolfsson, Mitchell and 

Rock (2018); Ma et al. 

(2024) 

Predictive 

scheduling law 

complexity 

Environmental Fourteen U.S. states and major cities including New York, California, and 

Illinois have enacted predictive scheduling laws requiring advance notice 

periods, premium pay for schedule changes, and documentation of 

scheduling decisions; ML scheduling systems must be configured to 

comply with highly heterogeneous and evolving regulatory requirements 

Bureau of Labor Statistics 

(2024) 

Absence of industry 

standards for 

scheduling analytics 

Environmental No industry association or accreditation body has established analytics 

competency requirements for hotel workforce management roles; without 

external mandates, training investment is entirely discretionary and is the 

first expense category cut during revenue pressure 

AACSB (2020); 

Nikopoulou et al. (2023) 

Sources: Synthesized from Becker (1964); Nikopoulou et al. (2023); AHLA (2025a); CBRE Hotels Research (2024a); Brynjolfsson, 

Mitchell and Rock (2018); Bureau of Labor Statistics (2024); AACSB (2020). 
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The TOE barrier analysis reveals that the binding constraints on ML scheduling value realization are organizational and environmental rather than 

technological. The platforms are commercially available and affordable. The barriers are in organizational capability, manager analytical literacy, 

data integration infrastructure, and the external regulatory and industry environment. This finding has direct implications for how hotel operators, 

technology vendors, and industry associations should prioritize interventions: the marginal value of investing in more sophisticated ML algorithms 

is lower than the marginal value of investing in the organizational capability required to govern already-deployed systems effectively. 

 

6. A THREE-LEVEL RESKILLING FRAMEWORK FOR ML SCHEDULING OVERSIGHT IN HOTEL OPERATIONS 

Based on the TOE barrier analysis in Section 5 and the Human Capital Theory framework in Section 3, Table 5 proposes a three-level reskilling 

framework for hotel operations managers working with ML scheduling systems. 

 

Table 5. Three-Level ML Scheduling Oversight Reskilling Framework for U.S. Hotel Operations 

Reskilling Level Target Workforce 

Segment 

Core Competency Delivery Mechanism Implementation 

Priority 

Level 1: Scheduling 

Data Literacy 

All supervisors, shift 

leaders, and department 

managers with scheduling 

responsibility across all 

hotel departments 

Reading and interpreting ML scheduling 

outputs: understanding what demand 

forecast confidence intervals mean, how 

historical occupancy patterns drive 

staffing recommendations, and how to 

read schedule efficiency dashboards 

WFM platform vendor training; 

onboarding integration; 

department head workshops 

High: prerequisite 

for all subsequent 

levels; low cost; 

immediate 

operational impact 

Level 2: Algorithm 

Override and 

Justification Skills 

Department heads, front 

office managers, food and 

beverage managers, and 

housekeeping directors at 

properties with deployed 

ML scheduling systems 

Evaluating whether ML scheduling 

recommendations appropriately reflect 

current operational reality; documenting 

override decisions with operational 

rationale; understanding how schedule 

changes affect labor cost and service 

quality metrics; applying predictive 

scheduling law compliance requirements 

Internal coaching by HR 

analytics specialists; scenario-

based simulation with live 

scheduling data; compliance 

training on applicable state 

predictive scheduling laws 

High: this is the 

critical oversight 

capability gap that 

most deployed 

systems currently 

lack 

Level 3: Workforce 

Analytics 

Governance 

General managers, area 

managers, and vice 

presidents of operations 

responsible for multi-

property workforce 

management 

Evaluating ML scheduling system 

performance over time; identifying 

systematic errors, data quality failures, or 

compliance risks in automated 

scheduling; making vendor selection and 

system configuration decisions; 

communicating workforce analytics 

strategy to ownership 

External workforce analytics 

education programs aligned 

with AACSB (2020) standards; 

industry association 

certification programs; 

executive education through 

hospitality management 

programs 

Medium: builds on 

Levels 1 and 2; 

primarily relevant 

at operators 

managing multiple 

properties 

Sources: Framework developed from Becker (1964); Schultz (1961); Tornatzky and Fleischer (1990); AACSB (2020); Nikopoulou et al. 

(2023); Brynjolfsson, Mitchell and Rock (2018). 

 

Level 1 is the non-negotiable baseline for every hotel that has deployed an ML scheduling system. A department head who cannot read a demand 

forecast confidence interval or understand why the system is recommending a specific staffing level cannot evaluate whether that recommendation 

is appropriate. Without Level 1 literacy, ML scheduling tools generate schedules that are accepted uncritically or overridden arbitrarily, both of 

which defeat the purpose of deploying the system. 

Level 2 addresses the specific oversight function that high-turnover hotel operations require. The research on ML scheduling in dynamic 

environments (Liu et al., 2025; Ma et al., 2024) consistently finds that the quality of human override decisions, specifically the ability of managers 

to identify when algorithmic recommendations are contextually inappropriate and to substitute operational judgment with documented rationale, 

is the critical variable determining whether ML scheduling systems generate their theoretical efficiency gains or simply replace manual scheduling 

errors with algorithmic ones. 

Level 3 addresses the governance challenge that becomes operationally significant as operators scale ML scheduling across multiple properties. 

Mandelbaum and Grigg (2025) identify labor productivity oversight as one of the most pressing management challenges for hotel operators in 

2025, specifically noting that hotel management companies' incentives and processes are not critically assessed for efficiency. The Level 3 

governance capability directly addresses this gap: multi-property operators need managers who can evaluate whether ML scheduling systems are 

generating the efficiency gains they were deployed to produce. 

 

7. A FOUR-STAGE IMPLEMENTATION FRAMEWORK FOR ML SCHEDULING OPTIMIZATION 

Table 6 presents the four-stage implementation framework, with each stage specifying the activities, success metrics, and illustrative cost 

parameters. Cost ranges are illustrative order-of-magnitude estimates based on published literature on hotel technology implementation and should 

be treated as indicative parameters pending empirical validation. 
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   Table 6. Four-Stage Machine Learning Scheduling Implementation Framework for U.S. Hotel Operations 

Implementation Stage Activities Success Metrics Illustrative Cost Parameters 

Stage 1: Data 

Infrastructure and 

Integration (Months 1-

6) 

Audit current scheduling data quality; integrate 

PMS occupancy data with WFM platform; establish 

consistent department codes, shift categories, and 

labor classification standards across all departments; 

define KPIs for labor efficiency baseline 

Scheduling data completeness 

rate; integration uptime; 

baseline labor cost per occupied 

room established; manager 

adoption of platform scheduling 

functions 

Primarily organizational effort; 

platform subscription $3,000 to 

$8,000 per property annually 

for cloud WFM platform 

Stage 2: ML Model 

Deployment and 

Calibration (Months 7-

12) 

Select ML forecasting and scheduling model 

appropriate to property size and data volume; 

calibrate model on historical occupancy and staffing 

data; configure compliance rules for applicable state 

predictive scheduling laws; conduct Level 1 

reskilling for all scheduling managers 

Forecast mean absolute 

percentage error against actual 

demand; schedule generation 

time reduction; labor cost 

variance to ML-generated target 

Platform ML module: $5,000 to 

$15,000 additional setup; data 

science support from vendor or 

consultant 

Stage 3: Override 

Governance and Level 2 

Reskilling (Year 2) 

Implement structured override logging in WFM 

platform; deploy Level 2 reskilling program; 

establish weekly schedule performance review 

process; track override rate as a quality control 

metric alongside schedule accuracy 

Override documentation rate; 

schedule accuracy 

improvement; overtime rate 

reduction; labor cost as 

percentage of revenue change 

vs. prior year baseline 

Training program 

development: $8,000 to 

$20,000 per property; ongoing 

coaching cost 

Stage 4: Continuous 

Improvement and 

Governance (Year 3+) 

Conduct model retraining on updated demand data; 

implement Level 3 governance capability for multi-

property operators; benchmark scheduling 

efficiency against CBRE Hotels Research 

benchmarks; evaluate vendor and platform 

performance 

Year-over-year labor efficiency 

improvement; employee 

scheduling satisfaction score; 

compliance audit results; 

benchmark performance vs. 

CBRE industry average 

Annual governance and 

retraining: $5,000 to $12,000 

per property; cross-property 

analytics infrastructure for 

multi-property operators 

Sources: Framework developed from Nikopoulou et al. (2023); Tornatzky and Fleischer (1990); Becker (1964); CBRE Hotels Research 

(2024a); AHLA (2025a). 

 

The four-stage sequence reflects the TOE framework prediction that organizational readiness must precede technology deployment at each level 

of sophistication. Stage 1, data infrastructure, is a prerequisite for all subsequent stages: ML scheduling systems that receive incomplete or 

inconsistent demand data from fragmented hotel systems will generate unreliable schedules regardless of their algorithmic sophistication. This 

finding, documented in Liu et al.'s (2025) review of ML scheduling deployment failures, is the most common and most preventable cause of ML 

scheduling system underperformance in service operations. 

 

8. PROPOSED EMPIRICAL VALIDATION METHODOLOGY 

The conceptual framework and three-level reskilling model proposed in this paper generate testable hypotheses requiring empirical validation to 

establish causal relationships between ML scheduling adoption, manager analytical capability, labor cost efficiency, and employee retention. The 

absence of primary data is acknowledged as a limitation of the current conceptual study. Table 7 presents the proposed validation design. 

 

Table 7. Proposed Empirical Validation Design for the Machine Learning Scheduling Optimization Framework 

Validation Element Description Measurement Approach 

Research design Two-phase mixed methods: (1) cross-sectional survey 

of hotel general managers and HR directors; (2) before-

and-after case studies at four to six hotels that deployed 

ML scheduling systems during the study period 

Quantitative survey (Phase 1); difference-in-differences 

analysis using CBRE Hotels Research benchmarking data 

(Phase 2) 

Target sample Minimum 180 U.S. full-service hotel properties, 

stratified by property scale (under 200 rooms, 200 to 

400 rooms, and over 400 rooms) and affiliation type 

(branded chain vs. independent) 

Stratified sampling from AHLA member database; STR 

property classification 

Independent variable (IV) ML scheduling tool adoption: composite index of 

deployed scheduling AI capabilities, adoption stage, 

and WFM investment as a percentage of labor expense 

Survey instrument: 10-item scale measuring adoption 

breadth, depth, and stage 

Dependent variable (DV) Labor cost efficiency: labor cost as a percentage of total 

revenue; overtime rate; employee-to-occupied-room 

ratio; schedule fill rate 

CBRE Hotels Research Trends benchmarking data; 

property financial records; STR data matching 
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Employee retention rate 

(secondary DV) 

Annual voluntary turnover rate in scheduling-affected 

departments; absenteeism rate in front desk, 

housekeeping, and food and beverage departments 

HR records from participating properties; AHLA industry 

average benchmarks 

Moderating variables Manager scheduling analytics capability; property 

scale; union coverage 

Digital literacy assessment (survey); property records; 

union contract documentation 

Analytical approach Hierarchical regression with moderation testing; 

difference-in-differences for case study properties; 

subgroup analysis by property scale 

R or SPSS for regression; NVivo for case study coding; 

CBRE benchmark data for industry comparison 

Sources: Research design informed by Nikopoulou et al. (2023); Becker (1964); Tornatzky and Fleischer (1990); AHLA (2025a); CBRE 

Hotels Research (2024a). 

 

The proposed difference-in-differences design for Phase 2 is particularly important because it controls for the macroeconomic labor market 

conditions, including the industrywide wage increases and staffing shortages documented by AHLA (2025a), that affect all hotel operators 

simultaneously. By comparing labor cost efficiency trends at properties that deployed ML scheduling against matched control properties that did 

not, during the same period, the design isolates the scheduling technology effect from concurrent industry-level forces. 

 

9. DISCUSSION 

Four findings from this systematic review carry implications for hotel operators, technology vendors, industry associations, and policymakers. 

First, the labor efficiency problem in United States hotel operations is structurally mismatched with current scheduling practices. CBRE Hotels 

Research (2024a) documents that labor costs rose 11.9 percent from 2022 to 2023 while revenues grew only 8.6 percent. CBRE Hotels Research 

(2024b) confirms this pressure continued in 2024, with combined salary, wages, and benefit costs rising 4.8 percent against 2.3 percent revenue 

growth. Manual and rule-based scheduling cannot optimize labor deployment at the level of precision that closing this gap requires. ML scheduling 

tools can, but only when the organizational conditions that make human oversight of those tools effective are present. The current industry 

condition, in which technology platforms are deployed but manager analytical capability is not developed to govern them, generates the worst of 

both worlds: the cost of system deployment without the efficiency gains of effective adoption. 

Second, the high-turnover dynamic in hotel operations creates a reinforcing cycle of scheduling inefficiency that is difficult to escape through 

technology deployment alone. When turnover is high, new employees require more scheduling attention, experienced schedulers spend more time 

managing vacancies and last-minute replacements, ML model accuracy declines because the workforce skill distribution changes continuously, 

and the training investment in scheduling analytics literacy is perpetually being depleted by departures. Becker (1964) predicts that rational 

operators will underinvest in general training under these conditions, and the AHLA (2025b) data confirms that workforce development investment 

remains the first area cut when revenue pressure increases. Breaking this cycle requires industry-level coordination that provides shared training 

infrastructure, group certification programs, and pooled technology procurement that reduces per-operator costs and creates external incentives 

for capability investment. 

Third, the predictive scheduling law environment in the United States creates both a compliance challenge and a potentially underutilized driver 

of ML scheduling adoption. Fourteen states and major cities now require advance notice of schedules, premium pay for last-minute changes, and 

documentation of scheduling decisions. Manual compliance with these requirements is administratively burdensome and error-prone. ML 

scheduling systems, when configured for jurisdiction-specific compliance rules, can automate much of this compliance burden and generate the 

documentation that regulatory compliance requires. Operators facing predictive scheduling law compliance obligations have a cost-justified 

rationale for ML scheduling investment that operators in less regulated markets do not, and this regulatory dimension should be incorporated into 

vendor selection and system configuration decisions. 

Fourth, the technology vendor ecosystem serving hotel workforce management has advanced substantially faster than the academic literature 

documenting its adoption and effectiveness. Cloud-based WFM platforms from vendors including Oracle Hospitality, Agilysys, and Amadeus 

provide ML scheduling capabilities that were previously available only to operators with internal data science teams. The gap documented in this 

paper is not between available technology and operator need; it is between deployed technology and the organizational conditions required to 

make that technology effective. Future research should prioritize documenting what organizational interventions, at what cost, and with what 

timeline, generate the scheduling analytics capability that transforms deployed ML tools from scheduling-system investments into labor efficiency 

outcomes. 

 

10. CONCLUSION 

This paper examined the relationship between machine learning scheduling tool adoption as the independent variable and labor cost efficiency and 

employee retention rate as the dependent variables in high-turnover United States hotel operations. Four conclusions stand out. 

The labor efficiency challenge in United States hotel operations is both severe and structurally amenable to ML scheduling improvement. CBRE 

Hotels Research (2024a) documents that labor costs rose substantially faster than revenue in 2023 and 2024, while 65 percent of hotels continue 

to report staffing shortages (AHLA, 2025b). The gap between what manual scheduling can achieve and what ML scheduling systems are capable 

of generating represents an operationally and financially significant opportunity. 

The barriers to realizing this opportunity are primarily organizational and environmental rather than technological. ML scheduling platforms are 

commercially available, affordable, and technically mature for hotel operations. The binding constraints are manager analytical literacy, data 

integration quality, the high-turnover disruption of training investment, algorithm interpretability limitations, and the absence of industry standards 

for scheduling analytics competency. 
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The three-level reskilling framework and four-stage implementation model proposed in this paper provide a practical, sequenced pathway from 

data infrastructure through organizational capability to governance. Each stage is specified with success metrics and cost parameters that make the 

implementation pathway actionable for hotel operators at different organizational scales, from independent properties through to multi-property 

chain operators. 

Future research should empirically test the five hypotheses generated by this framework using the mixed-methods design proposed in Section 8. 

The most consequential empirical question is whether the Human Capital Theory moderation prediction holds in practice: that ML scheduling 

adoption generates significantly stronger labor cost efficiency improvements at properties where scheduling managers have received analytical 

capability training than at properties where the same technology is deployed without accompanying capability investment. Testing this prediction 

requires the longitudinal, multi-property data design proposed in Stage 2 of the empirical validation framework. 
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