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ABSTRACT: This paper examines the relationship between fleet analytics adoption as the independent variable and operational error detection
outcomes as the dependent variable in United States car rental operations. Despite substantial investment by major car rental operators in artificial
intelligence-driven analytics platforms, the managerial capability required to oversee, interpret, and govern automated outputs is not being
developed systematically. Drawing on Human Capital Theory and the Technology-Organization-Environment framework, the paper conducts a
systematic narrative literature review of peer-reviewed research in fleet management, operations management, machine learning, and car rental
revenue management. Five fleet analytics domains generating operational error detection demands are mapped: dynamic pricing and revenue
management, fleet repositioning analytics, predictive maintenance, demand forecasting, and customer segmentation. Barriers to effective analytical
oversight are identified across the three framework dimensions and are found to be concentrated in the organizational and environmental
dimensions rather than the technological one. Fleet analytics platforms are deployed at major operators; the managerial capability to govern them
is not keeping pace with deployment. High staff turnover, data fragmentation, absent industry mandates, algorithm interpretability constraints, and
margin pressure collectively prevent operators from realizing the full value of their analytics investments. The paper proposes a three-level
reskilling framework covering operational analytics literacy, human-Al collaboration skills, and algorithmic governance capability, calibrated to
operators at different organizational scales. Industry associations are identified as having the institutional capacity to address the coordination
failure that prevents individual operators from investing adequately in analytics oversight capability.

KEYWORDS: Algorithm oversight; Human Capital Theory; Mobility services management; Technology-Organization-Environment framework;
Workforce oversight capability.

1. INTRODUCTION

The United States car rental industry occupies a structurally important position within the broader transportation and hospitality ecosystem. The
global car rental market generated revenues of approximately $90 billion in 2024, representing 4.4% year-on-year growth, with the United States
accounting for approximately 40% of global revenue (Euromonitor, 2024). The five largest car rental operators, including Avis Budget Group,
Enterprise Holdings, Hertz Global Holdings, Sixt, and Europcar, collectively account for approximately 65% of global market revenue
(Euromonitor, 2024). These operators have made substantial investments in Al-driven fleet analytics platforms over the past decade, deploying
systems that set prices dynamically, predict vehicle maintenance needs, optimize fleet repositioning across locations, and forecast rental demand
with statistical precision.

The operational managers and frontline supervisors responsible for overseeing these systems face a fundamental challenge that the industry has
not yet addressed systematically: they were trained, hired, and promoted in an operational environment where pricing, maintenance scheduling,
fleet allocation, and demand forecasting were performed manually. The Al systems now generating those decisions require managers to perform
a different function: oversight, interpretation, and governance, rather than direct decision-making. When managers lack the analytical capability
to evaluate whether automated recommendations are appropriate, to identify when algorithms are generating errors, and to override outputs with
justified operational rationale, a condition of analytical disengagement develops in which managers lose the capacity to detect and correct
automated errors (Nikopoulou et al., 2023; Hector and Panjanathan, 2024).

This paper addresses the relationship between fleet analytics adoption as the independent variable and operational error detection outcomes as the
dependent variable in United States car rental operations. Operational error detection outcomes are defined as the degree to which operations
managers can identify and correct errors in Al-generated recommendations before those errors accumulate into measurable performance failures,
including pricing losses, fleet downtime, customer service failures, or regulatory violations. This definition is grounded in the operational reality
of car rental management, where algorithmic errors in dynamic pricing systems, fleet repositioning models, predictive maintenance alerts, and
demand forecasts generate consequences that are visible in revenue yield, fleet utilization, vehicle availability, and cost-per-vehicle metrics.

The paper is organized as follows. Section 2 presents the industry context and the scale of Al deployment in United States car rental operations.
Section 3 presents the theoretical framework. Section 4 reviews the literature on fleet analytics adoption and error detection demands across five
operational domains. Section 5 maps the barriers constraining effective analytical oversight using the Technology-Organization-Environment
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framework. Section 6 proposes a three-level reskilling framework. Section 7 presents a discussion of findings and implications. Section 8
concludes.

2. INDUSTRY CONTEXT: Al DEPLOYMENT IN U.S. CAR RENTAL OPERATIONS

2.1 Market Scale and the Al Investment Trajectory

The car rental industry's investment in analytics and Al systems has accelerated alongside the recovery of travel demand following the COVID-
19 pandemic. Euromonitor (2024) reported that the car rental market reached $90 billion in global revenues in 2024, with growth forecast to
continue through 2030 driven by leisure travel demand and the expanding mobility-as-a-service landscape. Within this environment, fleet analytics
adoption has become a competitive necessity rather than a strategic option: Guillen et al. (2019) documented that Europcar's integrated forecasting,
simulation, and optimization system improved fleet utilization by approximately 3% and revenue per rental day by approximately 2% in France,
Portugal, and Spain, a material performance differential that competitors without comparable analytics capability cannot match over time.

The deployment of Al in transportation broadly has expanded significantly, with automotive and transportation among the fastest-growing end-
use segments for Al adoption globally (Grand View Research, 2024). Within car rental operations specifically, Al applications span revenue
management, fleet repositioning, predictive maintenance, demand forecasting, and customer segmentation, representing a transformation from
transactional management to algorithmic operations management. Table 1 presents verified industry statistics establishing the scale and context of
this transformation.

Table 1. United States and Global Car Rental Industry: Key Statistics (2023 to 2025)

Source ]

Global car rental market revenue (2024)  |$90 billion USD Euromonitor (2024)
Year-on-year market growth (2024) 4.4% over 2023 Euromonitor (2024)

U.S. share of global market (2024) Approximately 40% Euromonitor (2024)

Leisure rentals share of global revenue55% Euromonitor (2024)

(2025)

Top 5 firms share of global revenue (2024) (65% Euromonitor (2024)

Online bookings share of total (2024) Over 71% Grand View Research (2024)
Global market forecast (2030) $278 billion USD at 10.5%Grand View Research (2024)

compound annual growth rate

Sources: Euromonitor (2024) World Market for Car Rental; Grand View Research (2024) Car Rental Market Analysis.

The figures in Table 1 reveal an industry characterized by high market concentration, rapid digitalization, and a shift toward analytics-driven
operations. The concentration of 65% of global revenue among five operators means that Al analytics adoption at the major operators sets the
competitive standard that all market participants must eventually match. Independent and regional operators face a reskilling challenge that is
structurally more acute than that facing large branded operators: they must develop analytics oversight capability without the internal analytics
teams, learning and development infrastructure, or proprietary platform expertise that large operators have already built.

2.2 The Human Oversight Gap as the Error Detection Problem

Research on technology adoption consistently documents a gap between system deployment and human oversight capability (Nikopoulou et al.,
2023). In the car rental context, this gap takes a specific operational form: when revenue management algorithms set prices, fleet optimization
models generate repositioning recommendations, and predictive maintenance platforms schedule service intervals without requiring meaningful
manager engagement, the manager's capacity to detect when outputs are wrong or contextually inappropriate deteriorates. Hector and Panjanathan
(2024) demonstrate that the value of predictive analytics outputs depends entirely on the analytical capability of the personnel who receive them.
The operational consequences are concrete and measurable. A revenue manager who cannot interpret a demand forecast cannot identify when the
algorithm is pricing a high-demand event window below market rate, losing revenue that cannot be recovered after the booking window closes. A
fleet coordinator who cannot evaluate a repositioning recommendation cannot identify when a model is systematically undersupplying vehicles at
a high-demand airport location while oversupplying a lower-demand location. In each case, the algorithmic error is not caused by the technology;
it is amplified by the absence of effective human oversight.

3. THEORETICAL FRAMEWORK

Two theoretical frameworks organize this analysis and together explain why effective fleet analytics oversight is both economically important and
systematically underprovided in the current United States car rental operating environment.

Human Capital Theory (Becker, 1964; Schultz, 1961) provides the foundational economic rationale for treating analytical literacy as a workforce
investment. Becker's (1964) formalization established that investments in worker capabilities generate returns to both the individual and the
employing organization. Applied to car rental operations, the theory generates a clear prediction: operators whose operations staff develop the
capability to effectively oversee Al analytics systems will generate superior operational performance, including pricing accuracy, fleet utilization,
maintenance efficiency, and customer service, compared to operators whose staff cannot govern those systems effectively. The theory also explains
why this investment is systematically underprovided: in competitive labor markets with mobile workforces, employers bear the risk that training
investment benefits a future employer. This mobility problem is particularly acute in car rental operations, where station-level roles experience
significant staff turnover.
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The Technology-Organization-Environment framework (Tornatzky and Fleischer, 1990), applied to hospitality technology adoption by
Nikopoulou et al. (2023), explains the variation in analytical oversight capability across different car rental operating contexts. The technological
dimension identifies the availability and characteristics of analytics systems and oversight tools. The organizational dimension identifies internal
capacity constraints: most car rental operators outside the five major branded chains lack dedicated analytics teams, structured training programs,
and the stable workforces that make systematic capability development viable. The environmental dimension identifies the external pressures and
incentive conditions shaping investment decisions, including competitive pressure from analytically sophisticated major operators, the absence of
regulatory mandates for analytics literacy, and margin pressure that prioritizes cost reduction over workforce development.

Together, these two frameworks explain the central pattern this paper documents: fleet analytics adoption in United States car rental operations is
generating operational oversight demands that current organizational and environmental conditions are systematically failing to meet, despite the
economic rationale for investing in the required capabilities. Figure 1 presents the conceptual framework organizing this analysis.
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Figure 1. Conceptual Framework: Fleet Analytics Adoption and Operational Error Detection in U.S. Car Rental Operations
Source: Framework developed by the author from Becker (1964); Schultz (1961); Tornatzky and Fleischer (1990); Nikopoulou et al.
(2023).

4. LITERATURE REVIEW: FLEET ANALYTICS DOMAINS AND OPERATIONAL ERROR DETECTION

4.1 Overview of Analytics Domains and Error Detection Demands

The error detection demands generated by fleet analytics adoption vary substantially across operational domains, differing by the automation level
of the Al system, the operational consequence of manager disengagement, and the specific analytical skills required to maintain effective human
oversight. Oliveira, Carravilla and Oliveira (2017), in their literature review and integrated conceptual framework for car rental fleet and revenue
management published in Omega: The International Journal of Management Science, established that the car rental fleet management problem is
characterized by distinctive operational flexibility that makes algorithmic decision support both valuable and requiring of ongoing managerial
governance. Table 2 maps the five Al analytics domains generating the most consequential error detection demands.

Table 2. Fleet Analytics Domains and Operational Error Detection Demands in U.S. Car Rental Operations

Dynamic pricing and|Machine learning algorithms|Enables revenue yield optimization|Li, Pang and Qian (2023); Oliveira, Carravilla
revenue management [analyze demand signals and eventibut requires operations managers tojand Oliveira (2017)

calendars to adjust rental rates|interpret algorithm outputs and
continuously override contextually inappropriate
pricing

Fleet utilization and|Predictive models forecast vehicle|Optimizes utilization rates but creates|Oliveira, Carravilla and Oliveira (2017);
repositioning analytics [demand at specific locations andan oversight gap when managers|Soppert et al. (2024)

generate automated repositioning|cannot evaluate whether
recommendations repositioning recommendations
reflect accurate demand signals
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Predictive maintenance
analytics

loT sensors transmit real-time
diagnostic data; machine learning

Reduces unplanned downtime but
requires maintenance supervisors to

Hector and Panjanathan (2024); Chaudhuri
and Ghosh (2024)

models predict component failuresjinterpret sensor data and prioritize

before they cause downtime alerts appropriately
Demand  forecasting|Statistical and machine learning{lmproves fleet sizing accuracy but|Li, Pang and Qian (2023); Oliveira, Carravilla
and bookingjmodels process historical booking|depends on managers understandingjand Oliveira (2017)
optimization data to forecast rental volumes byjforecast confidence intervals and

location and time window identifying when  models are

underperforming

Customer CRM platforms segment{Increases revenue per transaction butZzhang, Chen and Raghunathan (2023);
segmentation andicustomers by rental behavior andjrequires frontline staff to apply|Soppert et al. (2024)
personalization price sensitivity to generatepersonalization recommendations
analytics targeted offers and upgradejaccurately and manage data in

recommendations compliance with privacy regulations

Source: Synthesized by the author from Oliveira, Carravilla and Oliveira (2017); Li, Pang and Qian (2023); Soppert et al. (2024); Zhang,
Chen and Raghunathan (2023); Hector and Panjanathan (2024); Chaudhuri and Ghosh (2024).

4.2 Dynamic Pricing and Revenue Management

Dynamic pricing is the Al analytics domain where the gap between system capability and manager oversight capacity is most consequential and
most thoroughly documented in the peer-reviewed literature. Li, Pang and Qian (2023), publishing in Production and Operations Management,
addressed the car rental network revenue management problem directly, developing a Lagrangian relaxation approach to bid price controls that
accounts for the distinctive operational characteristics of car rental services, including varying rental lengths, the mobility of vehicle inventories
across locations, and the intertemporal and spatial correlations of rental demand. Their analysis used real-world booking data from a car rental
operator and demonstrated that optimized bid price policies outperform commonly used heuristics consistently in both in-sample and out-of-sample
horizons.

The implication for operations managers is significant: revenue management algorithms at major car rental operators are making pricing decisions
with a sophistication that their direct oversight requires specific analytical training to evaluate. Guillen et al. (2019) documented that Europcar's
revenue management system improved revenue per rental day by approximately 2%, but also required managers to understand the system's
recommendations sufficiently to support rather than undermine its operation. The manager who cannot evaluate the recommendation is also the
manager who cannot identify when it is wrong.

4.3 Fleet Repositioning and Predictive Maintenance Analytics

Fleet repositioning analytics generate error detection demands that are less visible than pricing errors but equally consequential for operational
performance. Oliveira, Carravilla and Oliveira (2017) identified fleet repositioning as one of the most challenging sub-problems in car rental fleet
management, noting that vehicle mobility across stations creates intertemporal and spatial correlations of demand that algorithmic models must
continuously re-optimize as conditions change. Soppert, Oliveira, Angeles and Steinhardt (2024), publishing in the Journal of Business Economics,
extended this analysis to combined car rental and car sharing systems, demonstrating that combined fleet utilization optimization creates new
algorithmic complexity that increases the analytical demands on operations managers responsible for overseeing the shared fleet.

Predictive maintenance represents a domain where Al analytics adoption has a direct impact on fleet availability and customer service outcomes.
Hector and Panjanathan (2024), in their review of predictive maintenance in Industry 4.0 published in PeerJ Computer Science, documented that
predictive maintenance platforms improve equipment uptime by predicting failure modes before they cause operational interruptions, but that
effective implementation requires personnel who can interpret sensor data outputs, evaluate model predictions, and make prioritization decisions
about maintenance scheduling. Chaudhuri and Ghosh (2024), studying predictive maintenance of vehicle fleets using deep learning methods
published in the Logic Journal of the IGPL, found that hybrid deep learning models significantly improve vehicle maintenance prediction accuracy
but that the value of those predictions depends on the operational staff receiving them being able to distinguish high-confidence predictions from
lower-confidence ones.

4.4 Demand Forecasting and Customer Analytics

Demand forecasting in car rental operations involves predicting rental volumes by location, vehicle class, and time window to inform fleet sizing,
vehicle procurement, and station staffing decisions. Li, Pang and Qian (2023) demonstrated that the intertemporal and spatial nature of car rental
demand makes demand forecasting substantially more complex than analogous problems in hotel revenue management or airline seat allocation.
The algorithmic models that address this complexity generate predictions at a level of technical sophistication that most operations managers are
not equipped to evaluate without specific training.

Customer segmentation and personalization analytics generate a different category of error detection demand, focused on data governance and
privacy compliance rather than operational optimization. Zhang, Chen and Raghunathan (2023), analyzing the coopetition between ride-sharing
platforms and car rental firms published in Information Systems Research, identified that data sharing and customer analytics have become critical
competitive factors in car rental operations, but that the regulatory environment governing customer data use, particularly under the General Data
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Protection Regulation and the California Consumer Privacy Act, creates significant compliance risk when operations staff lack the data governance
literacy to apply analytics outputs appropriately.

5. TOE FRAMEWORK ANALYSIS: BARRIERS TO EFFECTIVE ANALYTICAL OVERSIGHT
Table 3 maps the analytical oversight risk across the five domains, showing the automation level, the consequence of manager disengagement,
and the reskilling required to maintain effective oversight.

Table 3. Analytical Oversight Risk Assessment: U.S. Car Rental Operations Domains

Dynamic pricing

High: continuous algorithmic
rate-setting ~ with  minimal
manual input

High: pricing errors directly|
reduce revenue yield and
competitive position

Very High

Revenue management analytics|
training; dynamic pricing interpretation
skills

Fleet repositioning

High: automated repositioning

High: misallocated fleet reduces

Very High

Fleet analytics dashboard literacy;

validation before action

downtime and customer service
failures

recommendations generated atfavailability at high-demand demand forecast interpretation
network level locations and increases idle
vehicle costs
Predictive Medium-High:  sensor-drivenHigh: missed or incorrectly|High loT  sensor data interpretation;
maintenance alerts require manager|prioritized alerts result in vehicle maintenance alert triage skills

segmentation

recommendations require staff
to apply offers accurately at
point of contact

opportunities reduce revenue per|
transaction; data misuse creates
regulatory risk

Demand forecasting [High: booking optimization|High: inaccurate forecasts drive|High Forecast accuracy evaluation; statistical
systems  generate  volumelfleet over- or under-provisioning, reasoning applied to booking data
predictions with limited/directly affecting utilization and
manager input costs

Customer Medium: CRM|Medium: missed personalizationMedium CRM output interpretation; data

governance and privacy compliance

Source: Framework developed by the author from Li, Pang and Qian (2023); Oliveira, Carravilla and Oliveira (2017); Hector and
Panjanathan (2024); Chaudhuri and Ghosh (2024); Zhang, Chen and Raghunathan (2023).

Table 4 applies the Technology-Organization-Environment framework to the fleet analytics adoption and error detection problem, mapping the
enabling and constraining conditions for effective analytical oversight across the three framework dimensions.

Table 4. Technology-Organization-Environment Framework Applied to Fleet Analytics Oversight in U.S. Car Rental Operations

Technological

Fleet analytics platforms including telematics,
revenue management systems, and predictive
maintenance tools are technically available; 0T
sensor infrastructure provides real-time vehicle
diagnostic data; cloud-based analytics platforms|
reduce hardware investment barriers

Legacy fleet management systems lack analytics integration; data
fragmentation across pricing, reservation, maintenance, and customer
systems creates analytical blind spots; algorithm interpretability
limitations make it difficult for non-technical managers to understand
why recommendations are generated

Organizational

Large branded operators have established revenue
management and analytics teams; major operators
have learning and development functions capable
of deploying structured analytics training programs

High fleet turnover reduces training return on investment; most
operations managers have customer service and fleet logistics
backgrounds rather than data analysis skills; absence of dedicated
analytics specialists at branch level limits internal knowledge transfer

Environmental

Competitive pressure from analytically
sophisticated major operators creates external
incentive for analytics capability investment;

IAbsence of industry-wide analytics competency standards means
reskilling investment remains discretionary; no regulatory mandate for
operational analytics literacy in car rental management roles; price

regulatory requirements around data privacy
(GDPR, CCPA) create compliance-driven demand

for data governance literacy

competition and margin pressure reduce discretionary workforce
development investment

Source: Framework developed by the author from Tornatzky and Fleischer (1990); Nikopoulou et al. (2023); Oliveira, Carravilla and
Oliveira (2017); Soppert et al. (2024); Euromonitor (2024).
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The Technology-Organization-Environment analysis reveals that the constraining conditions for effective analytical oversight are concentrated in
the organizational and environmental dimensions rather than the technological one. The analytics platforms required to generate value are
deployed. The organizational architecture required to develop and sustain the human oversight capability that makes those platforms governable
is not. Table 5 maps the specific barriers constraining analytical oversight effectiveness.

Table 5. Barriers to Effective Fleet Analytics Oversight in U.S. Car Rental Operations

High  staff

turnover
limiting training return on
investment

Organizational

Car rental operations experience significant staff turnover at
branch and station levels; operators face the mobility|
problem identified in Human Capital Theory (Becker, 1964):
investment in staff analytical skills benefits the next]
employer when trained staff leave

Becker (1964);
Nikopoulou et al. (2023)

Data fragmentation|Technological Reservation, fleet management, maintenance, pricing, and|Nikopoulou et al. (2023);

across operational CRM systems do not share data in real time; analytically|Oliveira, Carravilla and

systems capable managers cannot apply data skills when the datalOliveira (2017)
environment is siloed

Absence  of industry|Environmental Neither industry associations nor regulatory bodies have|]AACSB (2020)

analytics standards or| established analytics competency requirements for car rental
mandates operations roles; without external mandates, analytics

training investment remains discretionary and vulnerable to

budget pressure
Algorithm Technological Revenue management and fleet optimization algorithms at|Li, Pang and Qian (2023);
interpretability major operators are often proprietary and insufficiently|Hector and Panjanathan
limitations transparent; managers cannot understand why specific|(2024)

recommendations are generated, making meaningful

oversight difficult even when relevant analytical skills are

present
Margin pressureOrganizational/Environmental (Car rental industry cost structures are characterized by high|Euromonitor (2024);
constraining training fixed costs from fleet acquisition and depreciation; marginBecker (1964)
investment pressure and price competition reduce the discretionary

capital available for workforce development programs

Source: Synthesized from Becker (1964); Schultz (1961); Tornatzky and Fleischer (1990); Nikopoulou et al. (2023); Oliveira, Carravilla
and Oliveira (2017); Euromonitor (2024); AACSB (2020).

6. A THREE-LEVEL RESKILLING FRAMEWORK FOR FLEET ANALYTICS OVERSIGHT
Based on the Technology-Organization-Environment analysis in Section 5 and the error detection demands documented in Section 4, Table 6
proposes a three-level reskilling framework for fleet analytics oversight, calibrated to car rental operations at different organizational scales and

Al deployment levels.

Table 6. Three-Level Fleet Analytics Oversight Reskilling Framework for U.S. Car Rental Operations

Level 1:

Operational
Analytics Literacy

All operations staff including
station agents, fleet coordinators,

Reading and questioning data outputs|
from fleet management systems:

Revenue manage

integrated into onboarding; fleet analytics

ment system training

fully deployed analytics systems

and branch managers regardlessjutilization ~ dashboards,  pricing{dashboard modules; telematics datal
of seniority algorithm recommendations,|interpretation workshops
booking pace reports, maintenance
alert summaries, and demand
forecasts
Level 2: Human-AlBranch managers, area managers,|ldentifying when Al{Internal coaching by revenue management
Collaboration andjand revenue managementirecommendations are contextuallyjspecialists; scenario-based simulation using
Override Skills coordinators at operators withjincorrect; overriding algorithmicllive fleet and booking data; structured case

studies
override decisions

outputs with documented operational
rationale; explaining algorithm logic
to customers and colleagues;

drawn from

real operational
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connecting signals across pricing,
fleet, and maintenance systems

Level 3: Algorithmic|Regional managers, operations|Evaluating Al system performance|Executive education programs aligned with
Governance and Datadirectors, and corporate staffjover time; identifying systematic biasAACSB (2020) standards; data governance

Ethics responsible  for Al  systemor data quality failures in automatedicertification programs; industry association
oversight across multiplefrecommendations; applying GDPR|governance frameworks
locations and CCPA data governance

principles in daily operations;
making investment and vendor|
decisions  about Al  system
deployment

Source: Framework developed by the author from Becker (1964); Schultz (1961); Tornatzky and Fleischer (1990); Li, Pang and Qian
(2023); AACSB (2020).

Level 1 establishes the non-negotiable baseline. Every operations staff member working with an Al-enabled fleet management system should be
able to read utilization dashboards, understand what a dynamic pricing recommendation means and what demand signal is driving it, evaluate a
maintenance alert for operational priority, and recognize when a forecast is producing outputs that conflict with direct operational observation.
This is not advanced data science training. It is the entry-level analytical literacy that effective oversight of deployed Al systems requires.

Level 2 builds the human-Al collaboration capability that the research on Al adoption barriers identifies as the critical gap at the branch and area
management level (Nikopoulou et al., 2023). The ability to identify when a revenue management algorithm is generating contextually inappropriate
pricing, override that recommendation with documented operational rationale, and communicate that reasoning to revenue management teams
represents the specific oversight function that Al-enabled car rental operations require of their operational managers. Without this capability, the
efficiency gains from analytics investment are partially offset by the operational errors that accumulate when algorithms are not governed
effectively.

Level 3 addresses the governance and ethics dimension that becomes operationally significant at the regional and corporate management level. As
car rental operators deploy Al systems that collect extensive customer data, generate algorithmic performance assessments of employees, and
make automated decisions affecting vehicle allocation and pricing across hundreds of thousands of transactions, the managers responsible for
overseeing those systems require the capability to evaluate whether the systems are functioning appropriately, identify systematic failures, and
ensure that data use complies with applicable privacy regulations.

7. DISCUSSION

Four findings from this systematic review carry implications for car rental operators, industry associations, and future research.

First, the operational error detection problem in car rental analytics is more acute than analogous problems in hotel or airline revenue management
because of the distinctive operational complexity of car rental services. Li, Pang and Qian (2023) established that the intertemporal and spatial
correlations of car rental demand, where vehicle mobility across stations creates dependencies that extend error consequences across the entire
rental network, make algorithmic errors in car rental operations more difficult to detect and more costly to correct than in single-location or single-
resource management contexts. A pricing algorithm error in a hotel affects one property's revenue yield. A fleet repositioning error in a car rental
network affects vehicle availability and pricing accuracy at every downstream location in the network.

Second, the human oversight gap in car rental operations has a physical safety dimension that is absent from analogous problems in hotel
management. Predictive maintenance algorithms that flag vehicle maintenance requirements are making recommendations with direct implications
for vehicle safety and customer welfare. Operations managers who cannot evaluate the urgency of predictive maintenance alerts are not simply
making operational errors; they are failing to perform the safety oversight function that responsible fleet management requires. This ethical
dimension, identified in the broader Al adoption literature by Zhang, Chen and Raghunathan (2023) and in the hospitality context by Nikopoulou
et al. (2023), is particularly consequential in car rental and mobility operations.

Third, the reskilling investment case is strengthened by the car rental industry's competitive structure. With 65% of global revenue concentrated
among five major operators (Euromonitor, 2024), the analytics capability gap between major operators and regional or independent competitors
is a direct source of competitive disadvantage that wage competition alone cannot address. Operators that develop systematic analytical oversight
capability among their operations staff will generate superior performance outcomes, including revenue yield, fleet utilization, maintenance cost,
and customer satisfaction, that compound over time relative to operators that do not.

Fourth, the mobility problem identified by Becker (1964) in Human Capital Theory creates a coordination failure that individual operators cannot
solve in isolation. When staff trained in fleet analytics oversight leave for competitors, the investing operator bears the full cost of the training
while the receiving operator captures the benefit. Industry associations including the American Car Rental Association have the institutional
capacity to address this coordination failure through group training programs, shared certification standards, and industry-wide analytics
competency frameworks that reduce per-operator training costs and create external incentives for investment.

8. CONCLUSION
This systematic review examined the relationship between fleet analytics adoption as the independent variable and operational error detection
outcomes as the dependent variable in United States car rental operations. Four conclusions stand out.

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/

Corresponding Author: Salami Abdul Mohammed Page 310|312


https://doi.org/10.65150/EP-jmrr/V2E5/2026-10
https://creativecommons.org/licenses/by/4.0/

J. Manag. Res. Rev. 02(05)2026, PP-304-312, DOI: 10.65150/EP-jmrr/V2E5/2026-10

Fleet analytics adoption in United States car rental operations is generating specific and consequential error detection demands across five domains:
dynamic pricing and revenue management, fleet repositioning analytics, predictive maintenance analytics, demand forecasting, and customer
segmentation. In each domain, this paper has documented the specific analytical competency required for effective oversight and the specific
operational failure that occurs when that competency is absent. The highest-risk domains are dynamic pricing and fleet repositioning, where
algorithmic automation levels are highest and the operational consequences of manager disengagement extend across the entire rental network.
The progressive erosion of managerial capacity to detect and correct automated errors, when analytical capability does not keep pace with Al
adoption, is the specific mechanism connecting fleet analytics deployment to negative error detection outcomes (Nikopoulou et al., 2023; Hector
and Panjanathan, 2024). This is not a technology failure; it is a human capability failure produced and amplified by the systematic underinvestment
in analytical oversight skills that current organizational and environmental conditions create.

The barriers to effective analytical oversight are organizational and environmental rather than technological. The analytics platforms are deployed.
The required human capability is not being developed at the speed or scale that effective governance of those platforms demands. High staff
turnover, data fragmentation, the absence of industry standards, algorithm interpretability limitations, and margin-driven underinvestment in
training are the specific constraints that a coordinated industry response must address.

The three-level reskilling framework proposed in this paper provides a practical, sequenced pathway from baseline fleet analytics literacy through
human-Al collaboration skills to algorithmic governance capability. Future research should empirically assess the relationship between analytical
oversight capability and operational performance metrics in car rental operations, with particular attention to the revenue yield, fleet utilization,
and maintenance cost outcomes that effective error detection is predicted to improve.
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